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Abstract: Accurate forecasting of electrical, heating, and cooling demands is crucial for the optimal
design, operation, and coordinated planning of multi-energy coupling systems. In this study, we present
a short-term multi-energy load forecasting method for integrated energy systems based on a temporal
convolutional network and multi-task learning. First, the Pearson correlation coefficient was used to
analyze the correlations among meteorological variables. Then, the maximum overlap discrete wavelet
transform (MODWT) module decomposed the input time-series data into components at different
frequency levels. These decomposed time series datasets were input into the multi-task learning model
for sparse sharing. Subsequently, the learned time series datasets of different frequencies were input
into the temporal convolutional network for temporal scale feature extraction. To improve prediction
accuracy, the improved energy valley optimizer (IEVO) was introduced to optimize the model
parameters. The feature vectors output by the optimized temporal convolutional network were then fed
into the corresponding Transformer models for adaptive weight adjustment. Finally, the MODWT
module reconstructed the predictions at different frequency levels to obtain the final multi-energy load
forecasting results.

Keywords: integrated energy systems; multi-energy load forecasting; multi-task learning; temporal
convolutional network; improved energy valley optimizer

1. Introduction

As the global intensification of the greenhouse effect, the continuous depletion of fossil fuels, and
growing ecological issues [1], the establishment of an Integrated Energy System (IES) that is clean,
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efficient, and safe, with the goal of reducing carbon emissions, has become imperative [2]. Traditional
energy systems in their singular form lead to low energy efficiency and poor dispatch flexibility [3].
In contrast, an IES can meet energy demands while boosting the efficiency of energy utilization and
reducing carbon footprints via the coordinated planning and adaptable management of multiple energy
forms, including electrical, heating, and cooling [4]. Precise prediction of multi-energy loads proves
essential to the efficient operation of IES, as it helps maintain the balance between electrical, heating,
and cooling load supply and requirement. Enhancing the accuracy of these predictions is vital for
optimizing the performance of IES [5].

Conventional methods for short-term multi-energy load forecasting fall into statistical modeling
techniques and machine learning methods. Statistical modeling methods are simple to model and
computationally efficient, performing well in handling linear data but showing limitations with
nonlinear data [6]. Therefore, although statistical models provide a basic forecasting framework, their
ability to describe the nonlinear and non-stationary characteristics of multi-energy load series is limited.
In contrast, machine learning methods such as Extreme Learning Machine (ELM) [7], Least Squares
Support Vector Machine (LSSVM) [8], and Random Forest (RF) [9] possess robustness and non-linear
fitting capabilities, making them dominant in short-term load forecasting with satisfactory results.
These methods improve the nonlinear fitting ability compared with statistical models, but their
performance depends greatly on feature selection and they are not sufficiently effective in capturing
deep temporal dependency information. However, the large-scope incorporation of renewable energy
sources and the coupled connections between multi-energy loads within IES have led to increasingly
complex and variable load fluctuations. As a subfield under the development of machine learning
systems, deep learning frameworks, with their capability to accurately model nonlinear characteristics,
has been widely applied in short-term load prediction [10]. Deep learning models mostly include Long
Short-Term Memory network (LSTM) [11], Gated Recurrent Unit (GRU) [12], and Temporal
Convolutional Network (TCN) [13]. Among them, LSTM and GRU are effective in learning sequential
information and have been widely used in load forecasting. Zhang et al. [14] proposed a bi-directional
GRU-enhanced twin support vector regression model with a seasonal mechanism for electric load
forecasting, further confirming the effectiveness of GRU-based temporal modeling in this field.
Studies on renewable-energy forecasting further support the effectiveness of deep sequential models
and hybrid temporal architectures in strongly nonlinear and weather-sensitive energy prediction tasks.
For example, Wang et al. [15] proposed a fusion model for enhanced ultra-short-term offshore wind
power forecasting, showing that decomposition-based and BiGRU-based hybrid learning can
significantly improve forecasting performance under complex offshore operating conditions. In
addition, Xu et al. [16] developed a hybrid short-term and ultra-short-term wind power forecasting
framework based on Weather Research and Forecasting (WRF), inverted Transformer (iTransformer),
and particle swarm optimization (PSO), highlighting the importance of combining meteorological
information, hybrid temporal modeling, and optimization strategies in energy forecasting.

Moreover, forecasting studies have increasingly incorporated graph neural networks, spatio-temporal
dependency modeling, and heterogeneous data fusion. For example, a short-term regional electric
vehicle (EV) charging load forecasting method based on graph attention network (GAT) and GRU with
trip distribution estimation was developed to characterize regional travel behavior and charging-demand
variations more accurately [17]. Moreover, a spatio-temporal data fusion framework based on a large
language model was proposed to enhance the prediction of EV charging demand in smart grid
management [18]. These studies illustrate the potential of graph-based learning, spatio-temporal fusion,
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and emerging LLM-enhanced frameworks for complex demand forecasting. However, these methods
mainly focus on EV charging demand rather than coordinated short-term forecasting of electricity,
heating, and cooling loads in integrated energy systems. However, recurrent models such as LSTM
and GRU may suffer from insufficient long-term information retention and relatively high
computational burden when processing long load series. TCN provides another important solution
using convolutional structures to extract temporal features more efficiently.

In reference [19], a predictive technique combining an improved TCN and a densely connected
convolutional network was proposed. TCN effectively captures local dependencies in time series using
dilated convolutions, thereby avoiding the gradient vanishing and gradient explosion problems
commonly encountered in recurrent neural networks (RNNs). However, although TCN increases the
receptive field through dilated convolution, it has limitations in handling long time series. This
indicates that TCN is suitable for local temporal feature extraction, but it is necessary to strengthen its
ability to capture global dependency relationships. The researchers in [20] proposed a predictive
method integrating Patch and Transformer, where the Transformer module captures global dependency
relationships within a sequence by leveraging its self-attention mechanism, thereby enhancing the
effectiveness of processing long time series. However, the self-attention layer in the Transformer
model requires substantial computational resources when dealing with long time series, which raises
higher hardware requirements for practical applications. Thus, Transformer is advantageous in global
feature modeling, but its computational cost limits its direct application in practical short-term
multi-energy load forecasting. The integration of TCN and a Transformer enables the simultaneous
capture of global and local time series patterns in practical applications. This approach reduces
computational complexity to some extent while improving the model’s prediction accuracy and stability.

Furthermore, due to factors such as differences in load physical characteristics, cross-energy
coupling characteristics, and diverse user energy consumption patterns, multi-energy loads exhibit
evident randomness and volatility [21]. To enhance the overall prediction accuracy, signal decomposition
algorithms have gradually been applied in this field. For instance, the researchers in [22] utilized wavelet
packet transform to carry out the decomposition of the load into parts with different frequency bands,
calculated the cross-correlation coefficients of each part, and input the similar ones into the same neural
network. This method verifies that frequency-domain decomposition can lower the complexity of the
raw series, but the interaction among frequency components is not fully considered. In addition,
Fan et al. [23] proposed a hybrid deep learning model for short-term power load forecasting based on
feature extraction and statistical techniques, further demonstrating that extracting informative features
from complex load sequences can effectively improve forecasting performance. In reference [24], a
hybrid modal decomposition technique was proposed, which utilizes secondary modal decomposition
for reducing the nonlinearity in the original load series, thus enhancing the forecasting precision of the
model. Although modal decomposition can further weaken the non-stationarity of load data, it still
mainly focuses on single-series preprocessing and does not sufficiently explore the coupling
information among multiple energy loads. However, this signal decomposition method fails to deeply
explore the intrinsic patterns of the original load data and reduce irrelevant features, hindering the
achievement of required prediction accuracy in practical applications. Therefore, decomposition
methods need to be combined with an effective multi-load learning framework so that multi-frequency
characteristics and cross-energy coupling information can be fully utilized.

To improve the prediction accuracy of multi-energy load forecasting, it is necessary to examine
the correlations among loads. In addition to the intrinsic characteristics of multi-energy loads, the
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energy conversion and transmission processes among these loads involve complex dynamic temporal
correlations. Conventional load forecasting methods typically have a single load type focus, such as
electrical [25], heating [26], or cooling [27]. However, these methods often fail to fully utilize the
coupling characteristics between loads, neglecting correlations, which can easily reduce forecasting
accuracy [28]. This shows that single-task forecasting models are difficult to meet the demand of IES
multi-energy cooperative operation. To address this issue, the researchers in [29] explored multi-energy
coupling information by using the product of electrical, cooling, and heating matrices as the coupling
feature matrix. This method explicitly introduces coupling features, but the coupling representation is
relatively fixed and may not adaptively reflect the dynamic differences among load types. Moreover,
Multi-Task Learning (MTL) has shown significant effectiveness in solving this problem. In
reference [30], a joint prediction model of electrical, heating, and cooling loads was constructed from
MTL and LSSVM using the weight-sharing mechanism in MTL. This work proves the feasibility of
shared learning among multiple load forecasting tasks, but the traditional LSSVM structure limits deep
temporal feature extraction. In reference [31], MTL was applied with the LSTM model serving as a
shared layer to efficiently acquire and learn information from different tasks. This method improves
the ability of MTL to learn sequential information, but the hard-sharing structure may ignore the
individual differences among electrical, heating, and cooling loads. However, relevant studies have
indicated that these methods suffer from low computational efficiency, learning information only from
inputs at previous time points, and long spans that forget early-learned content. Additionally, when the
strength of coupling among multi-energy loads is weak, the forecasting model struggles to consider
differences in coupling strength, affecting prediction accuracy. Therefore, an improved MTL structure
is required to balance shared information and task-specific information more effectively.

To mitigate the impact of model parameter changes on prediction accuracy, some researchers have
employed random search algorithms to optimize model parameters [32]. However, random search
algorithms are prone to local optima, affecting prediction accuracy. The Energy Valley Optimizer (EVO)
algorithm simulates the movement of unstable particles in the universe and offers advantages such as
fast convergence speed, not needing special parameters, and resistance to local optima. It has been
applied in problems such as photovoltaic system maximum power point tracking [33] and
thermoelectric generator system reconstruction [34], achieving remarkable success. These applications
demonstrate the optimization potential of EVO in energy-related problems. However, research on its
application in prediction model parameter optimization remains limited. Therefore, introducing an
improved EVO into the parameter optimization of deep forecasting models may further improve
forecasting accuracy and model stability.

According to the foregoing analytical results, in this article, we construct a short-period
multi-energy demand forecasting model for an IES, denoted MODWT-MTL-IETCNT, which
integrates MODWT, MTL, the improved energy valley optimizer (IEVO), a TCN, and a
Transformer-based attention mechanism. The core innovation of this study resides not in any single
standalone module, but in the coordinated integration of these components into a unified forecasting
pipeline for electricity, heating, and cooling loads in an IES. Compared with other studies, the proposed
framework is designed to address several remaining challenges: A single model often cannot
simultaneously capture local details and global dependencies; decomposition-based methods may fail
to sufficiently exploit multi-frequency coupling information; existing MTL methods often have
difficulty balancing shared representations and task-specific characteristics; and inappropriate
parameter settings may significantly affect forecasting accuracy. First, the Pearson correlation
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coefficient is used to analyze the relationships between multi-energy load data and meteorological data,
and the meteorological factors that significantly affect multi-energy loads are selected as model inputs.
Next, the MODWT decomposes the input time-series data into components at different frequency
levels, which are input into the MTL model for sparse sharing. In this way, the proposed framework
can reduce the non-stationarity of the original load series while preserving useful multi-frequency
information. Then, the frequency-divided time-series components output by MTL are input into the
TCN for temporal feature extraction, where the TCN module is mainly used to efficiently capture local
temporal patterns. To reduce the impact of deep learning model parameters on prediction accuracy,
IEVO is employed to optimize the key model hyperparameters. The feature vectors extracted by the
TCN are then fed into the corresponding Transformer modules to adaptively adjust feature weights.
The Transformer module further captures global dependency relationships and enhances the
representation of long-term temporal information. Finally, MODWT is used to reconstruct the forecast
data at different frequency levels, yielding the final multi-energy load forecasting results. A simulation
study is carried out using IES data from Arizona State University. Experimental findings indicate that
the designed framework significantly boosts the precision of short-term multi-energy load forecasting
and outperforms the benchmark models in terms of generalization capability. The core innovation of
this work resides not in any single standalone module, but in the coordinated integration of these
components into a unified forecasting pipeline for electricity, heating, and cooling loads in an IES.

2. Principles and methods

Using MODWT on multi-energy load time series makes it easier to identify and select features
highly correlated with the multi-energy load sequences [35], thereby reducing irrelevant and redundant
features. Additionally, the IEVO is utilized to regulate the internal parameters of the TCN-Transformer
network, leading to an improvement in the stability of the model’s output and its generalization
capability [36]. Analyzing the coupling relationships among electrical, heating, and cooling types of
loads enables more accurate forecasting related to future energy load demands, which supports
operation and scheduling of IES. The principles of MODWT, IEVO, and the analysis of multi-energy
load interactive relationships are introduced as follows.

2.1. MODWT algorithm

The MODWT algorithm represents an improved version of the Discrete Wavelet Transform (DWT).
DWT obtains approximation coefficients and detail coefficients through a low-pass filter £(/) and a
high-pass filter A(/), respectively. At each decomposition level, only the low-frequency component of
the original sequence is further decomposed. The calculation of the decomposition coefficients is
formulated as follows:

S, (k)= ¢S, ,(2k~1)k=0,--,N, -1 (1)
T (k)= inl“h(l)ijl(Zk—l),k =0, N, —1 )

where S;(k) represents the coarse approximation coefficients at the j, level; 7;(k) denotes the
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detail coefficients at the J, level; /=0.---.L-1 L is the filter length; and N, is the length of the

original sequence.

DWT requires a high level of stationarity for multi-energy load data sequences, and its boundary
effects can cause distortion near the edges of these sequences. The MODWT algorithm’s
approximation and detail coefficients possess translation invariance, are highly redundant, and
non-orthogonal, with no specific restrictions on sequence length, enabling more effective capture of
the local features associated with multi-energy load data sequences. The computation of MODWT
decomposition coefficients is formulated as follows:

L-1

Si(k)=> g’ (S (k—Imod N),k =0,--,N, -1 (3)
1=0
L-1

T, (k)= W(1)S,(k—Imod N),k=0,--,N, -1 4)
1=0

where S;(k) stands for the coarse approximation coefficients at the j, scale; 7;(k) indicates the detail
components at the Jj, decomposition scale; g'()=g()/~2 is the low-pass filter of the MODWT;
W(1)=h(l)/N2 is the high-pass filter of the MODWT; and mod denotes the modulo operation.

2.2. IEVO algorithm

Since the internal parameters of deep learning models significantly impact prediction accuracy,
we utilize the IEVO algorithm for optimizing the internal parameters of the TCNT network. This
approach rapidly finds the optimal parameter values for predicting electricity, heating, and cooling
load data. IEVO is an algorithm that improves upon the pinhole imaging theory, simulating the
movement of unstable corpuscles in cosmic space as they move in the direction of the stable domain
or an energy trough through @ -decay, # -decay, 7 -decay, electron capture event, or positron
emission effect.

The sequence of steps involved in the algorithm’s operation is as follows:

Step 1: Randomly initialize the particle swarm W . Use the pinhole imaging theory to generate
the improved corresponding point positions #'. Compare the fitness £ (W) of the positional
information of both particle individuals, and select 7 particles with better fitness to form the final
initial population, and set the maximum iteration limit to Z7,,, .

W] wowE o W Wld_
W, Wzl W22 sz Wzd
Wl Ele we (5)
. w owE W W
Wl.j':((K+1)(Ubu+Lbl.t/.)—2Wbest,.j')/2K (6)

The pinhole imaging initialization strategy is adopted to generate opposite candidate solutions,
thereby enhancing the diversity of the initial population and improving the global exploration
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capability of IEVO in the early optimization stage.
F(W)=1-max(Y -Y) (7)

where W, represents the i, particle; W/ denotes the positional information of the i, particle in
the j, dimensional axis, i<[Ln], je[ld]; K is the virtual candle length ratio coefficient; Whest/
is the position of the most stable particle currently; W, is the corresponding point position in the
pinhole imaging theory; and U, ;.L,, are the dynamic boundaries of the i, particle in the J,

. . * 2 . . .
dimension. max (Y —Y) represents the maximum mean square error of the model’s electricity,

heating, and cooling load outputs; Y’ represents actual electrical, heating, and cooling loads data; and
Y represents predicted electrical, heating, and cooling loads data.

Step 2: Evaluate the fitness function score f(w) of the particle, serving as the corpuscle’s
neutron enrichment degree NEL . Then, compute the particle’s enrichment boundary EB and
determine the particle’s stability level SL .

fw)= 1/ U v, i, (8)
iNEL.
EB = il ! (9)
n
NEL. — BS
Vi Mt
" WS-BS (10)

where 7, represents the 7, predicted data; », represents the n, actual data; N represents the
number of samples; NEL, serving as the i, particle's neutron enrichment index; f(w), represents
the fitness scores for the i, particle; SL indicates the i, particle’s stability level; and #S and
BS represent the fitness function values of the least stable and most stable particles, respectively.

Step 3: When NEL >EB, a random number [0.1] is adopted as the stability boundary SB of
the particle swarm. When SL, >SB | the following equation is used to update the positions of the
particles after ¢ -decay and 7 -decay.

Newl — J i:1!23"'3g
¢ W;(WBS (W' ))’{jzAlphalndexH (11)
New2 __ j i:1,2,...,g
W i(WNG (Wl ))’{szammalndexH (12)
i=1,2,n
d :J("Z"“f*(“‘yl)z’{a:l - (13)

where W' denotes for the i, corpuscle’s new position after undergoing @ -decay; W, denotes
the most stable corpuscle; D/ stands for the separation distance between the i, particulate and its
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adjacent @, particulate; (x,») and (%) indicate the particle unit’s positional coordinates
within the search space; W,"? indicates the i, particle unit’s position after undergoing 7 -decay;
and W,; denotes the positional vector corresponding to the adjacent corpuscle of the i, corpuscle,
determined by D;'.

Step 4: When SL, <SB, the following equation is used to update the position after /# -decay. In

£ -decay, more unstable particles are generated, which emit # -rays and jump significantly in space.

Wep =3I, Jn (14)

el _ (”1 XWys =1, XWCP)
= - (15)
WiNewz :M/i-i_(}/'}XWBS_QXWNG) (16)

where W, represents the corpuscle center; and W, represents the updated position of the i,
corpuscle following Z# -decay, where the corpuscle moves towards Wy and W, in a controlled
manner. 4 and 7, are random scalars within the interval [0.1]. To better simulate the particle
motion in the IEVO algorithm, an additional position update mechanism is deployed for particulates
undergoing /4 -decay. At this point, the revised position of the i, corpuscle following # -decay is
w?  This corpuscle travels in a controlled manner toward Ws and W,;, and SL does not affect
the movement process, with 75 and 7, being random scalars within the interval [0.1].

Step 5: When NEL <EB | the following equation is utilized to revise the particle’s new position

after shifting toward the stability zone through electron capture or positron emission.
Wi =W, +r (17)

where W' represents the new position of the i, particle after electron capture or positron emission;
rel0,1],

Step 6: Compute the fitness value and refresh the current particle’s position.

Step 7: Check whether the preset accuracy condition is satisfied. If it is satisfied, exit and output
the result W, ; otherwise, repeat Steps 2 to 6 until the preset accuracy is attained or the maximum
iteration count is reached.

The flowchart of the IEVO algorithm for optimizing the internal parameters of the TCNT network
is shown in Figure 1.
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Figure 1. Flowchart of IEVO optimizing the TCNT network.
2.3. Analysis of multi-energy load coupling relationships

Traditional IES research typically focuses on a single form of load, often overlooking the coupling
relationships among load types. However, modern IESs are gradually evolving into systems centered
around the power subsystem. Utilizing various information technologies, these systems achieve
horizontal “multi-source complementarity” of electrical, heating, and cooling, as well as vertical
“source-grid-load-storage” coordination across all stages to maintain regional energy balance. They
satisfy the diverse electrical, heating, and cooling load requirements on the terminal demand side,
embodying interconnectedness and independence among each energy form. The specific energy flow
relationships are presented in Figure 2.

Figure 2 explores the intrinsic coupling relationships among electrical, heating, and cooling
loads. The electrical subsystem includes the external power grid, combined cooling, heating, and
power (CCHP) units, photovoltaic (PV) systems, wind turbines (WTs), and energy storage. The heating
subsystem consists of gas turbines, CCHP units, gas boilers, thermal storage devices, and electric
heating devices. The cooling subsystem comprises electric cooling devices, CCHP units, absorption
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chillers, and cool storage devices. Based on the interactive relationships among the electrical, heating,
and cooling subsystems, the multi-energy coupling relationships are detailed and clarified, as shown
in Table 1.

Power Grids

Gas
Market

— clectricity —— Cooling ———  Heat ——

Figure 2. Energy flow relationship diagram of the integrated energy system.

Table 1. Coupling relationships of multiple energy types in the integrated energy system.

Output to
Energy subsystem Energy input devices Electrical Thermal Cooling
subsystem subsystem subsystem
. . Energy storage Electric heating Electric cooling
Electrical subsystem External grid, WT, PV . . )
devices devices devices
Thermal storage Absorption
Thermal subsystem External heating network CCHP Devices, Heat chillers cooling
exchangers subsystem
. Energy storage
Cooling subsystem CCHP / /

devices

3. Multi-energy load forecasting model

The TCN model, optimized by IEVO, enhances its capability to process time series data and
overcomes the gradient vanishing or exploding problems commonly encountered in traditional neural
networks, thereby improving prediction accuracy. Integrating TCN with the Transformer attention
mechanism enables the adaptive adjustment of feature weights, providing strong global learning
capabilities and better extraction of globally relevant temporal features. Combining the MTL with the
improved energy valley optimizer—temporal convolutional network—Transformer (IETCNT) model
fully exploits the complex coupling information in the multi-energy conversion of IES. This integration
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strengthens the impact of multi-energy load sequences with high correlation on the prediction results
while reducing the influence of those with lower correlation. Consequently, it more effectively
extracts features related to temporal information in multi-energy load sequences, thereby improving
prediction accuracy.

3.1. MTL model

When using single-task learning for multi-energy load forecasting, multiple independent neural
networks need to be established. Since the training processes are independent of each other, the model
cannot fully account for the coupling characteristics among the loads [37]. In this paper, MTL is
adopted to retrieve the coupling information among multi-energy loads that is difficult to capture using
traditional methods through the sharing of underlying features [38]. It helps enhance the accuracy of
each individual task.

Within the MTL, the correlation between tasks is leveraged through joint training of various tasks
to improve the performance of each individual task. For this purpose, M target tasks and N data
samples are constructed according to different load types, serving as the training dataset, denoted as
Xy vyl v =1,2,--,N) ,)me M  Here, ' represents the label of the i, datainthe m, task.
The MTL functional mapping is formulated as /" (x;6",0"):x — )", where 6" denotes the global
shared parameters for load forecasting tasks, and ¢ denotes the task-specific parameters. The
comprehensive optimization function of MTL is as follows:

. 2 U (30",0M), 57 (18)

m 95’/1’ em
¢"( I

min Zlewmgm ©",0m (19)

where @” represents the task weight parameters, and £"(0",0") denotes the loss function.

The information embedded in different tasks in a task learning process can be viewed as distinct
tasks in MTL. To achieve a balance between the relevance and constraints between tasks, it is essential
to simultaneously take into account the optimization goals of each task while aiming for improved
learning results. However, tasks that are related do not imply similarity between the tasks; rather, they
share common expressions that create interconnections among them.

The sharing mechanisms of MTL are divided into rigid and flexible sharing. Among them, the
rigid sharing approach requires all subtasks use a unified feature-sharing layer and maintain
consistency in feature parameters. This method is suitable for situations where there is a strong
correlation between tasks, as it ensures consistent information transfer between tasks. Moreover, soft
sharing provides greater flexibility, enabling each subtask to be equipped with different feature
parameters based on its needs. However, this variability requires regularization techniques to
coordinate effective information sharing among subtasks.

To better predict the close and complex coupling information among multi-energy loads, we apply
a sparsity-sharing mechanism that integrates the advantages of both sharing methods. This mechanism
can adapt to weak correlations between tasks and is suitable for situations with strong correlations. By
employing the sparse-sharing MTL method, more accurately and efficiently multi-energy load
forecasting can be achieved.
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Sparsity sharing starts with an over-parameterized base network ¥ . To handle multiple tasks, a
subnetwork " is assigned to task 7. A binary mask matrix 0, is used to select a subnetwork for

each task from the base network. Let ¢, {O,I}W represent the mask for task 7, then the parameters
of the subnetwork connected to task 7 are ¢, ©6,  where O represent element-by-element

multiplication. Thus, each task has a unique representation: ¥" (x)= W(x;f n© 9(,,) .

3.2. TCN model

The TCN serves as a variant of conventional Convolutional Neural Network (CNN) [39]. TCN
primarily consists of multiple residual modules, each with residual connections. Each residual module
is made up of several causal dilated convolution layers [40]. Causal dilated convolution empowers the
network to tune the scope of historical contextual information, thereby fully analyzing the
characteristics of load data. For the convolution kernel f:(fy,f,-»/f;)) and the input
X ={x,x,,...x,} | the causal expansion convolution formula is as follows:

h-1
F(s)= Z(:)f, *Xg_(dei) (20)

where F(s) denotes the expansion convolution of the § vector in the input X; & the dimension
of the convolutional kernel; f; isthe i, convolutional kernel vector; & stands for the dilation rate;
and *,_,., indicates the s, element and the historical data preceding 5.

The residual module effectively addresses the performance degradation problem in deep learning
networks caused by an increasing number of layers. In the residual module, the Parametric
ReLU (PReLU) activation function layer is used. This overcomes the limitation of the traditional ReLU
activation function, which can solve the “vanishing gradient” problem but may cause the input to
always be negative if the bias term changes too little. In such cases, the values in the negative interval
become zero during backpropagation, potentially leading to non-updating neuron parameters. The
formula for Prelu is as follows:

x,x>0

ox,x<0

Prelu(x)={ 1)

Parameter ¢ is designed for autonomous learning specific to different tasks and is not assigned
a fixed value.

The structure of causal expansion convolution is shown in Figure 3. The white circles represent
zero-padding, which ensures that the input and output sequences have the same length. As shown in
the figure, the output value y; at time step 7 is obtained by performing convolution operations
using the historical values of x; up to the I, time step.
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Figure 3. The structure of causally inflated convolutions.
3.3. Transformer model

The TCN-Transformer model adopts the multi-head self-attention module from the Transformer [41]
to effectively capture the key information in multi-energy load sequences. By adjusting feature weights,
this mechanism optimizes information extraction, reduces resource consumption, and improves
prediction performance. It supports direct information exchange at any point in the sequence,
enhancing the model’s global learning capability, which is crucial for extracting global temporal
features. Thus, we combine it with the TCN model to enhance the model prediction accuracy.

The Transformer’s multi-head self-attention mechanism can analyze different input features from
multiple perspectives, enabling the extraction and selection of important input data. The process is
represented by the following formula:

[0 k V]=H[W, W, W,] (22)

where € denotes the query matrix; K denotes the key matrix; ¥ denotes the value matrix; H is
the temporal feature matrix output by the TCN model; and Wy- Wi~ W, are the corresponding

learnable weight matrices for €,K,and ¥, used to calculate the correlation between the data.
Next, after performing z, iterations of learning on € ,K, and ¥ , the attention values are

calculated. The softmax function is then used to normalize the attention values, completing the
calculation of the temporal feature correlation attention values Head, . The following formula

represents the process:

. oK’
Attention (Q, K,V') = softmax( W
( ) N (23)

Head, = Attention(QW,, KW, VW)
where K" is the transpose of K ; and di is the dimension of the K matrix. Head, represents the

attention value of the i, head; W, W'~ W, are the learnable weight matrices corresponding to 2,
K,and V inthe i, attention head.
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Finally, the Contact function is used to concatenate the attention values of all heads to obtain the
end result produced by the Transformer. The calculation formula is given below:

MultiHead(Q, K, V') = Contact(Head, ,- -, Head )W, (24)

where W, isthe weight matrix used to concatenate all single-head attention values Head, .
It is well known that the standard self-attention mechanism in the Transformer exhibits quadratic
computational complexity with respect to the input sequence length, i.e., O (L2 ) , which may become

computationally expensive when directly applied to long time-series forecasting tasks. However, in
the proposed MODWT-MTL-IETCNT framework, the Transformer module is not applied to raw
high-resolution input sequences. Instead, the TCN is first employed to extract local and multi-scale
temporal representations from the original load series. This operation effectively transforms the input
into a compact feature representation with reduced temporal redundancy. As a result, the subsequent
Transformer module operates on a compressed feature space rather than the original long sequence,
thereby significantly reducing the effective sequence length involved in the self-attention computation.
In this way, the quadratic complexity of self-attention is mitigated in practice, since the computational
cost becomes dependent on the reduced feature sequence length rather than the raw input length.
Therefore, the overall computational efficiency of the proposed architecture is improved through
hierarchical feature extraction rather than modification of the Transformer structure.

It is also worth noting that similar hybrid modeling strategies combining convolution-based
temporal feature extraction with attention mechanisms have been widely adopted in recent time-series
forecasting studies. These works generally demonstrate that convolutional or TCN-based front-end
feature compression, followed by attention-based global dependency modeling, can achieve a
favorable trade-off between forecasting accuracy and computational efficiency. Accordingly, the
efficiency advantage claimed in this study is consistent with the literature and is primarily attributed
to the reduction of effective sequence length before self-attention modeling, rather than a reduction in
the intrinsic complexity of the Transformer. It should be emphasized that our focus of this study is not
to redesign the Transformer complexity, but to improve its practical efficiency through architectural-level
sequence compression and feature refinement. Therefore, the efficiency improvement is discussed
from a structural and representation-learning perspective rather than through direct benchmarking of
computational cost.

3.4. Combined forecasting model

The prediction flowchart of MODWT-MTL-IETCNT is shown in Figure 4.

The proposed model, MODWT-MTL-IETCNT, consists of two major stages.

In the data preprocessing stage, the Pearson correlation coefficient is first applied to optimize the
interrelation metrics of multi-energy load data along with meteorological datasets, and meteorological
parameters, which have a greater ramification on the multi-energy load, were segregated out as inputs
to the model. Then, the original multi-energy load sequences and the meteorological factor sequences,
filtered by Pearson correlation analysis, are decomposed into different frequency time series datasets
using MODWT. The correlation among these frequency datasets is then analyzed.
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Figure 4. Flowchart of the MODWT-MTL-IETCNT forecasting model.

In the forecasting stage, the decomposed time series datasets are fed into the MTL for sparse
sharing. The different frequency time series datasets output by the MTL are then input into the IETCN
for temporal scale feature extraction. Subsequently, the feature vectors output by the IETCN are fed
into their corresponding Transformer models to adaptively adjust the feature weights. Finally, the
different frequency prediction data are reconstructed using MODWT to obtain the final predictions for
electricity, heating, and cooling loads.

The overall framework of the proposed MODWT-MTL-IETCNT model is shown in Figure 5,
which illustrates the complete forecasting process from input data to final multi-energy load prediction.

The MODWT-MTL-IETCNT model comprises an input module, an MODWT decomposition
module, a multi-task sharing module, an IETCNT module, an MODWT reconstruction module, and
an output module. Historical multi-energy load data for electricity, heating, and cooling, along with
factors highly correlated with the load, are decomposed into different frequencies using the MODWT
algorithm and then used as input data for the multi-task sharing module.

The multi-task sharing module uses the sparsity sharing mechanism to acquire the intercoupling
information among loads and output to the IETCNT layer. The IETCNT layer extracts and adjusts the
weights of the multi-energy load sequence timing features to achieve prediction.

Finally, the MODWT reconstruction layer combines the prediction data of different frequencies
to produce the final forecast results. The output module outputs the predicted values of the target load.
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Figure 5. Overall framework of the proposed MODWT-MTL-IETCNT model with IEVO-
based hyperparameter optimization.

3.5. Evaluation metrics
To better validate the predictive performance of forecasting models, we use Epye, Eyue, and

E,.r: to analyze the prediction errors of the model. Smaller values of these evaluation metrics signify
lower prediction errors and better model performance. The computational formulas are as follows:

ERMSE (25)
Eyre =— 317, -3, | 26
wae = 2 I = (26)
1 ¥y —y.
%m——;ﬁ;&um% (27)
=)y

where N indicates the total number of predicted data; », indicates the real value of the i,
multi-energy load data; and 7, indicates the predicted result of the i, multi-energy load data. It
should be noted that the above metrics are designed for deterministic point forecasting. Therefore, we
mainly evaluate the point-prediction accuracy of the proposed model, rather than the uncertainty of
future load trajectories. Although deterministic forecasting is useful for assessing model precision, it
cannot directly provide confidence information for risk-aware operation and scheduling in IES.
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4. Case study
4.1. Experimental data and platform

In this study, the measured load data of the IES at Arizona State University’s Tempe campus in
the United States is used [42]. The system is a campus-type IES containing mostly electrical, heating,
and cooling loads, with units of kilowatts (kW), tons of cooling (Ton), and million British thermal
units per hour (MMBtu-h™), respectively. The integrated energy load data from January 1, 2022 to
December 31, 2022 are selected with a temporal resolution of 1 h. Additionally, meteorological data
corresponding to this period in the region is collected [43]. The collected meteorological variables
include greenhouse gas emissions, dew point, wind speed, rainfall, surface reflectance, humidity, wind
direction, temperature, and air pressure, with 8,760 data points for each variable.

To validate the generalization performance of the proposed forecasting model, the dataset is
split into training, validation, and test sets in a 7:2:1 ratio. The experiments are completed based on
an Intel (R) i5-1135G7 CPU @ 2.40GHz, GTX 1660Ti, and 16 GB RAM platform.

4.2. Data preprocessing

The input feature set is a crucial component of the multi-energy load forecasting model, as it
directly affects the model’s prediction performance. Therefore, the input feature set should include
historical load data and cover sufficient influencing factors. In this study, calendar information is
included to distinguish rest days and working days. Rest days mostly include national holidays and
weekends, with weekends defined as Saturdays and Sundays. All remaining days are regarded as
working days. Additionally, local meteorological factors are incorporated into the model’s input.
However, incorporating too many meteorological factors can lead to information redundancy and a
decrease in model accuracy. Therefore, before model training, the Pearson correlation coefficient is
adopted to select the meteorological factors and integrated energy load, selecting those meteorological
factors that significantly impact multi-energy load, with the correlation levels shown in Figure 6.

Figure 6 shows a strong positive correlation of 0.92 between electrical and cooling loads, while
the correlations between electrical and heating loads and between cooling and heating loads are —0.69
and —0.72, respectively, indicating strong negative correlations. Therefore, incorporating multi-energy
load data simultaneously as inputs to the forecasting model enables it to fully learn the intercoupling
characteristics among electrical, cooling load, and heating load.

Additionally, consider meteorological factors with correlation indices exceeding 0.3 in terms of
absolute value as major influences and are also included as input features to assist in prediction. From
Figure 6, the selected primary meteorological factors are greenhouse gas emissions, dew point, surface
reflectance, rainfall, temperature, and air pressure.
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Figure 6. Correlation between multi-energy loads and meteorological factors.

Since the different magnitudes of each type of data can adversely affect the model’s predictions,
the multi-category multi-energy load data and meteorological factors are normalized utilizing the
subsequent formula:

- x, —min(x)

' max() - min(x) 29
where x, is the sample value; min(x) is the minimum sample value; max(x) is the maximum
sample value; and X, is the sample value after normalization.

Due to the potential noise generated by the equipment during the data gathering process, to further
improve the completeness of the dataset, filtering is required. For multi-energy loads, due to their poor
stationarity and nonlinear characteristics, we select the MODWT for further processing.

Using MODWT to process multi-energy load time series can address the randomness and
volatility in the original data. It enables in-depth exploration of the intrinsic patterns of the load data
while reducing irrelevant features, thus facilitating the extraction of the primary traits of the original
data. Figure 7 shows the time series decomposition of electrical, heating, and cooling loads using
MODWT, together with the results of their spectral analysis. The figure presents seven decomposition
levels and the corresponding spectral analysis results for multi-energy loads.
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It is evident that Levels 1 to 4 are relatively dense, exhibiting high frequency and randomness,
which reveal the short-term undulations and abrupt variations in the multi-energy load profile. Then
again, the randomness and volatility of Levels 5 to 7 decrease, reflecting the periodic patterns of the
electrical, heating, and cooling loads. The residuals gradually stabilize, indicating the long-term
variation trends of the multi-energy loads. MODWT decomposition provides time-frequency
characteristics, aiding in the understanding of the dynamic features of load variations across time scales.

MODWT Decomposition of Electrical load Spectrum Analysis of Electrical load MODWT Coefficients

30 — Levell
— Level 2
500 — Level3
— Level 4
250 — Level 5
— Level b
200 Level 7

Coefficients
Amplitude

o]  elhadddeiinlicoen sensmammaten hamast o

0 100 200 300 400 500 600 0 50 100 150 200 250 300
Time(h) Frequency(Hz)

MODWT Decompaosition of Cooling load Spectrum Analysis of Cooling load MODWT Coefficients

— Levell
200 — Level 2
— level 3
— Level 4
150 — Level 5
— Level &

Level 7

Amplitude
]
2

as

Coefficients

00

o m@&mmmm.w.hm__ ettt
-0.5
0 100 200 300 400 500 600 0 50 100 150 200 250 300
Time(h) Frequency(Hz)
MODWT Decomposition of Heating load Spectrum Analysis of Heating load MODWT Coefficients
— Levell
150 200 Level 2
— Level 3
L2 —— Level 4
1.00 150 — Level 5
“ v — Level 6
i o7s E Level 7
5 S 100
5 0.50 gE(
0.25
50
0.00
~0.25 M .
o - T P PR e

0 100 200 300 400 500 600 0 50 100 150 200 250 300
Time(h) Frequency(Hz)

Figure 7. Time series decomposition and spectral analysis of electricity, cooling, and
heating loads using MODWT.

In the spectral analysis, the primary frequency of noise is high, while the primary frequency of
the signal is low. The spectral center of the dominant noise components is far from zero, while that of
the dominant signal components is close to zero. The coefficient components are judged based on the
deviation of the spectral center. The spectral information of different coefficient components varies
significantly. As the decomposition level increases, the spectral peak gradually shifts to the left until it
reaches the zero axis.

4.3. Model hyperparameter settings
Within this research, the IEVO algorithm serves to train the model. The training configurations

include a batch size of 32, the Adam optimizer as the optimization method, a Mean Squared Error (MSE)
loss function, and 50 training iterations. The objective of IEVO is to minimize the validation MSE by
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automatically searching for the optimal hyperparameter combination. The decision variables optimized
by IEVO include the number of decomposition layers, the number of sharing layers, the number of
convolutional layers, the number of convolutional kernels, the convolution kernel size, and the number
of attention heads. The starting step size parameter is initialized with a value of 0.001, and it is adjusted
to 75% of the current learning rate whenever the MSE for the validation set does not decline for two
successive epochs. The random seed is fixed at 42. The hyperparameters of MODWT-MTL-IETCNT
are shown in Table 2.

Table 2. Hyperparameter settings of the model.

Model Parameter Value Description
LSTM Hidden layers 2 Controls network depth and nonlinear representation ability
Hidden neurons 64 Determines feature learning capacity
Convolution layers 2 Controls temporal feature extraction depth
TCN Convolution kernels 64 Determines the number of extracted feature maps
Kernel size 3 Controls local receptive field
MODWT-MTL-IETCNT  Decomposition layers 3 Controls multi-scale frequency decomposition
Sharing layers 3 Balances shared and task-specific learning
MODWT-MTL-IETCNT . .
Attention heads 4 Captures multiple temporal dependency patterns

The hyperparameters listed in Table 2 are determined through preliminary experiments and
validation-based tuning to balance forecasting accuracy, model complexity, and computational
efficiency. Specifically, the number of hidden layers and neurons controls the representation capability
of the LSTM model, while the number of convolutional layers, convolutional kernels, and kernel size
determine the receptive field and local temporal feature extraction ability of the TCN. The number of
decomposition layers in MODWT controls the granularity of multi-frequency information extraction,
whereas the number of sharing layers in MTL balances shared feature learning and task-specific
representation among electricity, heating, and cooling loads. The number of attention heads determines
the ability of the Transformer module to capture multiple dependency patterns simultaneously. During
optimization, IEVO searches these hyperparameters within predefined candidate ranges and selects
the optimal combination according to the minimum validation loss, thereby improving forecasting
accuracy and model stability.

4.4. Comparison results and discussion

To confirm the superiority and generalization of our proposed model MODWT-MTL-IETCNT
and to simultaneously consider the differences in load patterns between working days and rest days,
November 18, 2022 is selected as a typical rest day, and November 23, 2022 as a typical working day
for predictive analysis. The models MTL-IETCNT, MODWT-IETCNT, LSTM, TCN, and the
proposed model are constructed for comparative analysis under the same experimental environment.

The evaluation metrics and prediction curves for each model on the typical rest day are shown in
Table 3 and Figure 8, respectively. An analysis of the comparisons for the prediction errors among all
models is presented in Figure 9. To facilitate the examination of the predictive performance of the
presented model and the comparison models, each prediction curve graph displays the hourly
predictions for the next day.
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Figure 8. IES load forecasting results for typical rest days. (a) Electrical load, (b) Heat

Cooling load (Ton)
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Figure 9. Comparison of prediction error results of different models on typical rest days.
(a) Electrical load, (b) Heat load, and (c) Cooling load.
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Table 3. Evaluation metrics of each model on the rest day.

Electric load/kW Heating load/MMBtu-h'! Cooling load/Ton

Model

ERMSE E]V[AE EMAPE ERMSE EMAE EMAPE ERMSE EMAE EMAPE
MODWT-MTL-

75737  676.00  3.51% 0.13 0.11 3.56% 397.73 345.7 3.44%
IETCNT
MTL-IETCNT 1631.89 1538.24 5.79% 0.19 0.18 5.40% 982.09 87697  6.80%
MODWT-

847.04 75994  4.96% 0.14 0.12 4.61% 612.87 553.49 5.51%
IETCNT
LSTM 2390.07 2287.79  8.44% 0.30 0.29 7.01% 127112 1189.48  8.70%
TCN 2469.47 234484 8.62% 0.33 0.32 7.65% 103932 956.74  6.93%

As illustrated in Figure 8, the prediction trajectory of MODWT-MTL-IETCNT is the closest to
the true values among all the comparison models on the rest day, with the smallest fluctuation range
around the actual values. This suggests that MODWT-MTL-IETCNT has excellent fitting ability and
prediction effect. Table 3 and Figure 9 show the comparison of the final error results for different

models. Among them, the prediction metrics of the MODWT-MTL-IETCNT model, suchas £\ cr, Eypp

and E,,,p; , are the smallest for the electrical, heating, and cooling load predictions on the rest day compared

to the other models, with values of 757.37 kW, 676 kW, 3.51%; 0.13 MMBtu-h™, 0.11 MMBtu-h™, 3.5%;
and 397.73 Ton, 345.7 Ton, 3.44%, respectively.

Compared with single models like LSTM and TCN, the MODWT-MTL-IETCNT model’s
E

wuse s Eyur»> and Ey,pe for electrical load forecasting decrease by 68.31%, 70.45%, and 58.41%

and 69.33%, 71.17%, and 59.28%, respectively. For heating load forecasting, they decrease
by 56.67%, 62.07%, and 49.22% and 60.61%, 65.63%, and 53.46%, respectively. For cooling load
forecasting, they decrease by 68.71%, 70.94%, and 60.46% and 61.73%, 63.87%, and 50.36%,
respectively. In consequence, the overall accuracy and generalization of MODWT-MTL-IETCNT
is verified.

In contrast to the MTL-IETCNT model, the proposed model’s Epyer, Eyp, and E, pp for

electrical load forecasting decreases by 53.58%, 56.05%, and 39.38%, respectively; for heating load
forecasting, they decrease by 31.58%, 38.89%, and 34.07%; and for cooling load forecasting, they
decrease by 59.5%, 60.58%, and 49.41%, respectively. This demonstrates that using MODWT for
feature selection can effectively remove redundant features, improve the smoothness of the data, and
reduce the learning difficulty of the model, thereby significantly improving prediction accuracy.

In comparison with the MODWT-IETCNT model, the proposed model’s E,,,., E,,;, and

E, »x for electrical load forecasting decrease by 10.58%, 11.05%, and 29.23%, respectively; for

heating load forecasting, they decrease by 7.14%, 8.33%, and 22.78%:; and for cooling load forecasting,
they decrease by 35.1%, 37.54%, and 37.57%. This indicates that MTL effectively addresses the strong
coupling characteristics among multi-energy loads by deeply exploring shared features through the
sparse sharing layer, thereby significantly enhancing prediction accuracy.

To confirm the performance validity of our proposed MODWT-MTL-IETCNT model on different

dates, a comparison between a weekday and a weekend day is conducted. The evaluation metrics and
prediction curves for each model on a representative working day are illustrated in Table 4 and Figure 10,
respectively. A cross-model comparison of the predictive errors for each model is displayed in Figure 11.
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Figure 10. IES load forecasting results for typical working days. (a) Electrical load; (b)

Heat load; and (c) Cooling load.
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Table 4. Evaluation metrics of each model on the working day.

Electric load/kW Heating load/MMBtu-h"! Cooling load/Ton
Model

ERMSE E]V[AE EMAPE ERMSE EMAE EMAPE ERMSE EMAE EMAPE
MODWT-

755.00  632.74  3.22% 0.12 0.10 3.35% 51277 43784  4.45%
MTL-IETCNT
MTL-IETCNT  1478.68 1277.76  5.56% 0.35 0.30 7.47% 1157.71  1005.3 8.73%
MODWT-

794.06 65191  4.28% 0.19 0.17 4.85% 575.56 47257  5.85%
IETCNT
LSTM 1493.50 1343.27 5.73% 0.39 0.34 8.40% 1143.34  994.68  8.55%
TCN 1506.25 1370.73  5.80% 0.45 0.41 10.11%  1183.46 1024.17 8.58%

As shown in Figure 10, MODWT-MTL-IETCNT has the lowest prediction error of all the comparison
model working days, with the best fitting degree. This indicates that MODWT-MTL-IETCNT has
superior prediction accuracy compared to the reference models, demonstrating its effectiveness.
Table 4 and Figure 11 present the error results for different models, showing that the prediction
accuracy of the comparison models, including LSTM, TCN, MTL-IETCNT, and MODWT-IETCNT,
declines to varying degrees compared to the proposed MODWT-MTL-IETCNT model.

A detailed analysis using the metric E,,,,; as an example reveals that, compared to the single

models LSTM and TCN, the MODWT-MTL-IETCNT model’s prediction indicators for electrical load
forecasting decrease by 43.8% and 44.48%, respectively; for heating load forecasting, they decrease
by 62.81% and 66.86%; and for cooling load forecasting, they decrease by 47.95% and 48.14%. This
further verifies the generalization capability of the proposed model, indicating its applicability for
short-term multi-energy load forecasting in IES across all dates.

When comparing the predictive performance of MTL-IETCNT and MODWT-MTL-IETCNT, the
introduction of the MODWT algorithm leads to a decrease in E,,,,, for electrical, heating, and

cooling load forecasting by 42.09%, 55.15%, and 49.03%, respectively. This indicates that using
MODWT can deeply extract the temporal features of multi-energy load sequences, enabling effective
knowledge acquisition and boosting the predictive precision of the model.

Furthermore, a comparison of the predictive results for MODWT-IETCNT and

MODWT-MTL-IETCNT reveals that the inclusion of the MTL model results in a decrease in E,,p;

for electrical, heating, and cooling load forecasting by 24.77%, 30.93%, and 23.93%, respectively.
This suggests that employing MTL fully considers the differences in coupling strength. Through the
sparse sharing layer, it enables deep exploration of shared features across loads, significantly
enhancing the prediction performance of the MODWT-MTL-IETCNT.

A comprehensive analysis of Table 3 and 4 and Figures 8—11 shows that the proposed MODWT-
MTL-IETCNT model achieves superior prediction accuracy in short-term multi-energy load
forecasting for IES. Additionally, the prediction performance on working days is slightly better than
on rest days, which can be attributed to the larger amount of data on working days, reflecting the energy
consumption patterns on the campus. It should also be emphasized that the forecasting results reported
in this section are deterministic point forecasts. Although the proposed model achieves high predictive
accuracy for electricity, heating, and cooling loads, the framework does not explicitly quantify
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forecasting uncertainty caused by weather fluctuations, measurement noise, load randomness, or
model misspecification. As a result, this method is more suitable for accuracy-oriented short-term
forecasting than for fully risk-aware operational decision making. In practical IES applications, system
operators may also require interval forecasts to evaluate the possible range of future loads and to
support reserve scheduling and operational robustness. Therefore, incorporating uncertainty
quantification into the proposed framework is an important direction for future work.

5. Conclusions

In this research, we present a multi-type energy load short-term forecasting model founded on
MODWT-MTL-IETCNT. Through experimental examples, the validity and generalization capability
of the presented model are validated. The experimental results reveal that, by applying MODWT
breakdown, the input time series into varied frequency datasets are adopted as inputs to the forecast
model, the temporal features can be deeply extracted, and redundant features effectively removed. This
markedly boosts the model’s prediction precision. The proposed MTL fully explores the complex
dynamic coupling information in multi-energy conversions within the IES. Through the sparse sharing
layer, it enables deep mining of shared features across loads, thereby improving the extraction of
temporal information-related features in multi-energy load sequences. IEVO is used to optimize the
hyperparameters of the TCNT, and it has advantages such as fast convergence, no requirement for
special parameters, and the ability to avoid local optima. The integration of the Transformer
mechanism within the TCN enables comprehensive consideration of the temporal feature information
of IES multi-energy load sequences. It enables effective extraction and enhances the model’s global
learning capability, empowering the model to better extract the time-series dependencies in
multi-energy load sequences and effectively improve its forecasting accuracy. In practical applications,
the model demonstrates higher accuracy. Based on load forecasting results for different holidays,
technicians can better formulate and adjust short-term regulation and distribution strategies for
electrical, heating, and cooling energy in the system. This, in turn, improves the overall energy
utilization efficiency, reduces carbon emissions, and minimizes unnecessary energy costs.

Nevertheless, it should be noted that this work centers on deterministic point forecasting and does
not provide prediction intervals or other forms of probabilistic output. While the proposed
MODWT-MTL-IETCNT model performs well in terms of point-forecast accuracy, uncertainty
quantification is also important for risk-aware decision making in IES. In future work, we will extend
the proposed framework to interval and probabilistic forecasting by combining this hybrid architecture
with uncertainty modeling strategies such as quantile regression, residual-based interval estimation, or
bootstrap-based uncertainty analysis. This extension is expected to further improve the practical value
of the model for robust scheduling and secure operation of IESs.
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