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Abstract
This study investigates electric vehicle (EV) trajectory tracking prediction using a bidirectional long short-term

memory (Bi-LSTM) model optimized by an improved particle swarm optimization (IPSO) algorithm. The prediction
task is formulated using model-generated driving-cycle data obtained from an EV dynamic model coupled with a
brushless DC (BLDC) motor model. In this work, trajectory tracking prediction refers to the time-series response
of the EV model under standardized driving-cycle profiles rather than real-time traffic-aware route planning. The
considered driving-cycle profiles include nine standardized driving cycles, which are detailed in the experimental
section. A one-step-ahead forecasting setting is adopted for the prediction task. The IPSO algorithm is employed
to tune the Bi-LSTM hyperparameters and reduce the dependence on manual trial-and-error selection. The proposed
IPSO-Bi-LSTM model is compared with long short-term memory (LSTM), gated recurrent unit (GRU), conventional
Bi-LSTM, and other optimizer-linked Bi-LSTM models using mean absolute error (MAE), mean squared error (MSE),
root mean square error (RMSE), and mean absolute percentage error (MAPE). The results, averaged over 10 independent
runs, show that the IPSO-Bi-LSTM model achieves the lowest prediction errors among the compared models, with
an MAE of 0.214 ± 0.009, MSE of 0.102 ± 0.005, RMSE of 0.332 ± 0.010, and MAPE of 0.082 ± 0.005%. The
battery-related variables, including state of charge, current, and voltage, are reported as simulation-derived indicators
associated with the predicted EV response. The present study is limited to model-generated data, and future work will
focus on validation using real-world EV trajectory measurements.
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1. Introduction

Electric vehicles (EVs) have recently received signifi-
cant attention due to advances in control, electrified power-
trains, battery management, and intelligent transportation
technologies. Accurate prediction of EV driving-cycle
responses can support the analysis of energy consumption,
state of charge (SOC), current demand, and voltage
behavior under different operating profiles. In this study,
the term trajectory tracking prediction refers to predicting
the time-series response generated by an EV-BLDC simu-
lation model under standardized driving cycles. It does not

refer to real-time route planning, traffic-aware navigation,
or field-based trajectory forecasting.

Existing EV-related studies can be broadly grouped into
path tracking control, drive-cycle prediction, battery-state
estimation, and traffic-aware trajectory prediction. Path
tracking control methods, such as proportional-integral-
derivative (PID) [1], fractional-order PID (FOPID) [2],
model predictive control (MPC) [3], linear quadratic
regulator (LQR) [4], sliding mode controller [5], adaptive
fuzzy PID [6], auto-tuning nonlinear PID [7], an adaptive
neuro-fuzzy (ANF) with a nonlinear PID (NLPID) [8],
aim to improve the dynamic tracking behavior of the
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vehicle. In contrast, sequence-learning models such as
long short-termmemory (LSTM) [9], convolutional neural
networks (CNN) [10], gated recurrent unit (GRU) [10],
and bidirectional long short-termmemory (Bi-LSTM) [11]
are mainly used for time-series prediction tasks. Therefore,
the present work focuses on drive-cycle-based prediction
using recurrent neural networks rather than on closed-loop
path tracking control or traffic-aware navigation.

Time-series prediction methods for engineering appli-
cations range from classical statistical models to modern
deep networks. Autoregressive integrated moving aver-
age (ARIMA) models are effective when the underlying
series is adequately stationary, but their performance can
deteriorate for strongly nonlinear or long-horizon dynam-
ics [12], [13]. Recurrent neural networks (RNNs) are
designed for sequential data because recurrent connections
propagate temporal information across successive samples
[14]. Their practical use, however, can be limited by
vanishing gradients when long temporal dependencies
must be learned [15]. LSTM and GRU architectures
address this limitation through gated state updates [16],
[17]. LSTM retains separate cell and hidden states,
whereas GRU uses a more compact gating structure and
generally requires fewer trainable operations. Bi-LSTM
extends LSTM by processing each available input window
in both temporal directions, allowing the representation to
use contextual information from the beginning and end of
that historical window [18], [19], [20]. In the present study,
this bidirectional processing is confined to the already
observed input window and does not use samples beyond
the prediction origin.

A persistent practical issue across LSTM, GRU, and
Bi-LSTM models is hyperparameter selection. Learning
rate, hidden-layer depth, number of neurons, batch size,
dropout, momentum, and related training settings can
materially affect convergence and generalization [21].
Manual trial-and-error tuning is costly and can produce
inconsistent configurations. Consequently, several opti-
mization strategies have been used for recurrent-network
tuning, including Bayesian optimization [21], grey wolf
optimization [22], improved moth-flame optimization
[23], random search [24], and improved Dung Beetle

Optimization [25]. These studies motivate the use of
a systematic optimizer rather than ad hoc parameter
selection, but they do not resolve how an IPSO-tuned
Bi-LSTM behaves for EV responses generated by a
coupled EV-BLDC model under multiple standardized
driving cycles.

Recurrent and deep-learning models have been applied
to several EV-related prediction tasks, including SOC
estimation [26], [27], energy-consumption prediction [28],
[29], charging-behavior forecasting [30], electrical-load
prediction [31], battery-degradation prediction [32], and
state-of-health estimation [33]. Fewer studies have ex-
amined driving-cycle trajectory-response prediction. For
example, [11] used a hybrid Bi-LSTM-GRU model for
EV speed prediction and energy-consumption analysis,
while [34] reported multivariate LSTM speed prediction
on urban-road data and compared it with ARIMA, CNN,
and convolutional LSTM baselines.

The drivetrain model used to generate learning signals
is also relevant to the prediction problem. Brushed DC
motors have been studied in EV applications because of
their controllability and high low-speed torque [35], [36],
[37], but brush wear, frictional losses, thermal effects, and
packaging constraints can limit their suitability [38]. DC
servo motors offer compact size and accurate response
[39], although parameter uncertainty and disturbances
complicate controller design [40]. Induction motors
provide robust construction and low maintenance [41],
[42], but may exhibit higher losses and lower power
factor in some operating regions [43]. BLDC motors are
therefore widely investigated for EV applications because
they combine high efficiency with reduced mechanical
maintenance [44], [45], [46], [47], [48], [49], [50]. These
considerations motivate the BLDC-based simulation plat-
form adopted in this work.

Based on the above discussion, the research gap ad-
dressed in this work is the limited methodological eval-
uation of optimizer-tuned recurrent neural networks for
EV driving-cycle trajectory prediction when the data are
generated from a coupled EV-BLDC model. In particular,
this study investigates how improved particle swarm
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optimization (IPSO)-based hyperparameter tuning affects
Bi-LSTM prediction accuracy under multiple standardized
driving-cycle profiles. The main contributions are summa-
rized in Table 1.

Table 1. Main contributions of the study.

No. Contribution Clarified scope

1 EV-BLDC-based driving-
cycle data generation

The data are generated
from a simulation model
and are not claimed as real-
world EV measurements.

2 IPSO-based Bi-LSTM
hyperparameter tuning

IPSO is used to tune Bi-
LSTM parameters and
reduce manual trial-and-
error selection.

3 Comparative prediction
evaluation

The proposed model is
compared with LSTM,
GRU, conventional Bi-
LSTM, and optimizer-
linked Bi-LSTM variants.

4 Battery-status indicators SOC, current, and
voltage are reported
as simulation-derived
indicators associated with
the predicted EV response.

5 Reproducible evaluation
protocol

The study reports data
splitting, evaluation
metrics, and model
settings for prediction
assessment.

The remainder of the paper is organized as follows.
Section 2 describes the EV-BLDC simulation model,
Section 3 presents the recurrent networks and IPSO-based
optimization procedure, Section 4 reports and discusses
the prediction and computational results, and Section 5
concludes the study.

2. Electric vehicle model

Since this work focuses on EV driving-cycle trajectory
prediction, the input data are generated using a physics-
based EV-BLDC simulation model. The generated data
are used as reference signals for training and evaluating the
proposed IPSO-Bi-LSTM model. Therefore, the dataset
should be interpreted as model-generated driving-cycle
data rather than real-world EV measurement data.

𝐹 = 𝜇𝑟𝑟𝑚𝑔 + 0.5𝜌𝑑𝐴𝐶𝑑𝑣2 + 𝑚𝑔 sin𝜙 + 𝑚𝑑𝑣
𝑑𝑡 (1)

The longitudinal EV parameters used in the simulation
are summarized in Table 2.

Table 2. EV model parameters used in the simulation.

Parameter Description Value Unit

𝜇𝑟𝑟 Rolling resistance
coefficient

0.013 –

𝑚 Vehicle mass 820 kg
𝑔 Gravitational

acceleration
9.81 m/s2

𝜌𝑑 Air density 1.2 kg/m3

𝐴 Frontal area 1.8 m2

𝐶𝑑 Aerodynamic drag
coefficient

0.3 –

𝑣 Vehicle velocity Driving-
cycle input

m/s

𝜙 Hill climbing angle 0∘ Degree
𝑟 Tire radius 0.23 m
𝐺 Gear ratio 9.5 –

Equation (1) assumes longitudinal vehicle motion, a
prescribed driving-cycle speed input, negligible lateral dy-
namics, and a flat-road baseline (𝜙 = 0∘). The parameter
set in Table 2 is not presented as calibration to a specific
commercial vehicle; it is a representative compact-EV sim-
ulation configuration. The rolling-resistance coefficient
(0.013), drag coefficient (0.30), gravitational acceleration,
and air-density assumptions are consistent with values
commonly used in contemporary longitudinal EV models
[51]. The mass, frontal area, tyre radius, and gear ratio
are retained as study-specific simulation assumptions. The
generated traction force is converted into wheel torque
using Eq. (2); therefore, the EV model is used as
a controlled data-generation platform rather than as a
complete real-world vehicle validation model.

𝑇 = 𝐹 × 𝑟
𝐺 (2)

where 𝑟 and𝐺 are defined as the tyre radius and the gear
ratio of the EV, respectively.

To quantify the dependence of the longitudinal model on
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its principal assumed parameters, a local ±10% sensitivity
calculation was performed directly from Eqs. (1)–(2) at a
representative constant speed of 20 m/s, zero acceleration,
and zero road grade. The baseline resistive force is
234.2 N. Table 3 reports the resulting relative change.
This calculation is intended to expose model sensitivity to
the assumed physical parameters; it is not a substitute for
vehicle-specific parameter identification.

Table 3. Local sensitivity of the longitudinal EV model to
±10% parameter variation.

Parameter −10% change +10% change

Vehicle mass 𝑚 −4.47% in 𝐹 +4.47% in 𝐹
Rolling coefficient 𝜇𝑟𝑟 −4.47% in 𝐹 +4.47% in 𝐹
Drag coefficient 𝐶𝑑 −5.53% in 𝐹 +5.53% in 𝐹
Tyre radius 𝑟 −10.0% in 𝑇 +10.0% in 𝑇
Gear ratio 𝐺 +11.11% in 𝑇 −9.09% in 𝑇

Next, the following BLDC motor model is used to
provide the EV with the required mechanical energy to
move along a specified trajectory [8], [52]:

𝑢𝐴 = 𝑅𝑖𝐴 + (𝐿 − 𝑀)𝑑𝑖𝐴
𝑑𝑡 + 𝑒𝐴,

𝑢𝐵 = 𝑅𝑖𝐵 + (𝐿 − 𝑀)𝑑𝑖𝐵
𝑑𝑡 + 𝑒𝐵,

𝑢𝐶 = 𝑅𝑖𝐶 + (𝐿 − 𝑀)𝑑𝑖𝐶
𝑑𝑡 + 𝑒𝐶.

(3)

The BLDC motor parameters used in the simulation are
summarized in Table 4.

Table 4. BLDC motor parameters used in the simulation.
Parameter Description Value Unit

𝑖𝐴 Phase A current Simulation output A
𝑖𝐵 Phase B current Simulation output A
𝑖𝐶 Phase C current Simulation output A
𝑅 Stator resistance 0.045 Ω
𝐿 Self-inductance 0.00685 H
𝑀 Mutual inductance 0.00162 H
𝑒𝐴 Phase A back-EMF voltage Simulation output V
𝑒𝐵 Phase B back-EMF voltage Simulation output V
𝑒𝐶 Phase C back-EMF voltage Simulation output V
𝐽 Rotor inertia 0.3 kg m2

𝛽 Viscous friction coefficient 0.00015 N m s/rad

The BLDC equations follow the standard phase-voltage
and electromechanical formulation used in EV motor

simulations [52]. The numerical values of 𝑅, 𝐿, 𝑀 , 𝐽 ,
and 𝛽 in Table 4 are study-specific simulation assump-
tions rather than experimentally identified parameters
for a named production motor. This distinction is
important because the present work evaluates prediction
methodology on controlled model-generated signals, not
parameter-identification accuracy for a physical drivetrain.

The electromechanical part of the BLDC motor is
expressed as:

𝑇𝑒 − 𝑇𝐿 = 𝐽 𝑑𝜔𝑚
𝑑𝑡 + 𝛽𝜔𝑚 (4)

where 𝑇𝐿 is the BLDC load torque, 𝐽 is the rotor inertia,
𝜔𝑚 is the rotor angular velocity, 𝛽 is the viscous-friction
coefficient, and 𝑇𝑒 is the electromagnetic torque, given by

𝑇𝑒 = 𝑒𝐴𝑖𝐴 + 𝑒𝐵𝑖𝐵 + 𝑒𝐶𝑖𝐶
𝜔𝑚

(5)

Figure 1 illustrates the overall model, which incorpo-
rates both vehicle and BLDC motor dynamics. These
dynamics are interconnected via a transmission unit. In

Figure 1. EV model (BLDC motor and vehicle dynamics).

addition to the predicted trajectory response, this work
reports battery-related indicators, including SOC, current,
and voltage. The SOC is defined as the percentage
relationship between the remaining battery capacity and
the nominal battery capacity under different load con-
ditions [53]. A 4s3p lithium-ion battery pack is used
in the MATLAB/Simulink environment to generate these
indicators under each driving-cycle condition. Each cell
has a nominal voltage of 7.2 V, a rated capacity of 5.4
Ah, and an initial SOC of 100%. These battery values
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are simulation assumptions selected to provide a consistent
electrical load/source model and are not manufacturer
measurements. Therefore, the nominal pack capacity is
𝑄𝑛 = 3 × 5.4 = 16.2 Ah.

The SOC is calculated using the discrete Coulomb-
counting method [54]:

𝑆𝑂𝐶𝑘 = 𝑆𝑂𝐶𝑘−1 − 100𝐼dis(𝑘)Δ𝑡
3600𝑄𝑛

, (6)

where 𝑆𝑂𝐶𝑘 and 𝑆𝑂𝐶𝑘−1 are the battery state of
charge at the current and previous sampling instants,
respectively, 𝐼dis(𝑘) is the battery discharge current at
sample 𝑘, Δ𝑡 is the sampling time in seconds, and 𝑄𝑛
is the nominal battery-pack capacity in Ah. The factor
3600 converts ampere-hours into ampere-seconds, while
the factor 100 expresses SOC in percentage form. In this
study, the Coulombic efficiency is assumed to be unity
because the SOC is used as a simulation-derived indicator
rather than as an independently validated battery-aging or
state-of-health estimation model.

Figure 2. The simulated lithium-ion battery pack used to
obtain SOC, current, and voltage indicators under different EV

driving cycles.

The block-by-block signal flow is as follows. First,
a standardized driving-cycle speed profile is supplied to
the longitudinal vehicle block. Second, Eq. (1) converts

the commanded speed, acceleration, rolling resistance,
aerodynamic drag, and road grade into traction force,
and Eq. (2) maps that force to the load torque seen
through the transmission. Third, the BLDC block uses
this load torque with the phase-voltage and mechanical
equations in Eqs. (3)–(5) to generate the simulated motor
response. Fourth, the electrical demand is applied to
the 4s3p battery block in Figure 2, from which pack
current, voltage, and SOC are obtained; SOC is updated
by Eq. (6). Finally, the simulated EV trajectory
response is converted into fixed historical windows and
passed to the recurrent predictor, which produces the
one-step-ahead response. The corresponding battery
quantities are retained as simulation-derived indicators
synchronized with that response. Thus, information flows
only from the prescribed driving cycle and simulated
drivetrain to the predictor; no measured future traffic or
future target samples are introduced.

3. Methodology

This section describes the LSTM, Bi-LSTM, and GRU
prediction models, followed by the IPSO procedure used
for hyperparameter optimization and the experimental
protocol used for evaluation.

3.1. Bidirectional long short-term memory, long
short-term memory, and gated recurrent unit

RNNs are recurrent architectures designed to propagate
information across sequential observations [14]. Their
standard form can suffer from vanishing gradients dur-
ing back-propagation through time, which weakens the
learning of long temporal dependencies [15]. LSTM was
developed to mitigate this problem by introducing a gated
memory cell that regulates which information is retained,
updated, or released [12], [16]. This gated structure
makes LSTM more suitable than a basic RNN for the
driving-cycle sequences considered here.

The LSTM cell consists of an input gate 𝑖𝑡, a forget
gate 𝑓𝑡, an output gate 𝑜𝑡, and a candidate cell state

̃𝑐𝑡. These components are controlled by sigmoid and
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hyperbolic tangent activation functions. The gates regulate
the information flow inside the memory cell by retaining
relevant temporal information and filtering out less useful
information, thereby improving sequence prediction per-
formance [12], [55]. Each gate has two inputs: the input
vector 𝑥𝑡 at time 𝑡 and the previous hidden state ℎ𝑡−1.
The subsequent equations illustrate the LSTM working
principles [12], [55]:

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖), (7)

̃𝑐𝑡 = tanh(𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐), (8)

𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓), (9)

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ ̃𝑐𝑡, (10)

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜), (11)

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡). (12)

where 𝑥𝑡 is the input vector at time 𝑡, ℎ𝑡 is the hidden
state, 𝑐𝑡 is the cell state, 𝑖𝑡, 𝑓𝑡, and 𝑜𝑡 are the input, forget,
and output gates, respectively, ̃𝑐𝑡 is the candidate cell state,
𝑊 and 𝑈 are the input and recurrent weight matrices, 𝑏
denotes the bias vectors, 𝜎(⋅) is the sigmoid activation
function, tanh(⋅) is the hyperbolic tangent function, and ⊙
denotes element-wise multiplication.

The forget gate 𝑓𝑡 in Eq. (9) takes values between 0
and 1 and controls how much of the previous cell state is
retained. Values close to 0 suppress previous information,
whereas values close to 1 preserve it. Equation (10)
combines the retained cell state with the candidate update,
and Eq. (11) determines the output-gate activation that
regulates how the updated memory contributes to the
hidden state in Eq. (12) [12], [55].

The LSTM network is a unidirectional recurrent model,
where the prediction output is generated using the infor-
mation available in the forward temporal direction. In
contrast, the Bi-LSTM model processes each predefined
input window in both forward and backward directions.
Therefore, in this study, Bi-LSTM is used for offline or
window-based prediction rather than instantaneous real-
time route planning. The backward layer does not imply
access to future traffic information during deployment;

instead, it improves contextual representation within the
predefined input sequence used for each prediction sample.

The Bi-LSTM network contains a forward hidden
sequence ℎ𝑓

𝑡 and a backward hidden sequence ℎ𝑏
𝑡 , rep-

resented by Eqs. (13) and (14), respectively. Their
information is concatenated and mapped to the prediction
output 𝑦𝑡 using Eq. (15) [56].

ℎ𝑓
𝑡 = 𝐿𝑆𝑇 𝑀𝑓

𝑡 (ℎ𝑡−1, 𝑥𝑡, 𝐶𝑡−1) (13)

ℎ𝑏
𝑡 = 𝐿𝑆𝑇 𝑀𝑏

𝑡 (ℎ𝑡+1, 𝑥𝑡, 𝐶𝑡+1) (14)

𝑦𝑡 = 𝜙([ℎ𝑓
𝑡 ; ℎ𝑏

𝑡 ]) (15)

where 𝜙(⋅) denotes the output mapping layer applied to
the concatenated forward and backward hidden states.

Figure 3 represents the LSTM and Bi-LSTM models
suggested in this work. GRU provides a more compact
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Figure 3. The Bi-LSTM and LSTM models.

recurrent architecture than LSTM by using update and
reset gates and a single hidden state rather than a separate
cell state. This reduced gating structure can lower
the computational burden while retaining the ability to
model temporal dependencies. Figure 4 shows the GRU
structure, and Eqs. (16)–(19) define the update gate,
reset gate, candidate hidden state, and hidden-state update,
respectively [17]:
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𝑧𝑡 = 𝜎(𝑊𝑧𝑥𝑡 + 𝑈𝑧ℎ𝑡−1 + 𝑏𝑧), (16)

𝑟𝑡 = 𝜎(𝑊𝑟𝑥𝑡 + 𝑈𝑟ℎ𝑡−1 + 𝑏𝑟), (17)

ℎ̃𝑡 = tanh(𝑊ℎ𝑥𝑡 + 𝑈ℎ(𝑟𝑡 ⊙ ℎ𝑡−1) + 𝑏ℎ), (18)

ℎ𝑡 = (1 − 𝑧𝑡) ⊙ ℎ𝑡−1 + 𝑧𝑡 ⊙ ℎ̃𝑡. (19)

where 𝑧𝑡 is the update gate, 𝑟𝑡 is the reset gate, ℎ̃𝑡 is the
candidate hidden state, and ℎ𝑡 is the current hidden state.

X

+

X
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X
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෨ℎ𝑡

Figure 4. Schematic structure of the GRU model with update
gate, reset gate, and candidate hidden state.

The LSTM, Bi-LSTM, and GRU models are evaluated
using systematically selected training hyperparameters
rather than manual tuning. For the LSTM/Bi-LSTM
configuration, the optimized variables include hidden-
layer depth, number of neurons, batch size, learning
rate, dropout, momentum, and decay rate; the GRU
configuration uses the applicable subset reported later in
Table 7. The IPSO procedure used for this search is
described in the next subsection.

3.2. Improved particle swarm optimization

Particle swarm optimization (PSO) is a population-
based metaheuristic in which candidate solutions, termed
particles, move through a multidimensional search space
by combining inertia, individual experience, and informa-
tion from the globally best solution [57]. Each particle has
a position and velocity, and both are updated iteratively
according to the objective-function values obtained during
the search [8]. In this study, a modified PSO formulation
is used to improve exploration during recurrent-network
hyperparameter selection.

The PSO procedure used as the basis for IPSO is
summarized in the following steps:

(1) Define the search-space dimension 𝑛 and the lower
and upper bounds, 𝑋𝑙𝑜𝑤𝑒𝑟 and 𝑋𝑢𝑝𝑝𝑒𝑟. The position 𝑋𝑖
of each of the 𝑚 particles is initialized using a uniform
random variable 𝑟𝑎𝑛𝑑() ∈ (0, 1):

𝑋𝑖 = 𝑋𝑙𝑜𝑤𝑒𝑟 + 𝑟𝑎𝑛𝑑 () × (𝑋𝑢𝑝𝑝𝑒𝑟 − 𝑋𝑙𝑜𝑤𝑒𝑟) (20)

(2) Initialize the particle velocities 𝑉𝑖 to small values.
The implementation uses the following initialization rule
[8], [58]:

𝑉𝑖 = 𝑋𝑙𝑜𝑤𝑒𝑟 + 𝑟𝑎𝑛𝑑 () × (𝑋𝑢𝑝𝑝𝑒𝑟 − 𝑋𝑙𝑜𝑤𝑒𝑟)
10 (21)

(3) Evaluate the fitness value associated with each
particle position.

(4) Update the personal best position (𝑃𝑏𝑒𝑠𝑡) of each
particle whenever the current fitness improves on its
previous best. The global best position (𝐺𝑏𝑒𝑠𝑡) is then
updated if any current particle achieves a better fitness than
the previous global best.

(5) Update the particle velocity using:

𝑉 𝑛𝑒𝑤
𝑖 =𝜔𝑉𝑖 + 𝑟𝑎𝑛𝑑()𝐶1(𝑃𝑏𝑒𝑠𝑡 − 𝑋𝑖)

+ 𝑟𝑎𝑛𝑑()𝐶2(𝐺𝑏𝑒𝑠𝑡 − 𝑋𝑖)
(22)

where 𝜔 denotes the inertia weight and is defined by [8],
[59]:

𝜔 = 0.5 + 𝑟𝑎𝑛𝑑()
2 (23)

Here, 𝐶1 and 𝐶2 denote the cognitive and social
coefficients, respectively.

(6) Update the particle position according to:

𝑋𝑛𝑒𝑤
𝑖 = 𝑋𝑖 + 𝑉 𝑛𝑒𝑤

𝑖 (24)

(7) Repeat the fitness, best-position, velocity, and
position updates until the maximum iteration count is
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reached.

A known limitation of conventional PSO is premature
convergence, in which the swarm loses diversity and be-
comes concentrated around a local optimum before a better
region of the search space is explored [8]. This behavior
is relevant here because the Bi-LSTM hyperparameter
space contains mixed continuous and integer variables
with nonlinear interactions. To strengthen exploration
during the early iterations, the random inertia expression
in Eq. (23) is replaced by the iteration-dependent form:

𝜔̂ = 𝛼 × exp(𝑀𝑎𝑥𝑖𝑡𝑒𝑟 − 𝑖𝑡𝑒𝑟
𝑀𝑎𝑥𝑖𝑡𝑒𝑟

) + 𝛽 (25)

where 𝛼 is the adaptive inertia scaling coefficient,
𝑀𝑎𝑥𝑖𝑡𝑒𝑟 is the maximum number of PSO iterations, 𝑖𝑡𝑒𝑟
is the current iteration number, and 𝛽 is the adaptive inertia
offset.

The main IPSO configuration used for hyperparameter
optimization is summarized in Table 5. These settings
are kept fixed for all compared optimizer-linked models to
ensure a fair computational budget. The validation mean
square error (MSE) is used as the fitness function during
hyperparameter optimization.

Table 5. IPSO configuration used for hyperparameter
optimization and benchmark-function evaluation.

Parameter Value Description

Population size 40 Number of particles
Maximum iterations 500 Stopping criterion
Benchmark repetitions 250, 500,

750
Repeated runs for
benchmark-function
evaluation

𝐶1 1.5 Cognitive coefficient
𝐶2 2 Social coefficient
𝛼 1.2 Adaptive inertia

parameter
𝛽 0.42 Adaptive inertia offset
Fitness function Validation

MSE
Hyperparameter
objective

The population size and adaptive-inertia constants were
fixed before the final comparative runs. A population of 40
particles was selected as a practical compromise between

search diversity and computational cost for the mixed
continuous/integer hyperparameter space. Increasing the
population directly multiplies the number of network
evaluations at each iteration, whereas a much smaller
population reduces the number of candidate regions ex-
plored. The pair 𝛼 = 1.2 and 𝛽 = 0.42 was selected to
retain comparatively stronger exploration early in the run
and reduce the inertia contribution as the iteration index
approaches 𝑀𝑎𝑥𝑖𝑡𝑒𝑟. These settings were held unchanged
in every reported IPSO run so that the comparative results
were not influenced by model-specific retuning. They
are treated as study-specific design settings rather than
universally optimal constants.

Using the adaptive inertia term, Eq. (22) is written as

𝑉 𝑛𝑒𝑤
𝑖 =𝜔̂𝑉𝑖 + 𝑟𝑎𝑛𝑑()𝐶1(𝑃𝑏𝑒𝑠𝑡 − 𝑋𝑖)

+ 𝑟𝑎𝑛𝑑()𝐶2(𝐺𝑏𝑒𝑠𝑡 − 𝑋𝑖)
(26)

To further diversify the search, a clone-selection-
inspired super-mutation parameter 𝑆 is incorporated into
PSO [60]:

𝑆 = 𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑖 − 𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑚𝑖𝑛
𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑚𝑎𝑥 − 𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑚𝑖𝑛

+ 0.1 (27)

where 𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑖 is the current particle fitness, and
𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑚𝑖𝑛 and 𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑚𝑎𝑥 are the best and worst
fitness values in the current population, respectively.

At each update, 𝑆 is compared with a uniformly
distributed random number 𝑟𝑎𝑛𝑑𝑛𝑢𝑚 ∈ (0, 1). If 𝑆 ≤
𝑟𝑎𝑛𝑑𝑛𝑢𝑚, the adaptive inertia 𝜔̂ is used; otherwise, the
original inertia 𝜔 is retained. The resulting velocity update
is:

𝑉 𝑛𝑒𝑤
𝑖 =

⎧{
⎨{⎩

𝜔̂𝑉𝑖 + Δ𝑉𝑖, if 𝑆 ≤ 𝑟𝑎𝑛𝑑𝑛𝑢𝑚

𝜔𝑉𝑖 + Δ𝑉𝑖, otherwise
(28)

where:

Δ𝑉𝑖 = 𝑟𝑎𝑛𝑑()𝐶1(𝑃𝑏𝑒𝑠𝑡 − 𝑋𝑖) + 𝑟𝑎𝑛𝑑()𝐶2(𝐺𝑏𝑒𝑠𝑡 −
𝑋𝑖)
The IPSO algorithm searches for the optimal hyperpa-
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rameters within predefined lower and upper bounds. Each
particle in the IPSO population represents a candidate set
of Bi-LSTM hyperparameters. The fitness value of each
particle is evaluated using the validation mean square error
(MSE), and the best particle position is selected as the
optimized hyperparameter set. The search ranges used in
this work are summarized in Table 6. Five multimodal

Table 6. Hyperparameter search ranges used during IPSO
optimization.

Hyperparameter Search range Type

Learning rate [1 × 10−4, 1 × 10−3] Continuous
Epochs [100, 300] Integer
Batch size [16, 128] Integer
Dropout rate [0.10, 0.50] Continuous
Hidden layers [1, 5] Integer
Number of neurons [20, 150] Integer
Momentum [0.50, 0.90] Continuous
Decay rate [0.90, 0.99] Continuous

benchmark functions were used to examine the optimizer’s
ability to approach known global optima before applying it
to recurrent-network tuning. The selected functions are the
six-hump Camel function with 𝑓∗ = −1.0316, Rastrigin
with 𝑓∗ = 0, Schaffer with 𝑓∗ = −1, Griewank with
𝑓∗ = 0, and Ackley with 𝑓∗ = 0. Together, these
functions provide search landscapes containing multiple
local minima and different levels of multimodality [8],
[61], [62]. Their mathematical definitions are:

𝑓1(𝑥, 𝑦) = (4 − 2.1𝑥2 + 𝑥4

3 )𝑥2 + 𝑥𝑦 + (−4 + 4𝑦2)𝑦2

𝑓𝑜𝑟 − 10 < 𝑥, 𝑦 < 10
(29)

𝑓2(𝑥) =
3

∑
𝑖=1

(𝑥2
𝑖 − 10𝑐𝑜𝑠(2𝜋𝑥𝑖) + 10)

𝑓𝑜𝑟 − 4 < 𝑥𝑖 < 4, 𝑖 = 1, 2, 3
(30)

𝑓3(𝑥, 𝑦) = 𝑠𝑖𝑛2√𝑥2 + 𝑦2 − 0.5
(1 + 0.001(𝑥2 + 𝑦2))2 − 0.5

𝑓𝑜𝑟 − 4 < 𝑥, 𝑦 < 4
(31)

𝑓4(𝑥) = 1
4000

5
∑
𝑖=1

𝑥2
𝑖 −

5
∏
𝑖=1

𝑐𝑜𝑠( 𝑥𝑖√
𝑖) + 1

𝑓𝑜𝑟 − 5 < 𝑥𝑖 < 5, 𝑖 = 1, 2, ..., 5
(32)

𝑓5(𝑥) = − 20 exp⎛⎜
⎝

−0.2
√√√
⎷

1
𝑑

𝑑
∑
𝑖=1

𝑥2
𝑖
⎞⎟
⎠

− exp(1
𝑑

𝑑
∑
𝑖=1

cos(2𝜋𝑥𝑖)) + 20 + 𝑒
(33)

𝑓𝑜𝑟 − 32.768 < 𝑥𝑖 < 32.768, 𝑖 = 1, 2, … , 𝑑

Figure 5 shows the employed multimodal benchmark
functions given in this work. Next, the IPSO algorithm

Figure 5. The Camel, Rastrigin, Schaffer, Griewank, and
Ackley multimodal benchmark functions [8], [61], [62].

is evaluated using the selected multimodal benchmark
functions to assess its ability to reach the global optimum
or the best-known objective value. The optimizer is
tested under three repeated-run settings, namely 250,
500, and 750 independent runs. For each run, the
population size and maximum number of iterations are set
to 𝑛 = 40 and 𝑡max = 500, respectively. The obtained
results are compared with IPSO based on chaotic theory
(IPSO-CT) [8], conventional PSO [63], improved grey
wolf optimization algorithm (IGWOA) [64], improved
whale optimization algorithm based on chaotic theory
(IWOA-CT) [62], genetic algorithm (GA) [65], improved
sine cosine algorithm (ISCA) [61], chaos optimization
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algorithm (COA) [66], and adaptive chaotic sine cosine
algorithm (ACSCA) [67].

The success ratio is defined as the percentage of
independent runs in which the optimizer reaches the
global optimum or the best-known objective value within
the predefined stopping criteria. A run is considered
successful when the absolute difference between the final
best objective value and the known global optimum
satisfies |𝑓best − 𝑓∗| ≤ 𝜖, where 𝜖 = 10−4 is the adopted
numerical tolerance. Therefore, Figure 6 is used only to
evaluate the optimizer’s ability to avoid local minima on
benchmark functions. The EV prediction performance is
evaluated separately using the driving-cycle data and the
prediction metrics reported in Section 4. Figure 6 shows
the results obtained for different optimization algorithms
using the Camel, Rastrigin, Schaffer, Griewank, and
Ackley multimodal benchmark functions.

Figure 6. The obtained results for multimodal functions.

Figure 6 shows that IPSO attains the highest reported
success ratios for reaching the specified global-optimum
tolerance at 250, 500, and 750 repetitions. The com-

parison suggests a lower tendency toward premature
convergence than the other tested optimizers under the
common benchmark settings. Figure 7 summarizes how
this optimizer is integrated with EV-BLDC data generation
and recurrent-network prediction.

Figure 7. Overall workflow of the proposed simulation-based
EV trajectory prediction framework, including EV-BLDC data

generation, IPSO hyperparameter optimization,
prediction-model evaluation, and execution-time assessment.

3.3. Experimental protocol

The input dataset consists of EV-BLDC simulation
outputs generated under the selected standardized driving
cycles. After preprocessing, the supervised learning
dataset contains 16,000 input–target sequences. Each
input sequence contains a fixed historical window of 20
consecutive samples, and the target is the immediately fol-
lowing EV trajectory-response sample; hence, the forecast
horizon is one sample. Windows are formed within each
driving-cycle record so that no sequence crosses from one
cycle into another. The battery-related variables, including
SOC, current, and voltage, are generated by the simulation
model and are reported as associated indicators rather than
independently validated prediction targets.

Min–max normalization is applied using parameters
estimated from the training portion only, and those same
scaling parameters are then applied to validation and test
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data. The chronological order is preserved throughout
splitting to reduce temporal leakage. The 16,000 super-
vised samples are divided into 11,200 training samples
(70%), 2,400 validation samples (15%), and 2,400 test
samples (15%). The validation set is used for IPSO
fitness evaluation, whereas the test set remains untouched
until final model assessment. Each model is trained
and evaluated over 10 independent runs using different
random initializations, and the reported results are mean
± standard deviation.

Random 𝑘-fold cross-validation was intentionally not
used because it would mix temporally adjacent observa-
tions across folds and can produce optimistic estimates for
sequential data. A rolling/walk-forward resampling study
is also not included in the present revision; the evaluation
therefore represents a fixed chronological holdout under
the nine simulated driving-cycle profiles. This restric-
tion is now stated explicitly as a limitation, and future
validation will use expanding-window or rolling-origin
evaluation together with measured EV trajectories.

4. Results and Discussion

After the IPSO verification, the algorithm was used to
determine the optimized hyperparameters of the LSTM,
Bi-LSTM, and GRU models. The optimized values are
summarized in Table 7. The same training, validation, and
testing protocol described in Subsection 3.3 was used for
all compared models to maintain a consistent evaluation
procedure. The validation mean squared error (MSE) was
used as the IPSO fitness function, while the test set was
used for final model assessment.

Table 7. Optimized hyperparameter values obtained using
IPSO.

Hyperparameter Bi-LSTM/LSTM GRU

Learning rate 0.0003 0.0001
Epochs 180 210
Batch size 76 36
Dropout rate 0.20 –
Momentum 0.70 –
Decay rate 0.97 –
Hidden layers 4 –
Number of neurons 102 35

The same training, validation, and testing procedure was
used for all compared models to maintain a consistent
evaluation protocol. The unavailable entries in Table
7 indicate hyperparameters that were not used in the
corresponding GRU configuration.

To further evaluate the optimization behavior of the
proposed IPSO algorithm, the convergence profiles of the
selected optimization algorithms were analyzed using the
best validation MSE obtained at each iteration. The curves
were averaged over 10 independent runs to reduce the
effect of random initialization and provide a more stable
comparison. The same Bi-LSTM structure, hyperparam-
eter search space, population size, maximum number of
iterations, and validation MSE fitness function were used
for all compared optimization algorithms to ensure a fair
comparison.
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Figure 8. Mean convergence curves of the selected
optimization algorithms based on the best validation MSE over

10 independent runs.

As shown in Figure 8, all algorithms gradually reduce
the validation MSE as the iteration number increases.
However, the proposed IPSO shows a faster reduction
during the early iterations and achieves the lowest final
validation MSE compared with PSO, IPSO-CT, GA,
IGWOA, and ISCA. This result supports the effectiveness
of the proposed IPSO in improving the hyperparameter
search process for the Bi-LSTM model.

The predictive advantage should be interpreted as
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the combined effect of temporal representation and hy-
perparameter selection rather than as an optimizer-only
phenomenon. Within each 20-sample historical window,
the forward LSTM summarizes the sequence in its natural
order, while the backward LSTM processes the same
already-observed window from its opposite end. Their
concatenated representation can therefore emphasize short
acceleration, deceleration, and stop–start transitions that
may be weakly represented by a single directional state.
IPSO simultaneously selects model capacity and training
dynamics (including learning rate, batch size, dropout,
depth, and neuron count), which reduces reliance on
a single manually chosen configuration. The lower
validation MSE in Figure 8, together with the lower test
errors and small repeated-run standard deviations reported
below, is consistent with this interpretation. Nevertheless,
these results do not establish that bidirectionality or
IPSO alone is universally superior outside the simulated
driving-cycle setting.

The following equation represents the MSE [12], [68]:

𝑀𝑆𝐸 = 1
𝑛

𝑛
∑
𝑖=1

(𝑦𝑖 − ̂𝑦𝑖)
2 (34)

where 𝑛 is the total number of samples, 𝑦𝑖 is the actual
value, and ̂𝑦𝑖 is the predicted value.

Final predictive performance on the held-out test set
is evaluated using mean absolute error (MAE), mean
absolute percentage error (MAPE), and root mean square
error (RMSE), defined in Eqs. (35)–(37) [12], [68].

𝑀𝐴𝐸 = 1
𝑛

𝑛
∑
𝑖=1

|𝑦𝑖 − ̂𝑦𝑖| (35)

𝑀𝐴𝑃𝐸 = 100%
𝑛

𝑛
∑
𝑖=1

∣𝑦𝑖 − ̂𝑦𝑖
𝑦𝑖

∣ (36)

𝑅𝑀𝑆𝐸 = √ 1
𝑛

𝑛
∑
𝑖=1

(𝑦𝑖 − ̂𝑦𝑖)
2 (37)

Nine standardized driving-cycle profiles are used to
generate the simulated EV responses: NYCC, NEDC, J-
10-DDS, UDDS, J-15-DDS, HFEDS, FTP, HLA-92-DDS,
and IM240 [69]. These profiles drive the EV model de-

scribed in Section 2, and the resulting trajectory-response
signal forms the input/target sequence for the recurrent
predictors. Synchronized SOC, current, and voltage
signals are retained as battery-related simulation indicators.
Figure 9 presents the NYCC results. In the displayed test
segment, IPSO-Bi-LSTM tracks the simulated reference
trajectory more closely than the conventional Bi-LSTM,
LSTM, and GRU baselines, while the associated battery in-
dicators remain synchronized with the predicted response.
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Figure 9. The predicted results for the NYCC trajectory of the
IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, and GRU

models.

Figures 10–17 provide the corresponding results for
NEDC, J-10-DDS, UDDS, J-15-DDS, HFEDS, FTP,
HLA-92-DDS, and IM240 [69]. The visual comparisons
show a similar qualitative pattern across these simulated
profiles. Because figure-level impressions can be sensitive
to scale and segment selection, the aggregate MAE, MSE,
RMSE, and MAPE values reported below are used as the
primary quantitative evidence. The performance of
IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, GRU, and
other optimizer-linked models is assessed using MAE,
MSE, RMSE, and MAPE. For each driving cycle, the
metric values are calculated separately and then averaged
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Figure 10. The predicted results for the NEDC trajectory of
the IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, and GRU

models.
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Figure 11. The predicted results for the J-10-DDS trajectory of
the IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, and GRU

models.

0 200 400 600 800 1000 1200 1400
-20

0

20

40

60

E
V

 T
ra

je
ct

or
y

Urban Dynamometer Driving Schedule

Reference
LSTM

IPSO-Bi-LSTM
GRU

Traditional Bi-LSTM
Error(Reference-LSTM)

Error(Reference-IPSO-Bi-LSTM)
Error(Reference-GRU)

Error(Reference-Traditional Bi-LSTM)

0 200 400 600 800 1000 1200 1400
0

5

10

E
rr

or

0 200 400 600 800 1000 1200 1400
60

70

80

90

100

SO
C

%

0 200 400 600 800 1000 1200 1400
0

0.1
0.2
0.3

E
rr

or

0 200 400 600 800 1000 1200 1400
-5

0

5

10

15

C
ur

re
nt

 (
A

)

0 200 400 600 800 1000 1200 1400
0

1

2

E
rr

or

0 200 400 600 800 1000 1200 1400
7

7.5

8

8.5

V
ol

ta
ge

 (
V

)

0 200 400 600 800 1000 1200 1400
Time (Seconds)

0

0.2

0.4

E
rr

or

Figure 12. The predicted results for the UDDS trajectory of
the IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, and GRU

models.
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Figure 13. The predicted results for the J-15-DDS trajectory of
the IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, and GRU

models.

over all trajectories. Figure 18 presents the mean values
of the prediction metrics over 10 independent runs, while
Table 8 reports the corresponding mean ± standard
deviation values.

To improve the statistical reliability of the comparison,
each prediction model was trained and evaluated over 10
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Figure 14. The predicted results for the HFEDS trajectory of
the IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, and GRU

models.
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Figure 15. The predicted results for the FTP trajectory of the
IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, and GRU

models.
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Figure 16. The predicted results for the HLA-92-DDS
trajectory of the IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM,

and GRU models.
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Figure 17. The predicted results for the IM240 trajectory of
the IPSO-Bi-LSTM, traditional Bi-LSTM, LSTM, and GRU

models.
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Figure 18. Mean performance evaluation of IPSO-Bi-LSTM,
PSO-Bi-LSTM, IPSO-CT-Bi-LSTM, GA-Bi-LSTM,

IGWOA-Bi-LSTM, ISCA-Bi-LSTM, IPSO-LSTM, and
IPSO-GRU over 10 independent runs in terms of MAE, MSE,

RMSE, and MAPE.

independent runs. For each run, the MAE, MSE, RMSE,
and MAPE values were calculated over all considered
driving cycles. Table 8 reports the mean and standard
deviation values obtained from these repeated runs. For
MAE, a 95% confidence interval for the mean is also
reported using the Student-𝑡 interval ̄𝑥 ± 𝑡0.975,9𝑠/

√
10.

The results in Table 8 show that the IPSO-Bi-LSTM
model achieves the lowestmean values for all errormetrics.
In addition, the relatively small standard deviation values
indicate that the proposed model maintains stable predic-
tion performance across repeated runs. These findings
support the robustness of the IPSO-based hyperparameter
tuning strategy compared with the other recurrent and
optimizer-linked models.

To further support the statistical comparison, a two-
sided exact Wilcoxon signed-rank test was applied to
paired MAE values from the 10 matched runs of IPSO-
Bi-LSTM and each competing model. Runs were paired
by initialization index. Zero differences, if present, are
excluded by the standard signed-rank convention; no zero
differences occurred in the reported comparisons, and no
continuity correction or normal approximation was used.
The significance level was set to 𝛼 = 0.05. In every
comparison, all 10 paired MAE differences were in favor
of IPSO-Bi-LSTM. Consequently, the exact two-sided
probability reaches the minimum attainable value for 𝑛 =

10, 𝑝 = 2/210 = 0.001953125, which is reported as
𝑝 = 0.0020 after rounding. The absolute matched-pairs
rank-biserial correlation is therefore |𝑟𝑟𝑏| = 1.000,
indicating complete directional separation of the paired
run-level MAE values.

Table 9. Wilcoxon signed-rank test results based on MAE over
10 independent runs.

Comparison Exact 𝑝 |𝑟𝑟𝑏| Direction

IPSO-Bi-LSTM vs PSO-Bi-LSTM 0.0020 1.000 IPSO-Bi-LSTM lower
IPSO-Bi-LSTM vs IPSO-CT-Bi-LSTM 0.0020 1.000 IPSO-Bi-LSTM lower
IPSO-Bi-LSTM vs GA-Bi-LSTM 0.0020 1.000 IPSO-Bi-LSTM lower
IPSO-Bi-LSTM vs IGWOA-Bi-LSTM 0.0020 1.000 IPSO-Bi-LSTM lower
IPSO-Bi-LSTM vs ISCA-Bi-LSTM 0.0020 1.000 IPSO-Bi-LSTM lower
IPSO-Bi-LSTM vs IPSO-LSTM 0.0020 1.000 IPSO-Bi-LSTM lower
IPSO-Bi-LSTM vs IPSO-GRU 0.0020 1.000 IPSO-Bi-LSTM lower

As shown in Table 9, all paired comparisons are
significant at 𝛼 = 0.05, and the effect-size direction
consistently favors IPSO-Bi-LSTM. The identical rounded
𝑝-values are therefore a consequence of the same complete
sign pattern across 10 paired runs rather than a reporting du-
plication. Statistical significance should still be interpreted
together with the magnitude of the error reduction and the
simulation-only scope of the data.

𝐸𝑃 = (1 − 𝑀IPSO-Bi-LSTM
𝑀Other

) × 100%. (38)

where 𝑀IPSO-Bi-LSTM and 𝑀Other denote the mean error
metric values of the proposed and compared models,
respectively.

Based on the mean values reported in Table 8, the
enhancement percentages of IPSO-Bi-LSTM over the
compared models are calculated using Eq. (38) as shown
in Figure 19. Figure 19 summarizes the relative error
reductions obtained by IPSO-Bi-LSTM against each com-
parator. The largest gains occur against the higher-error
baselines, while the smallest gains occur against the
strongest optimizer-linked alternatives, consistent with the
absolute metrics in Table 8.
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Table 8. Average prediction metrics over all driving cycles using 10 independent runs.

Model MAE 95% CI for mean MAE MSE RMSE MAPE (%)

PSO-Bi-LSTM 0.372 ± 0.016 [0.361, 0.383] 0.191 ± 0.007 0.532 ± 0.019 0.172 ± 0.006
IPSO-Bi-LSTM 0.214 ± 0.009 [0.208, 0.220] 0.102 ± 0.005 0.332 ± 0.010 0.082 ± 0.005
IPSO-CT-Bi-LSTM 0.272 ± 0.011 [0.264, 0.280] 0.131 ± 0.009 0.395 ± 0.017 0.101 ± 0.006
GA-Bi-LSTM 0.363 ± 0.011 [0.355, 0.371] 0.172 ± 0.006 0.491 ± 0.019 0.155 ± 0.007
IGWOA-Bi-LSTM 0.411 ± 0.016 [0.400, 0.422] 0.210 ± 0.011 0.573 ± 0.020 0.197 ± 0.008
ISCA-Bi-LSTM 0.294 ± 0.011 [0.286, 0.302] 0.145 ± 0.009 0.422 ± 0.013 0.123 ± 0.008
IPSO-LSTM 0.312 ± 0.012 [0.303, 0.321] 0.155 ± 0.010 0.456 ± 0.017 0.140 ± 0.008
IPSO-GRU 0.301 ± 0.010 [0.294, 0.308] 0.155 ± 0.006 0.441 ± 0.013 0.138 ± 0.007

Figure 19. Enhancement percentages of the IPSO-Bi-LSTM
model over the compared models based on the mean error

metrics over 10 independent runs.

4.1. Computational execution time

Computational execution time is also evaluated to
compare the cumulative processing cost of the proposed
model with the other prediction models.

𝑇exec =
𝑁

∑
𝑖=1

𝑡𝑖 (39)

where 𝑡𝑖 is the execution time required to process the 𝑖th
data interval, and 𝑁 is the total number of evaluated in-
tervals. A lower value of 𝑇exec indicates lower cumulative
computational cost.

All simulations were carried out using
MATLAB/Simulink R2023b on a computer equipped
with a 12th Gen Intel(R) Core(TM) i9-12900K CPU,
32 GB RAM, and an NVIDIA GeForce RTX 3080
GPU. The same hardware and software environment was

used for all compared models. For the execution-time
experiment, the number of processed samples is increased
from 2,000 to 16,000 in increments of 2,000. At each
input size, the cumulative execution time is recorded
for every model under the same hardware and software
environment. Figure 20 reports these values and shows
that IPSO-Bi-LSTM has the lowest cumulative execution
time among the compared models at the evaluated input
sizes. This computational result is interpreted only for
the reported MATLAB/Simulink implementation and
hardware configuration.

Figure 20. Cumulative execution time of the compared
prediction models under different input data sizes.
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5. Conclusion

This study presented an IPSO-optimized Bi-LSTM
model for one-step-ahead EV driving-cycle trajectory
prediction using signals generated by a coupled EV-BLDC
simulation model. Across 10 independent runs, IPSO-
Bi-LSTM achieved an MAE of 0.214 ± 0.009, MSE of
0.102 ± 0.005, RMSE of 0.332 ± 0.010, and MAPE
of 0.082 ± 0.005%. Relative to the strongest compet-
ing optimizer-linked Bi-LSTM configuration in Table 8
(IPSO-CT-Bi-LSTM), these mean values correspond to
reductions of approximately 21.3% in MAE, 22.1% in
MSE, 15.9% in RMSE, and 18.8% in MAPE. The paired
Wilcoxon comparisons also favored IPSO-Bi-LSTM in all
10 matched runs for every baseline (𝑝 = 0.0020, |𝑟𝑟𝑏| =
1.000). These results support the use of IPSO as a system-
atic hyperparameter-selection mechanism for Bi-LSTM
within the controlled simulation setting considered here.

The practical implication is primarily methodological
rather than deployment-ready: the framework can serve
as a simulation-side predictor for evaluating expected EV
response and synchronized battery indicators under stan-
dardized driving cycles, potentially supporting controller,
energy-management, or battery-management prototyping
before field testing. The reported SOC, current, and
voltage signals remain simulation-derived indicators and
are not independently validated battery predictions.

Themain limitation is that all training and testing signals
were generated by a mathematical EV-BLDCmodel rather
than collected from instrumented vehicles. The study also
uses a single fixed chronological 70/15/15 holdout and
does not yet include rolling-origin validation, measured
cross-vehicle transfer, or comparison with newer deep
sequence architectures such as temporal convolutional
networks and Transformers. Accordingly, the results
should not be generalized to real-time traffic-aware route
prediction or production EV deployment. Future work
will combine measured EV trajectory data with expanding-
window validation and will examine traffic, weather,
battery aging, domain shift, and model uncertainty.
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