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ABSTRACT

The rapid growth of electric vehicles (EVs) has made accurate forecasting of charging station loads essential for ensuring grid

stability and supporting infrastructure planning. While previous studies have investigated this problem, correlation-based feature

selection remains relatively underexplored, which may lead to redundant features and reduced prediction accuracy. To address

this issue, this paper proposes a hybrid forecasting model, RIME-CNN-LSTM-Attention, which integrates correlation-driven

feature selection with advanced deep learning. Pearson, Spearman, and Kendall’s tau-b analyses are first applied to identify

the most influential factors affecting charging demand. The RIME algorithm is then used to optimise the hyperparameters of

the CNN-LSTM network, while the attention mechanism dynamically emphasises critical load fluctuation periods. Case studies
utilising actual charging station data illustrate that the proposed model substantially surpasses benchmark methodologies, thereby
improving the accuracy and resilience of electric vehicle charging load forecasting.

1 | Introduction

With the aim of achieving the ‘carbon peak and carbon neutrality’
goals, electric vehicles (EVs) that utilise renewable energy have
emerged as crucial tools for advancing the transition towards
clean energy. They are expected to be widely adopted and to
become commonplace in daily life [1]. However, the rapid growth
of EV charging demand is also imposing significant strain on the
power system [2]. Therefore, accurate forecasting of EV charging
station load is crucial for optimising grid resource scheduling [3,
4], implementing demand-side management [5], and planning
charging infrastructure deployment.

To improve the precision of EV charging station load forecasts, it
is essential to account for all factors influencing power consump-
tion while continually refining forecasting techniques. Multiple

interrelated factors influence the load of EV charging stations. For
example, incorporating time-of-use pricing and station utilisation
rates has been shown to affect prediction accuracy [6], and
integrating weather variables (such as temperature and precipita-
tion) along with traffic data can significantly improve forecasting
performance [7, 8]. Other works have identified that driver travel
behaviours, initial battery state-of-charge, seasonal variations,
and day type (weekday, weekend, or holiday) all impact charging
demand [9-11]. These studies demonstrate that considering a
broad range of factors can enhance load predictions. However,
most of the existing studies did not conduct a comprehensive
linear and non-linear correlation analysis on historical data to
quantitatively identify the most influential features. Without such
analysis and feature selection, models may include variables
of weak relevance, which increases complexity and the risk of
overfitting.
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Prediction methods for EV charging load can be broadly
divided into simulation-based, statistical, and machine learning
approaches [12]. Simulation methods, such as Monte Carlo
and queuing theory, model travel chains, charging behaviours,
and station clustering [13-16]. These approaches are useful
for scenario analysis but often show weak correlation with
actual load data. Statistical learning methods rely on historical
charging/discharging records to forecast demand [17]. Examples
include integrating road infrastructure and user psychology [18],
probabilistic commuting models [19], and traffic data to estimate
state of charge and charging demand [20]. While simple to
implement, they are constrained by data quality and sample size.
Machine learning has become the dominant stream for EV load
forecasting due to its ability to capture nonlinear features and
temporal dependencies. Early studies applied clustering and SVR
[21] or Spark-based multilayer perceptron networks [22]. Later,
hybrid models optimised by metaheuristic algorithms, such as
NGO-LSTM-SVR, improved parameter tuning and forecasting
accuracy [2]. More advanced frameworks combine LSTM with
graph neural networks to capture spatial correlations [23] or inte-
grate CNNSs to extract local features in time series [24]. Attention
mechanisms further enhance interpretability and focus on critical
load patterns, as shown in CNN-BiLSTM-Attention models [25,
26]. Despite these advances, existing approaches still struggle
with multi-scale temporal modelling, full utilisation of spatial
information, and robust interpretability, motivating the develop-
ment of more comprehensive hybrid frameworks. In addition,
recent studies have developed model-free, multi-dimensional,
artificial intelligence-based forecasting methods under uncer-
tainty, such as decade-ahead tourism demand [27] and pan-
demic casualty prediction [28]. These studies demonstrate the
potential of artificial intelligence for robust forecasting in com-
plex and uncertain environments. However, such approaches
have been primarily applied in non-energy domains, and their
application to EV charging station load forecasting remains
limited.

In response to the above challenges, this paper proposes a
novel hybrid model for electric vehicle charging station load
prediction that integrates correlation analysis, the Frost Ice
Optimisation Algorithm (RIME), a CNN-LSTM neural network,
and an attention mechanism. First, we apply Pearson, Spear-
man, and Kendall’s tau-b correlation analyses to historical data
to identify a subset of features that are most strongly corre-
lated with the charging station load. Next, using only these
relevant features, we construct a RIME-CNN-LSTM-Attention
model: the RIME algorithm is employed to fine-tune the
hyperparameters of the CNN-LSTM network, and an attention
mechanism is incorporated to highlight key periods of load
fluctuation. The main contributions of this work are threefold.
First, we establish a comprehensive correlation-analysis-based
feature selection framework to determine the most influential
factors for EV charging load prediction. Second, we develop
a new hybrid forecasting model (RIME-CNN-LSTM-Attention)
that combines metaheuristic optimisation (RIME) with deep
learning (CNN-LSTM) and an attention mechanism to enhance
prediction accuracy. Third, we demonstrate through experiments
on real-world charging station data that the proposed model
outperforms several baseline methods in predictive accuracy and
robustness.
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FIGURE 1 | Charging station load power data chart.

2 | Analysis of Load Influencing Factors
2.1 | Data Source

Based on the summary and analysis of previous studies on load-
influencing factors, this paper takes temperature, precipitation
(snow), air quality, visibility, EV penetration rate, whether it is
a weekend, whether it is a holiday, and time-of-use electricity
price as influencing factors and conducts correlation analysis
with the charging station load [29-31]. All data in this paper are
sampled every 15 min from 10 January, 2024, to 3 January, 2025, in
a certain city in Jilin Province, with 96 data per day. Temperature,
precipitation (snow), air quality, and visibility are derived from
the ‘Historical Weather Data’ platform. The EV penetration rate
is determined by dividing the number of electric vehicles by the
total number of vehicles in a given city. The time-based electricity
rates are provided by the local charging station operator. The load
at the charging station is derived from the primary data of the
power metering unit, as depicted in Figure 1.

Temperature, rainfall (snow), air quality, and visibility are derived
from the ‘Historical Weather Data’ platform. The level of EV
adoption is determined by dividing the total count of EVs within
a specific city by the overall number of vehicles. The pricing
based on time-of-day rates is set by the local charging station
operator. Meanwhile, the power load on the station is obtained
from the primary side readings of the energy metering equipment,
as shown in Figure 1.

2.2 | Correlation Coefficent

The Pearson correlation coefficient serves as a widely employed
statistical metric in data analytics, quantifying the degree of linear
association between two continuous variables. This measure not
only assesses the intensity of the relationship but also determines
whether the variables exhibit a direct or inverse correlation. The
value range is [—1, 1]. The closer to —1, the stronger the negative
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correlation between the two sets of data, and the closer to 1,
indicating negative or positive relationships between the datasets
[32].

Yo, =B —P)

r= )
VI G -2, 0 -9

The Pearson correlation coefficient, denoted as r, measures the
linear relationship between two datasets, |7/<1; x; and y; are the
values of the i-th data point of the two sets of data, respectively; X
and y are the average values of the two sets of data.

Spearman’s rank correlation coefficient is a nonparametric mea-
sure that assesses the strength and direction of a monotonic
association between two variables, whether linear or nonlinear.
This statistical tool helps determine if the relationship between
datasets is positively or negatively correlated. The value range
is also [—1, 1]. The method for computing its numerical value
mirrors that of the Pearson correlation coefficient, but after
sorting the variable data before calculation, the ranking is used
instead of the actual value to calculate the correlation, which
reduces the sensitivity to outliers and non-normal distribution
data.

2
_ 62?:1 (rxi B r}’i)

=1
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@)
where p is the Spearman correlation coefficient between two sets
of data, lpI<I; r and ry, are the rankings of the two sets of data X
= (X, %, ..., X,) and Y= (3, 5, ..., Yu), respectively.

Kendall’s tau-b correlation coefficient is a statistical indicator
used to measure the rank correlation between two variables
(suitable for measuring nonlinear but monotonic correlation). It
assesses the correlation strength between variables by analysing
the rank order and consistency across all data pairs. The value
range is also [—1, 1].

L ne — Ny 3)

\/(nC +ng+t) (ne+ng+1ty)

where 7 is the Kendall’s tau-b correlation coefficient between
two sets of data, I71<1; n. is the number of pairs of points with
consistent order (x; > x; and y; > y;, or x; < x; and y; < y;); nq is
the number of pairs of points with inconsistent order (x; > x; and
Yi <Y}, or x; < x; and y; > y;); L, is the number of pairs of points
in variable X where equality occurs; t, is the number of pairs of
points in variable Y where equality occurs.

2.3 | Correlation Analysis

Based on the three correlation coefficient calculation principles
in Section 2.2, the SPSS 25.0 statistical software was used to
obtain the Pearson, Spearman, and Kendall’s tau-b correlation
coefficients of temperature, precipitation (snow), air quality,
visibility, EV penetration rate, whether it is a weekend, whether it
is a holiday, time-of-use electricity price, and EV charging station
load. Statistical significance was evaluated at the 1% (p < 0.01)
and 5% (p < 0.05) levels. The correlation coefficients themselves

TABLE 1 | Correlation coefficients between various factors and EV
charging station load.

Methods

Influencing Kendall’s
factors Pearson Spearman tau-b
Temperature —0.110** —0.195%* —0.131**
Precipitation —0.022**  —0.044** —0.036**
(snow)

Air quality —0.051** 0.013* 0.012*
Visibility —0.063** —0.030** —0.020*
EV penetration rate  0.026™* 0.138** 0.011**
Weekend —0.003 —0.005 —0.007
Holiday —0.005 —0.017* —0.014*
Time-of-day —0.536%* —0.491%* —0.377**
electricity price

Note: The ** or ** symbols marked in the upper right corner of the
correlation coefficient represent statistical significance at the 1% and 5% levels,
respectively. If there is no “** or *¥, it fails the significance test, indicating that
there is no correlation between the variables.

serve as effect sizes, reflecting both the strength and direction of
associations between influencing factors and charging load. The
results are summarised in Table 1, and the correlation heat map
between the variables is shown in Figure 2.

As indicated in Table 1 and Figure 2, the load at EV charging
stations is most heavily affected by the time-of-use electricity
pricing (all three correlation coefficients show a high negative
correlation and are at the 0.01 significance level), followed by
temperature, precipitation (snow), air quality, visibility, and EV
penetration rate (the three correlation coefficients are not high
but are all at the 0.01 or 0.05 significance level). Whether it is
a weekend or a holiday has a weaker impact on the load (all
three correlation coefficients are low, and some are significant
at the 0.05 significance level). Therefore, six factors, including
temperature, precipitation (snow), air quality, visibility, EV pen-
etration rate, and time-of-use electricity price, are selected as the
characteristic data of the prediction model.

3 | Principles of Algorithms and Models
3.1 | RIME Optimisation Algorithm

The RIME optimisation algorithm (RIME) is a parameter opti-
misation algorithm based on the physical phenomenon of frost
ice proposed by Su Hang in 2023 [33]. Its core inspiration comes
from the growth and aggregation behaviour of frost ice in nature.
The algorithm is based on swarm intelligence. By simulating
the random diffusion and regular puncture mechanism of ‘frost
ice’ in a low-temperature environment, it effectively combines
global search and local development capabilities to achieve effi-
cient optimisation of model parameters. Compared with classic
algorithms such as PSO, WOA, HHO, and MFO, RIME has a fast
convergence speed, can more effectively balance resource explo-
ration and utilisation, and has stronger optimisation capabilities
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FIGURE 2 | Correlation thermogram.

FIGURE 3 | Initialisation of the rime space.

and higher stability when facing complex problems [34]. Thus,
the study employs the RIME method for fine-tuning CNN and
LSTM network parameters, enhancing the model’s data fitting
and boosting prediction precision.

RIME consists of four stages: frost cluster initialisation, soft frost
search, hard frost puncture, and active greedy selection.

Frost cluster initialisation: Each ‘frost particle’ represents a
candidate solution (i.e., a parameter vector), and all frost particles
constitute a search population. In the initialisation stage, the
frost cluster R is established by randomly generating initial
solutions in the parameter space, as shown in Formula (4), and
the corresponding structure is shown in Figure 3.

X5 X2 ot Xy

X Xppo ot Xy

X Xn2 ot Xnd

where x,; represents the d-th parameter value of the n-th
individual, d is the parameter dimension, and n is the population
size.

(b) Spearman

(c) Kendall’s tau-b

FIGURE 4 | Soft-rime particles motion.

Soft frost search strategy: In nature, soft frost ice exhibits slow,
random, and diffuse free growth characteristics. RIME uses this
characteristic to design a global search strategy that enables
individuals to perform angled jump diffusion around the current
optimal solution to improve the coverage of the search. The
calculation formulas are shown in Formulas (5)-(8), and the
corresponding structure is shown in Figure 4.

REY = Ryegj+ 1, - cosO- B+ (h- (Ub

i Lby) +Lb;),r, <E

i —

®)
t

6=7T'—10_T (6)

p=1-(%) /0 ™

T
t
E= \E ®
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FIGURE 5 | Hard-rime puncturing.

where Ry ; is the new position of the particle after updating; r; is
arandom number in the range of (-1, 1); t is the current iteration
number; T is the maximum number of iterations of the algorithm;
Bis the environmental factor; @ is the number of segments used to
control the step function; & is a random number in the range of (0,
1); Ub;; and Lb; are the upper and lower limits of each parameter;
r, is a random number in the range of (0, 1); and E is the adhesion
coefficient.

Hard frost puncture mechanism: Unlike soft frost, hard frost
is affected by strong winds and has the characteristics of
strong directionality and rapid accumulation. RIME simulates
the continuous and rapid growth of hard frost in a specific
direction through the “puncture mechanism” to enhance local
development capabilities. The calculation formula is shown
in Formula (9), and the puncture phenomenon is shown in
Figure 5.

RISV = Rygggors < P (5)) ©)

where r; is a random number in the range of (0, 1); F™*™ (S;) is
the normalised value of the current agent fitness value.

Active greedy selection mechanism: Check whether the agent’s
revised fitness score outperforms the existing global benchmark.
Should it prove superior, update the global optimum with this
new value and designate the corresponding agent as the top
performer.

The RIME structure diagram is shown in Figure 6.

The rationale for selecting RIME in this study lies in its superior
capability to address the hyperparameter optimisation chal-
lenge inherent in the complex CNN-LSTM-Attention model. The
hyperparameter search space, encompassing parameters such
as learning rate, kernel size, and the number of hidden neu-
rones, is typically high-dimensional and non-convex. Traditional
gradient-based optimisers are prone to becoming trapped in local
optima, while other metaheuristic algorithms may struggle with

Start

v
Initialize

population and
parameters

Stop
A
Yes

Check
termination
criteria

v

Soft frost search No
(global update)

v

Hard frost puncture Greedy selection

(information exchange (retain best, remove worst)

FIGURE 6 | Structure diagram of RIME.

balancing exploration and exploitation or suffer from premature
convergence. RIME’s soft frost search strategy, characterised by
its angled jump diffusion, facilitates extensive exploration in the
early stages, effectively scanning a broader solution space. Sub-
sequently, the hard frost puncture mechanism, guided by fitness
values, allows for precise exploitation in promising regions. This
dynamic and adaptive search behaviour makes RIME particularly
well-suited for identifying a near-optimal hyperparameter con-
figuration for our deep learning model, thereby enhancing both
predictive accuracy and training stability.

3.2 | Convolutional Neural Network

Convolutional neural network (CNN) is a foundational deep
learning method [35]. Thanks to incorporating local correlations
and shared weights, CNNs efficiently handle raw data at a
superior and more conceptual level [36]. The core of its neural
architecture is a tapestry woven with convolutional, pooling, and
fully connected layers. This arrangement slashes the number of
weights, simplifies the network’s complexity, and elevates the
fidelity of the data features [37]. Therefore, the study employs
a CNN for local feature extraction from the input data, sub-
sequently downsizes the dimensions, and feeds the resultant
features into an LSTM network.

Convolution layer: extracts local features of input data by sliding
a convolution kernel. The calculation formula is shown in
Formula (10).

f-1f-1
Y(@.))=) Y X(@i+mj+n)-K(mn)+b (10)

m=0 n=0

where Y (i, j) is the value of the output at position (i, j); K is the
convolution kernel of size f X f; X(i + m, j + n) is the value of the
input at position (i, j); K(m, n) is the weight of the convolution
kernel; and b is the bias term.

Pooling layer: Perform the maximum pooling operation on the
input data. The calculation formula is shown in Formula (11).

Y(@,j)=maxX(m,n),me€ [i,i+p-1],n€[j,j+p-1]
an
where Y(i, j) is the value of the output at position (i, j) after pooling
and X(m, n) is the input data.
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Fully connected layer: maps the input to the target space
according to the weights. The calculation formula is shown in
Formula (12).

y=W-X+b 12)

where y is the output of the fully connected layer, W is the weight
matrix of the fully connected layer, x is the input data, and b is the
bias term.

The CNN structure diagram is shown in Figure 7.

3.3 | Long Short-Term Memory Network

Long short-term memory (LSTM) is a special type of recurrent
neural network (RNN) that aims to solve the problem of gradient
vanishing or exploding defects encountered by standard RNN
when processing long sequences [38]. The LSTM architecture
manages the flow of data with the help of three key gating
mechanisms—the input, forget, and output gates. This setup is
crucial for capturing those long-term dependencies, ensuring that
the history of load sequences is maintained over time. In the mix,
the forget gate holds onto the relevant information, keeping out
the old, irrelevant info from the last tick. Meanwhile, the input
and output gates handle the data, sifting through and passing
along the refined info to the next phase. The calculation formulas
are shown in Formula (13)—(18).

fi=o(WiXx + Wih_, + by) 13)

ii =0 (Wyx. +Wyh_, +b) 14)

g = tanh (WX, + Wynh_, + by) 15)
0, =0 (Wyxi + Wopnhe_y + b,) (16)
Si=S, fi+i g 7)

h, = tanh(S,)o, (18)

where o is the sigmoid activation function; Wy, Wy, Wi, Wy,

Wy Wan, Woy, and W, are weight matrices; x, is the input at

the current moment; h,, is the intermediate state of the previous

moment; by, b;, by, and b, are the bias terms; f, is the output of the

forget gate; i, is the output of the input gate; g, is the candidate

Forgotten Gate @

o= =g

S-l : E : |_ St
: I - —— =
' I tanh [,
1 1 1
1 I () 1
A —bd
1 1
1 | g | ! g :
1 1 1

7 __l_r___f h,
@ Input Gate Output Gate

FIGURE 8 | Structure diagram of LSTM.

memory cell; o, is the output of the output gate; S, is the unit state;
S, is the unit state at the previous moment; h, is the intermediate
state.

The LSTM structure diagram is shown in Figure 8.

3.4 | Attention Mechanism

The attention mechanism is a concept rooted in natural language
processing research, image detection, speech recognition, and
computer technology [39]. It can dynamically adjust the degree
of attention according to the characteristics of different input data
and increase the attention to the weight of important information,
as well as minimise the impact of unrelated data. Therefore,
this paper uses the attention mechanism to help the model
automatically identify which features are most important in
predicting EV charging power and dynamically adjust the degree
of attention to different input data. The calculation formula is
shown in Formulas (19)-(20).

exp (s (Xn, )

a, = p(z = n|X, q) = softmax (s (x,,q)) = — 19)
Y5 (5.9)
N
Attention (X, q) = Z a,x, (20)
n=1

where X is a vector sequence containing N elements, q is the query
vector, a, is the weight of the n-th element, s(x,, ) is the attention
score function, and attention(X, q) is the attention vector.

The illustration of the attention mechanism’s framework can be
observed in Figure 9.

4 | RIME-CNN-LSTM-Attention Model
4.1 | Building CNN-LSTM-Attention Model

The CNN-LSTM-Attention architecture employs CNN for local
feature extraction and LSTM for identifying long-term data
dependencies, and the attention mechanism to optimise the
weighting of important information, so that the model can
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FIGURE 9 | Structure diagram of attention mechanism.

efficiently process complex time series data and make accu-
rate predictions. Figure 10 illustrates the model’s structural
framework developed in this study.

Initially, the dataset serves as the entry point for processing.
Subsequently, the convolutional layer employs an assortment
of filters to adeptly combine various feature signals and derive
the initial set of data attributes. The batch normalisation layer
standardises the input so that the mean of each channel is 0 and
the variance is 1. The activation function layer applies nonlinear
activation to the input data, setting all negative values to 0 and
keeping the positive values unchanged. The max pooling layer
processes input data by extracting the highest values within
defined regions. Next, the flattening layer reshapes multidimen-
sional data into a single continuous vector. For sequential data,
the LSTM layer captures temporal patterns and dependencies
over time. The attention mechanism then dynamically prioritises
different segments of the input, enhancing feature representation.
Following this, the dense layer projects the processed data into the
desired output space using learnt weight distributions. Finally,
the regression layer evaluates the model’s predictions against
ground truth values, computes the loss based on prediction errors,
and propagates adjustments backward to fine-tune the network’s
parameters.

4.2 | RIME Optimises Model Parameters

In traditional CNN-LSTM-Attention, training usually relies on
gradient descent optimisation methods (such as Adam or SGD),

Conv Convolutional Layer
'
| BatchNorm | Batch Normalization Layer
Relu Activation Function Layer
Maxpooling Maximum Pooling Layer
Flatten Exhibition Layer
v
LSTM LSTM Layer
attention attention Layer

!

| Fully Connected |

}

Regression

FIGURE 10 | Structure diagram of CNN-LSTM-Attention model.

Fully Connected Layer

Regression Layer

which can get stuck in local optima or slow convergence.
Consequently, this paper introduces the RIME algorithm, which
uses its unique frost diffusion mechanism to optimise network
parameters, search for optimal solutions more effectively in a
multi-dimensional solution space, reduce the impact of local
optimal solutions, and improve global search capabilities. In
this framework, RIME generates candidate hyperparameter sets
(such as learning rate, kernel size, and hidden neurones),
evaluates them through the CNN-LSTM-Attention model using
prediction errors (MAE, RMSE, MAPE) as the fitness function,
and iteratively updates the parameters until convergence. The
best-performing hyperparameters are then fed back into the
CNN-LSTM-Attention network, ensuring a clear closed-loop
flow between the optimisation process and the deep learning
layers. Figure 11 illustrates the architecture of the developed
RIME-CNN-LSTM-Attention model.

The steps for running this model are as follows:

1. Construct the CNN-LSTM-Attention model framework to
capture temporal-spatial features of the load data.

2. Initialise the parameters of the RIME algorithm, including
population size, maximum iteration count, soft frost coeffi-
cients, and the search ranges for learning rate, convolution
kernel size, and hidden neurone number.

3. Generate the initial frost cluster (solution population) to
provide diverse candidate parameter sets.

4. Apply the soft frost search, hard frost puncture, and greedy
selection strategies to iteratively update particles’ positions
and fitness, while maintaining the global best solution.
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FIGURE 11 | Structure diagram of RIME-CNN-LSTM-Attention
model.

5. Check the iteration condition. If the maximum number of
iterations is not reached, return to step (4); otherwise, stop
the search.

6. Use the globally optimal hyperparameters obtained by RIME
to update and train the CNN-LSTM-Attention model, form-
ing the final optimised forecasting structure.

Importantly, the RIME  algorithm  optimises key
hyperparameters—such as the number and size of convolutional
kernels, the number of hidden units in the LSTM layer, and the
learning rate. Through its distinctive soft frost search strategy
and hard frost puncture mechanism, RIME effectively balances

global exploration and local exploitation in the hyperparameter
space. This optimisation strategy mitigates the risk of the CNN-
LSTM-Attention model becoming trapped in local optima—a
common limitation of traditional gradient-based methods—and
facilitates the discovery of hyperparameter configurations that
yield superior overall performance.

4.3 | Uncertainty Analysis and Mitigation
Strategies

EV charging load forecasting is inherently affected by multi-
ple sources of uncertainty, which can compromise predictive
accuracy and model robustness. This section categorises the
primary types of uncertainty and outlines how the proposed
model is designed to mitigate them within its architectural and
optimisation framework:

1. Input feature uncertainty

This stems from data noise, missing values, and the inclusion
of irrelevant or weakly correlated features, which may intro-
duce overfitting or reduce model generalisation. As discussed
in Section 2, a correlation-based feature selection process is
applied during pre-processing to retain only statistically sig-
nificant and meaningful inputs (e.g., time-of-use electricity
price, temperature). This filtering reduces input noise and
enhances the signal quality, strengthening model focus and
interpretability.

2. Temporal dynamic uncertainty
EV charging load exhibits complex, volatile temporal pat-
terns characterised by sudden peaks and valleys driven by
collective, stochastic user behaviour. The key challenge is
that the importance of historical information for making
the next prediction is not fixed but varies over time. The
CNN-LSTM-Attention architecture captures both short-term
fluctuations and long-term dependencies. CNN layers extract
local patterns; LSTM layers model sequential trends; and
the attention mechanism dynamically re-weights historical
time steps, allowing the model to adaptively prioritise critical
periods for accurate prediction.

3. Model configuration uncertainty

Deep learning models are sensitive to hyperparameter set-
tings (e.g., learning rate, kernel size, number of hidden
units), which significantly influence training stability and
predictive power. Poor configuration may cause convergence
failures or overfitting. The RIME optimisation algorithm
addresses this challenge by framing hyperparameter tuning
as a global optimisation task. Through its hybrid strategy—
combining soft frost search and hard frost puncture—RIME
effectively searches the high-dimensional parameter space,
avoiding suboptimal local minima and yielding stable, high-
performing model configurations.

5 | Case Analysis

5.1 | Data Set and Model Parameters

To validate the scientific rigour and dependability of the proposed
method, this case study leverages load power data alongside
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meteorological data, building on the correlation analysis findings
outlined in Section 1.3 (temperature, precipitation (snow), air
quality, visibility, EV integration percentage and real-time energy
tariffs) at a major charging facility, boasting a 2.5 MW capacity,
within Jilin Province. The collection time is from 10 January,
2024, to 3 January, 2025, with a sampling interval of 15 min, for a
total of 34,560 data. The model parameters are as follows [40-42]:
The optimisation setup employs 2 search agents with a cap of 10
iterations. Key parameters include a soft frost value of 5, learning
rates bounded between 0.001 and 0.01, convolution kernel sizes
ranging from 2 to 5, and hidden layer neurones constrained to 50-
60 units. The model undergoes 400 training epochs for thorough
convergence.

5.2 | Evaluation Indicators

To assess how well the proposed algorithm and the benchmark
algorithms perform in terms of predictive accuracy [43, 44], this
example uses mean absolute error (MAE) [45], root mean square
error (RMSE), and mean absolute percentage error (MAPE)
[46] as evaluation indicators. The calculation formulas of each
evaluation indicator are shown in Formula (21)-(23).

bone = 7 2151 &)
(22)
(23)

where n is the number of detection points; §; and y; are the
predicted load data and actual data in the test set.

5.3 | Case Study Results Analysis

This paper adopts the RIME-CNN-LSTM-Attention model, takes
288 sampling points as a data set, takes 118 feature data sets of 354
days from 10 January to 28 December, 2024, as the input of the
training set, takes 118 load data sets of 354 days from 13 January
to 31 December, 2024, as the output training model of the training
set, and takes 1 feature data set of 3 days from 29 December to 31
December, 2024, as the input of the test set, and predicts the load
data from 1 January to 3 January, 2025. The prediction results are
shown in Figure 12. The MAPE iterative change curve after the
RIME process is shown in Figure 13. It can be seen from Figures 12
and 13 that the predicted data is basically consistent with the
actual load, and the MAPE is further reduced by continuously
optimising the model parameters through RIME.

5.4 | Comparative Analysis of Different Prediction
Models

To assess the performance of the newly developed RIME-CNN-
LSTM-Attention model, we conducted a comparative analysis
with several alternative architectures—including CNN-LSTM-
Attention, CNN-Attention, LSTM-Attention, CNN—for predict-

ing charging station demand over a three-day period, 1 January
to 3 January, 2025. Figure 14 displays the comparison outcomes,
while Table 2 presents the quantitative results for each model.

As shown in Table 2, compared with the CNN-LSTM-Attention,
CNN-Attention, LSTM-Attention, and CNN models, the MAE
of the proposed RIME-CNN-LSTM-Attention model decreased
by 68.47, 334.32, 431.42, and 801.28; the RMSE decreased by
6.22, 29.54, 39.43, and 67.91; and the MAPE decreased by 1.45%,
7.07%, 9.13%, and 16.95%, respectively. Although the RIME-CNN-
LSTM-Attention requires slightly longer training due to the
optimisation procedure, the runtime remains within a practical
range, demonstrating its feasibility and applicability in real-world
forecasting tasks.

5.5 | Verification of Feature Screening Effect

To verify the role of feature screening in load forecasting, this
paper builds a model based on the six factors strongly related to
load (temperature, precipitation (snow), air quality, visibility, EV
penetration, and time-of-use electricity price) screened in Section
1.3 and compares the modelling results with those without
feature screening and using all eight original feature factors. Both
models use the RIME-CNN-LSTM-Attention architecture, and
other parameter settings remain consistent to ensure fairness in
the comparison. The comparison results are shown in Figure 15.
Table 3 presents the findings of the quantitative analysis.

As can be seen from Table 3, after feature screening, the prediction
indicators of the model are significantly optimised, among which
MAE is reduced from 218.42 kW to 152.11 kW, RMSE is reduced
from 19.65 kW to 12.58 kW, and MAPE is reduced from 4.62%
to 3.22%. This shows that eliminating redundant features with
little impact on load through correlation analysis can help
reduce interference factors in model training and improve the
effectiveness of feature extraction, thereby enhancing the model’s
prediction precision and its capacity to generalise tests.

5.6 | Long-Term Forecasting Capability Analysis
and Comparison

To further assess the RIME-CNN-LSTM-Attention model’s gen-
eralisation and stability for long-term load forecasting, this paper
selects different forecast days (3 days, 6 days, and 15 days)
for comparative experiments, keeping the model structure and
parameter settings consistent and only adjusting the input data
and forecast period range. The model prediction results of each
forecast period are shown in Figure 16, and Table 4 summarises
the quantitative assessment metrics.

Table 4 shows that with more forecast days, the model’s error
metrics (MAE, RMSE, and MAPE) all tend to rise accordingly,
indicating that the expansion of the time span places higher
requirements on the model and the forecast difficulty increases
accordingly. However, even in a 15-day forecast period, the RIME-
CNN-LSTM-Attention model can still maintain a low error level
(MAE is 953.72 kW, RMSE is 87.34 kW, and MAPE is 7.38%),
indicating that it has strong long-term forecasting capabilities and
robust model performance.
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FIGURE 13 | MAPE iteration change curve.
TABLE 2 | Comparison of prediction errors of each model.
Model MAE (kW) RMSE (kW) MAPE (%) Runtime (s)
RIME-CNN-LSTM- 152.11 12.58 3.22 138.4
Attention
CNN-LSTM-Attention 220.58 18.80 4.67 111.6
CNN-Attention 486.43 42.12 10.29 95.2
LSTM-Attention 583.53 52.01 12.35 102.7
CNN 953.39 80.49 20.17 84.5

Note: The runtime refers to the average training and validation time per experiment on the same computational platform (Intel i5 CPU, 16 GB RAM).
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TABLE 3 | Comparison of model prediction errors before and after feature selection.
Characteristic
Model parameters MAE (kW) RMSE (kW) MAPE (%)
RIME-CNN-LSTM- After feature screening 152.11 12.58 3.22
Attention (6 feature factors)
No feature screening 218.42 19.65 4.62
(8 feature factors)
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FIGURE 16 | Comparison of model prediction results under different forecasting horizons.
TABLE 4 | Comparison of model prediction errors under different forecasting horizons.
Model Forecast days MAE (kW) RMSE (kW) MAPE (%)
RIME-CNN-LSTM- 3 152.11 12.58 3.22
Attention 6 718.43 65.15 6.26
15 953.72 87.34 7.38
In summary, the RIME-CNN-LSTM-Attention hybrid model 2. By integrating CNN, LSTM, and Attention mechanisms, the

prediction method based on correlation analysis introduced in
this paper achieves greater prediction accuracy compared to
alternative models.

6

| Conclusions and Future Work

This paper proposes a RIME-CNN-LSTM-Attention hybrid model
prediction method based on correlation analysis. The main
conclusions are as follows:

1.

Through SPSS25.0 statistical analysis software, based on
three correlation analysis methods of Pearson, Spearman and
Kendall’s tau-b, the variables with weak correlation with
the load are screened out, and a highly correlated feature
set is constructed. This method simplifies model training
complexity and enhances data quality and predictive insight
clarity.

advantages of CNN in local feature extraction, LSTM in
temporal dependency modelling, and Attention in dynamic
weighting of key features are fully utilised to construct a deep
prediction structure suitable for EV load data, which signif-
icantly enhances the model’s learning ability for complex
nonlinear features.

The RIME frost optimisation algorithm is introduced to
simulate the soft frost diffusion and hard frost puncture
mechanism in nature, realise the global optimal search
for CNN and LSTM parameters, overcome the problem of
traditional gradient optimisation falling into local optimality,
and improve the convergence speed and stability of model
training.

In comparative studies involving diverse models, the sug-
gested model shows significant advantages in key indicators
such as MAE, RMSE, and MAPE,; it also shows excellent
accuracy and generalisation ability in feature screening
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verification and long-term prediction analysis, verifying the
stability and practical value of this method.

While the proposed framework demonstrates strong predictive
performance, it is important to acknowledge the limitations
of the correlation-based feature selection approach. Pearson,
Spearman, and Kendall’s tau-b coefficients offer an interpretable
and computationally efficient way to filter irrelevant inputs,
but they primarily capture linear or monotonic relationships
between individual features and the target variable. As univariate
measures, they may overlook nonlinear interactions and inter-
feature dependencies such as multicollinearity. To address these
limitations, future work will explore advanced machine learning-
based feature selection techniques, including embedded methods
(e.g., LASSO, Random Forest), wrapper methods (e.g., Recursive
Feature Elimination), and multivariate filters (e.g., mRMR).
These approaches can capture complex feature interactions and
are expected to yield a more robust and informative input set,
further enhancing prediction accuracy and model generalisation.
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