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Abstract

This research proposes a mechanism that enables the battery swapping station (BSS) to provide battery swap services for
multiple types of batteries, termed battery heterogeneity, utilized in electric motorcycles. The number of batteries for each type
is established. The battery charging cost is calculated in real time, and the station's profit is maximized by optimizing battery
swap scheduling. The issues are modeled as a mixed-integer non-linear problem (MINLP), then linearized as a mixed-integer
linear problem (MILP), using the grid electricity price from the real-time pricing mechanism to calculate the battery's
charging/discharging cost. Swap scheduling is optimized using the rolling horizon optimization (RHO) approach, which takes
into account a variety of constraints. These constraints include battery type, battery SoC, arrival time of the electric motorcycle,
grid electricity pricing at time t, and battery power utilization. The long-short term memory (LSTM) predicts the electric
motorcycles' arrival time at t+1 based on prior data. The results show that optimization scheduling generates a higher overall
profit per day than unscheduled operation. Profit by the RHO-LSTM method is 23.77 % greater than by the RHO-Polynomial
method and 0.26 % greater than by unscheduled operation. Furthermore, the number of batteries provided by the RHO-LSTM
method is 40 % greater than by the RHO-polynomial method.

Keywords: battery heterogeneity; electric motorcycle; mixed-integer linear problem; long-short term memory; rolling horizon
optimization.

I. Introduction viable alternative by enabling rapid battery exchange,

thereby minimizing user wait times and reducing

The adoption of electric motorcycles in Indonesia spatial requirements. Furthermore, implementing

has been accelerating, influenced by environmental optimized battery charging schedules during periods of

sustainability goals [1]. Nevertheless, this upward trend low electricity demand can enhance operational

presents significant challenges, including prolonged efficiency and reduce energy costs for BSS operators.

battery charging durations, congestion at charging
facilities, and spatial constraints for infrastructure
development. Battery swapping stations (BSS) offer a

Currently, BSS remain limited in number and are
typically designed to support only a single battery type
or brand-specific configurations. This limitation
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underscores the need for a BSS capable of
accommodating heterogeneous battery types. Although
extensive research has been conducted on BSS, few
studies have addressed the design and operation of
multi-brand battery compatibility. For instance, one
study introduced a BSS model that supports
heterogeneous batteries and implemented a dynamic
charging schedule to enhance revenue generation [2].
Another investigation optimized battery charging
schedules and swapping services through a reservation-
based system; however, this was limited to four-
wheeled electric vehicles [3]. The majority of BSS-
related research has focused on homogeneous battery
systems for electric cars [4]. In contrast, battery-
swapping solutions for electric motorcycles are gaining
prominence, with 369 BSS units reported across
Indonesia as of 2022 [5]. In that study, an internet of
things (IoT)-based BSS was developed for electric
motorcycles, enabling real-time monitoring of battery
parameters such as state of charge (SoC), state of health
(SoH), temperature, current, and charging cycles.
Additionally, [6] proposed an optimization model for
electric motorcycle BSS using genetic algorithms (GA),
demonstrating improvements in operational efficiency
by optimizing battery scheduling and minimizing total
operating costs while addressing both technical and
economic considerations.

Numerous studies have examined a wide range of
forecasting techniques for predicting time series. For a
variety of scenarios, machine learning and traditional
models like autoregressive integrated moving average
(ARIMA), autoregressive integrated moving average
with exogenous variables (ARIMAX), and seasonal
autoregressive integrated moving average with
exogenous variables (SARIMAX) are used. Machine
learning and deep learning are used to forecast the
grid's demand response (DR) in order to determine
more effective techniques [7][8]. The grid's electric load
is predicted by comparing machine learning
techniques, including k-Nearest Neighbors (kNN),
Random Forest, Gradient Boosting, and neural
network with long short-term memory (LSTM). To
pick the best feature and determine the ideal time lags,
respectively, the LSTM is paired with feature selection
and GA [9]. The conventional model delineates optimal
performance in time-series data. In comparison to
traditional models, machine learning and deep learning
models yield superior results in managing uncertainty
and dynamic conditions. Convolutional neural
networks (CNNs) are employed for semi-supervised
time-series forecasting and classification through self-
supervised learning [10], where the results using the
CNN model outperform other approaches, such as
ConvLSTM and AttConvLSTM. The study employed a

dataset characterized by short time periods, which
aligns well with the temporal feature extraction
capabilities of CNN-based architectures. Predicting the
demand for electric vehicle charging is another
application of machine learning, with a revolutionary
deep long-short term memory (DLSTM) model that
yields superior predictions due to a minimized mean
square error [11]. The utilization of the LSTM
methodology for forecasting battery-swapped demand
and vehicle arrivals at BSS was discussed in a referenced
work, whereby LSTM surpassed other applied methods
[12]. Moreover, utilizing time-series data to forecast
electric motorcycle arrival times, supervised machine
learning, and deep learning models may be optimal
selections.

When optimization is used to solve the suggested
model, the best outcome can be achieved. To determine
the best distribution networks for several distributed
generations (DGs), optimization approaches such as
GA, particle swarm optimization (PSO), and hybrid
optimization ~BF-PSO  (butterfly-particle swarm
optimization) are used [13]. The proximal policy
optimization (PPO) method is another optimizer used
to optimize the performance of every device in the
energy replenishment station (ERS), which may be used
for electric vehicle charging and battery swapping [14].

An optimizer known as rolling horizon
optimization (RHO) repeatedly maximizes choices
made within a certain time frame. This method solves
the problem by using the predicted data at t+1.
Additionally, it uses the prior iteration's optimization
outcomes as input for the subsequent iteration. In order
to improve the schedule of battery changing in a single
day, RHO determines the best short-term solution,
which is referred to as the horizon. When the input data
in this system varies over time, issues are resolved using
RHO that operates on time intervals in the resilience of
active distribution networks (ADNSs) [15], hinterland
intermodal transportation [16], cogeneration energy
systems of the grid [17], and energy supply and demand
planning in microgrids [18]. These models employ
RHO to optimize outcomes, and the results
demonstrate that RHO can enhance the models to
attain the optimal objective.

This research presents the development of a BSS
intended for electric motorcycles in response to the
increasing prevalence of motorcycle usage in
Indonesia. The station is architected to accommodate
multiple battery types and operates without requiring
prior reservations. An optimal battery scheduling
mechanism is implemented to fulfill user swapping
requests while maximizing station profitability, as
determined through computational simulations. To
support real-time decision-making, the system
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forecasts electric motorcycle arrivals at time step t+1
based on time-series data derived from recent historical
arrival patterns.

This research aims to develop an effective design
and implement an efficient system for battery swapping
(BSS) by
optimizing battery scheduling through an RHO-

stations serving electric motorcycles

LSTM-based approach under conditions of battery.

I1I. Materials and Methods

Charging stations for electric vehicles face a number
of challenges, including queuing because the charging
procedure is lengthy, and vehicle users must adhere to
a time limit. Battery swap services are provided in an
effort to shorten the recharging time of electric vehicles.
This invention is the outcome of the long battery
charging process. An innovative system for charging
batteries at the swapping station is required.

A. Battery heterogeneity at battery swapping
stations

The public electric vehicle battery swapping station
(BSS) is classified into four types: single BSS, multiple
BSS, combination of single BSS-BCS, and combination
of multiple BSS - BCS [4]. In general, the battery swap
station is exclusively intended for one type of battery
from a certain electric vehicle, such as the Gogoro or
Gesits electric motorcycles, with each BSS tailored
especially to the motorcycle given by the manufacturer.
The BSS to be designed is specified as being capable of
battery swapping for more than one electric motorcycle
manufacturer and/or battery type. As a result, the
consumer base will expand.

The decision-making scenarios in BSS are divided
into five categories: charging schedule, service policy,
construction and planning, dispatching and routing,
and power management. In this study, the best
charging schedule for the station will be studied further.
Many studies have been undertaken to develop an

Table 1.
Comparison of characteristics in this study with previous ones.

optimal charging scheduling mechanism [4]. The
population-based heuristic technique is employed for
optimization [19], the RHO method for optimization
[2], the genetic algorithm (GA) [6], and the hybrid
algorithm, JAYA-BBA, to solve the bilevel optimal
scheduling issue model [20]. The optimal operation
schedule is intended for BSS and microgrids. The
scheduling system employs a bilevel problem model
with the alternative direction method of multipliers
(ADMM) [21]. A charging schedule mechanism that
takes into account the quality of service (QoS) of
various BSSs has been developed [3]. The first and
second studies discussed in this publication use more
than one type of battery, which is uncommon in BSS
research [2][3]. The presented bilevel model includes
an upper-level problem that determines optimal
charging and discharging schedules for aggregated
BSSs. Meanwhile, the low level determines the reserve
capacity pricing for each BSS. The bilevel model is
developed as a mixed-integer linear problem (MILP)
model in order to develop the best operating model for
[22]. Modeling a fluid-based
optimization framework improves battery charging

aggregated BSSs

and purchase procedures for BSS [23]. Pricing issues in
BSS are also addressed by a three-tiered BSS pricing
mechanism that takes into account the electric vehicle
demand market clearing. To optimize BSS pricing, the
three-level model considers the interaction of the
distribution system operator (DSO), BSS, and electric
vehicles (EV's) [24]. In Beijing, a BSS configuration and
operating model with three charging points improves
BSS profitability [25]. The optimal operating model of
BSS with photovoltaics includes the BSS operation
mechanism, the BSS load model, and the price
mechanism, all of which strive to maximize the number
of charged batteries [26]. These studies concentrate on
four-wheeled electric vehicles.

In this study, an optimal charging scheduling
mechanism for two-wheeled electric vehicles is
developed at a station with diverse batteries. Table 1

Operation model of BSS in previous research

Features BSS in this research
(2] (3] 6] [19] [20] [21]
Battery heterogeneity v v X X X X v
Battery charging characteristic v X v v X X v
Battery degradation v X v X X v b
Swap/charge scheduling v v v v v X v
Multi BSS X v X X X X X
Single BSS v X v v v v v
Electric motorcycle X X v X X X v
Semi-universal charger v X X X X X v
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compares the features of the station to be designed to
past studies.

B. Battery swapping station model

BSS with heterogeneous batteries is a battery swap
station that supports many battery types and electric
motorcycle brands. The batteries utilized will be the
LiFePO4-constructed battery {60 V, 6 Ah} and the
Gesits electric motorcycle {72 V, 20 Ah}.

Each battery will utilize the same charger, even if the
sockets are different. The Gesits battery will be charged
using the manufacturer's charger socket, which will
then be linked to a variable charger. The battery swap
operation is carried out dynamically, which means that
electric motorcycle riders will come immediately to the
station to swap batteries. Batteries can be replaced with
those that are completely charged or below 100% but
not above the threshold. Empty batteries swapped by
prior electric bikers will be charged to meet the next
battery swap request. The RHO approach includes
scheduled battery swapping.

Battery swap scheduling is determined by the
battery's charging characteristics. If the battery reaches
a state of charge (SoC) of 70 % (w), the charging current
decreases, affecting the charging power for each
battery. This charging characteristic is applicable to
lithium-ion batteries. Figure 1 depicts the results of
battery charging measurements with a variable charger.
This charging method is sometimes referred to as the
constant-current/constant-voltage charging strategy.
The flat shape of the discharge curve in lithium-ion
batteries implies that the voltage remains constant
during the discharge process. The power used for
battery charging will vary depending on the number of
battery swap requests and the availability of fully
charged batteries at the BSS. Each battery will be
charged using the same charger. The batteries are
charged using a variable charger.

The profit earned by BSS will be maximized and
balanced against the number of riders provided. Thus,

BSS operational procedures will permit the sale of
power to the grid. Aside from the proceeds of the
battery swap, there will be additional BSS revenue. At
the same time, the cost of charging the batteries will be
reduced. The number of electric motorcycles served
and the number of batteries switched at time t reflect
the highest profit and minimal charging cost,
respectively, when the electricity price is low and high.

The BSS system model contains five assumptions,
which include 1) Riders can apply for several battery
swaps. 2) The battery is owned by BSS. 3) The battery
cannot be swapped while it is charging or discharging.
4) Batteries can be swapped if their state of charge is at
least a certain level. 5) If the rider requests multiple
battery swaps, the swapped batteries will have the same
capacity. Figure 2 shows the BSS system structure. The
number of battery slots is determined based on the
historical data of electric motorcycle arrivals.

C. Optimization model

The battery swap operation is carried out
dynamically, which means that electric motorcycle
riders will come immediately to the station to swap
batteries. Empty batteries swapped from the previous
electric motorcycle will be charged to meet the
upcoming battery swap request. The battery swap is
scheduled using the RHO method. RHO optimization
begins with identifying the period length parameter of
the defined horizon; the optimization issue is then
solved at time T=1, and the solution value is saved at
time T. The optimization problem is then solved
iteratively at the following T until T exceeds the
previous T in the period [27]. RHO consists of three
horizons: the current horizon, the forecasting horizon
(u), and the scheduling horizon (T). In this system with
a time slot ¢, the arrival of the electric motorcycle to the
control horizon is taken into account, as is the
prediction of the electric motorcycle' arrival at t+u.
Figure 3 shows the schematic of RHO. The scheduling
horizon is defined as the scheduling period T, which is
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Figure 1. Li-Ion battery charging curve by experiment.
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Figure 3. Schematic of rolling horizon optimization.

made up of multiple time slots. A solution is found for
each battery in the station.

The forecasting horizon employs the LSTM for data
prediction. LSTM is a deep learning neural network
architecture based on the recurrent neural network
(RNN) that models and predicts sequential data. LSTM
can handle data with long-term relationships, which are
frequently encountered as an issue in RNN. It has
memory blocks called cells and three gates for
managing memory contents. The gates in this approach
are logistic functions with multiple weights. The three
gates are the forget gate, the input gate, and the output

gate. These gates are an extension of the RNN method
designed to solve data problems with long-term
dependencies. Each gate contains a sigmoid function
that determines which data will be removed in each cell.
The input gate determines which new inputs enter the
cell state. The forget gate determines which value of the
former output is forgotten and which is retained. The
current input and prior output are used to determine
the forgotten and remaining values. The output gate
determines the value to be executed by using the state
vector from the previous step [28]. Figure 4 shows a
flowchart of the system.
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Figure 4. Flowchart of the system at the station.

The dynamic problem can be represented as a
mixed-integer nonlinear problem (MINLP) and then
linearized into a mixed-integer linear problem (MILP).
The station's system optimizes profit as the objective
component of MILP modeling. MILP is used to model
the restrictions on the station's components. The
limitations include battery type, battery SoC, battery
swap status, battery charging state at time t, electric
motorcycle arrival time, grid electricity pricing at time
t, and each battery's power usage.

The intended modelling will be solved inside the
RHO's current horizon (C) in order to acquire optimal
constraint values. The battery swap scheduling system
uses the battery swap status and battery charging state
at time t when the power price is low as decision
variables.

D. Real-time pricing mechanism

The real-time pricing mechanism in BSS is
dependent on the overall system load. The real-time
pricing mechanism is defined as the sum of the grid
load level (PF*) and the traded electricity quantity
(PE") between BSS and the grid multiplied by the grid
charging reference price (Pf*) and divided by the
average of load level (ngg). The mathematical model is
stated in equation (1). Kpgs, is obtained by summing

the charging (P;,) and discharging power (be) during
charging-discharging schemes.

PtLL X At+ KBSS,L’

rf
X
PIL x ot cost, (1)

costlt =

E. Mathematical model of MILP

The mathematical model for a four-wheeled vehicle
is constructed using MILP [2]. Conversely, a
mathematical model is modified to account for the
vehicle type, specifically an electric motorcycle, and the
battery swap scheduling system, which consists of two
dimensions: the set of times T and the set of batteries B,
as it is explicitly designed for electric motorcycle
Battery Swap Systems (BSS). The set of times T and the
set of batteries B are known. The set T contains time
slots t and the set B contains batteries with two battery
types b, where b={1, 2, 3,...,10}. The set of battery
types is represented by U; as a subset of B, where i={1,2}.
The charger used for each battery type is represented
by g.as a subset of B, where j={1,2}. Charger g, and
Charger g, are both variable chargers that are grouped
based on the maximum charging power of each battery
type. This mathematical modeling for battery swap
scheduling aims to maximize the profit received by BSS
in equation (2).
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Profit is obtained from the revenue of battery swap
activities and power sales to the grid by reducing the
cost of charging batteries from the grid and the cost of
battery degradation. Battery swap revenue has two
price parameters, namely the battery swap price and the
price of the difference between the SoC of the battery
from the rider and the one being swapped. In the prior
study, battery discharging income was calculated by
multiplying the discharged power by the time-of-use
electricity price [2]; in this research, the electricity price
is derived using the real-time pricing mechanism in
equation (1). The equations to get the value of the four
variables can be seen in equation (3) to equation (6).
Battery degradation cost is the reduction of battery
capacity after a day has passed (N7 = 480) multiplied by
the battery degradation cost. The battery capacity
decline model is created by observing how temperature,
cycle, discharging rate, and DoD affect battery capacity
reduction when discharging lithium-ion batteries [29].
Where R represents the gas constant and Temp denotes
the absolute temperature. The degradation cost is
calculated by multiplying the battery capacity loss by
the battery degradation price indicated in equation (6).
This MILP-based model's decision variables are the
charging/discharging power and charging and swap
state of each battery at time t, DV = [P}, Pf b Cobs Stpl -

Objective :

F = max(Rev® + Rev® — Cost® — Cost?9)  (2)
. YterXpenStp X COSth +

fev' = (zmzb e T ) ©

L x ASoC, X costkWh
100 :
Rev? = (Bier Yy es(n? x P,_f’_lb) X At X cost]t) (4)

c
Prp

Cost® = (Zteer B <?) X At X cost{t> (5)

Cost?9 = Y epk.exp (Rx Temp) X (Mnum X

DOD,pyay X 2)%55% X costf®d (6)

Constraints for objective F are described in
equation (7) to equation (21). Equation (7) is to find the
change value of SoC when an empty battery is swapped
by the rider with a battery from BSS at the initial time
slot (t = 1). Meanwhile, equation (8) is the change in
SoC value due to battery swap at t+1. Equation (12) to
equation (14) state the swap and charging status of each
battery at t. Both variables are binary variables where
the value 1 is being charged or can be swapped, and the
value 0 is the opposite. The swap status will equal 0 if
there is no battery swap request by the driver at
Tjarrival’and Tjarrival’ y Tarrival — T). Equation (12)
to equation (16) define and quantify the SoC of each
battery at time slot t, and identify which batteries meet

the criteria to be swapped with the rider’s battery. Only
batteries with an SoC exceeding the 90 % threshold are
permitted for swapping.

Subject to :

ASoC$, = (SoCyp, — SoCE™ ) X spp,V(t—1) €
T,vbeB (7)

ASoCEy = (S0Ci_1p —SoCEf™ ) X spp ,V(t #1) €
T,YbEB (8)

Ct,b+st,bs 1,VtET,VbEB (9)

Zb cBSth = Ntunits Yt € Tarrival (10)

sep = 0,VE € T vh € B (11)

(PEy—P&)xAt

S0Ct), = SoCop, + ot x 100% — ASoC
b
vb €B (12)

c d
- A
S0C.p = S0Ce_y p + % x 100% — ASoCS),

Vb €B (13)
S0Cop = X Sep,Vb €B (14)

The amount of charging/discharging power is
written in equation (17) to equation (19). Equation (17)
represents the battery charging characteristics, where at
SoC above 70 % the charging current will decrease,
which affects the charging power. The charging power
decreases exponentially due to the constant decrease in
current and voltage at SoC above 70 %. Equation. (18)
to equation (19) allows the charging and discharging
power values not to exceed the maximum
charging/discharging power of each battery type. The
total of electric motorcycles served, and batteries
swapped is represented in equation (20) and
equation (21), respectively. Equation (22) allows the
charger to be used at the same time. However, the total
number of chargers must not exceed the number of
chargers of each type.

S0Ci_1p = X S¢pp,¥h EB (15)

(SoC*** — DoD™%*) < SoC,p < SoC*™* ,Vt €
T,vbeB (16)

w—SoC¢p
0= Ptc,b < (PcAgAXCh X exp ( plIAXc ) X Ctb (17)

VteT,VbEU;,Ycg € g; V(i=j) €U

0< PS, < PCIZAXch X Cpp (18)
VtEeT,VbEU;,Ycg € g;, V(i=j) €U

0< Pr‘,ib < PCAgAXd X Cep (19)
VtET,VbEU;,Vcg € g; V(i=j)EU

Nserved = 3, ETZII\]I;ziigb , VNS 30 (20)

Nswapped — 3, eTSth (21)
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Zbeuict,b < G]CVt ETV(l:])EU (22)

The big difference between the SoC of the battery at
BSS and the battery owned by the rider is represented
in equation (8), where the multiplication between the
variables soc,_;, X w¢y is the non-linear component,
which is then linearized in equation (23) to
equation (26). It is known that x, j, is a positive variable.
If the battery swap status is 1, then x,;, will be equal to
so0c;_1 p and will be equal to 0 otherwise. Equation (17)
also needs to be linearized because the battery charging
power will decrease exponentially, which makes this
equation non-linear. The linearization is expressed in
equation (27), where the charging power (Pfp) is
generated by performing linear regression fitting. The
parameter a represents the slope, and  denotes the
intercept of the linear regression model.

ASoCEy = (x¢p — SOCE™) X s.p,V(t #1) €
T,vb€B (23)

Xep < Sep X SoCPM™ vt € TU™™Walyh € B (24)

Xep = S0Ce_1p — (1— sp),Vt € T yh € B

(25)
Xep < S0Ci_qp,VE € TY™e vh € B (26)
Pf, < —aSoC,p,+ f,Vt€T,VDEB (27)

F. Computer program: Case studies

All the simulations from each case are implemented
in Python and solved by the Gurobi optimization 10.0.2.
Table 2 shows the values of parameters used for
simulation. This section provides a collection of case
studies illustrating the efficacy of the introduced
scheduling system. This work essentially examines
three cases: the BSS unscheduled operation, battery
swapping scheduling utilizing RHO-LSTM, and battery
swapping scheduling utilizing RHO-Polynomial
regression. The simulation is implemented on BSS
across all instances, accommodating two types of
batteries with capacities of 60 V, 6 Ah and 72V, 20 Ah.
The parameter values applied in the three scenarios are
presented in Table 2. The second battery type is
preferred by customers due to its higher demand [6].

The BSS unscheduled operation entails the
exchange of batteries without a scheduling mechanism.
In this procedure, the battery's SoC constraint mirrors
the scheduling method with RHO, allowing for battery
swap if the SoC reaches or exceeds its threshold. The
SoC threshold is 90 %, with the maximum SoC
attaining 100 %. The BSS is capable of managing
numerous battery swapping requests simultaneously. If
a battery swap request is not received at time ¢, the BSS
will refrain from executing the battery change service.

Table 2.
Values of the parameters used.
Parameters Value
max 1,44 KWh Vb € 9,
0,36 kWh Vb € 1,
At 1/6
cost]” 1036 IDR
costy 2000 IDR Vb € 4
4000 IDR Vb € 9,
nd 0.95
neh 0.95
SoCjrax 100 %
DoD™a* 80 %
R 8,31
Temp -273,15
costWh 1036 IDR
pliaxd 0,72 kW Vb € Y,
0,36 kW Vb € 1,
pMAX=PT 144 kW
Pjaxe 0,57 kW Vb €
0,12kW Vb € 1,
-31500
30330
Crate 05
bey, b=[1-4]
bey, b=[5-10]
¢ 90 %
S0Cq 100 %
w 70 %

Upon receiving a depleted battery, the BSS immediately
initiates fast-charging at constant power until the end
of the time interval ¢, without discharging to the grid.
The swap procedure is emulated without scheduling,
distributed over 24 hours consisting of 480 time
intervals, each with a duration of 3 minutes. It is not
assumed that each battery within the BSS is fully
charged at the beginning of each day.

RHO is an optimization technique that enhances
the objective of a model within a certain time frame.
This optimization is performed iteratively to determine
the optimal short-term decisions while accounting for
their long-term implications. This approach is
employed under varying temporal conditions. The
RHO in this system establishes three horizons: the
current horizon, the forecasting horizon (u), and the
scheduling horizon (T). The comprehensive schematic
of the RHO utilized in this simulation is depicted in
Figure 3. LSTM and polynomial regression are
employed to execute the forecasting horizon. The
outcomes of each hybrid approach are evaluated to
assess the effectiveness of the RHO-LSTM method.
Furthermore, the simulation is conducted to represent
a full day of BSS operation across 480 time slots. The
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goal is to optimize the profit as specified in equation (2).

Each iteration generates income from swapping,
discharging, and the expense of charging the battery.
The final iteration incorporates the cost of degradation.
The simulation outcomes are analyzed across various
machine learning techniques.

IT1. Results and Discussions

Simulations are conducted using an electric
motorcycle arrival history dataset derived from the
battery-swapping activities of an online transportation
rider in Bandung, Indonesia. Qualitative data were
collected to determine the frequency of battery swaps
among electric motorcycle users, as well as the
proportion of battery capacity typically consumed
during each swapping event. The dataset contains the
arrival time of electric motors along with the number of
batteries requested per 3 minutes. Battery swapping
demand and arrival times are generated randomly,
informed by values from previous time intervals and
qualitative data. Data generation is limited to working
days to minimize uncertainty associated with
transportation activity during weekends.

A. Forecasting simulation

The data used is time-variant, which has an
increasing trend at the end of the time slot. As a result,
the data is not stationary. To solve forecasting problems
using time series data, one must use a stationary
dataset. Therefore, data shifting is necessary to
eliminate the non-stationary nature.

The dataset is divided into training and testing sets,
with the training data emphasizing the arrival patterns
of electric motorcycles and the corresponding battery
quantities. The test data lags behind the arrival of
electric motors and numerous batteries. In polynomial
regression, the training data includes information on
the arrival of electric motorcycles and the number of
batteries requested from Monday to Thursday. Test
data is motorcycle-arriving data on Friday that has been
shifted by one time slot. The model is constructed to
accommodate multiple inputs, specifically through the
application of multivariate polynomial regression.

The LSTM method modifies the data to have only
one input. The electric motorcycle arrival history data
from Monday to Friday is consolidated into a single
column. In this method, data shifting is also carried out
to avoid non-stationary data properties. Data on the
arrival history of electric motors at t represents x, while
data on the arrival history of electric motors at t+1
represents y. Training data and test data are divided by
a ratio of 80:20, where previously data normalization
has been carried out first. The training data are

subsequently divided into two subsets: validation data
and training data.

Figure 5 and Figure 6 display the prediction results
using polynomial and LSTM methods, respectively.
Prediction results using the LSTM method are more
accurate than those using polynomial regression. The
large root mean square error (RMSE) of each method
demonstrates this. Predicting the arrival of electric
motors with LSTM produces an RMSE of 0.002, while
using polynomial regression is 0.484.

Although these two methods can process non-linear
data, it can be seen that the RMSE generated by them is
very different. This is likely due to the poor correlation
value between the day variables and arrival time. The
correlation result can be seen in Table 3. The LSTM
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Figure 5. Prediction results using polynomial regression.
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Figure 6. Prediction results using LSTM after denormalization.
Table 3.
Correlation values days vs time.
Days Time
Monday 0.12604
Tuesday 0.133365
Wednesday 0.215388
Thursday 0.22695
Friday 0.266208
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method, with its cells and layers, may also contribute to
the more intricate computational process of data
training. The inclusion of forget cells in the LSTM
method facilitates a more advanced data training
process. LSTM is able to identify long-term patterns
and long-range dependencies in the data.

B. RHO and polynomial regression simulations

The preceding subsection examined the forecasting
horizon process employing LSTM and polynomial
regression techniques. The predicted outcome is
utilized as the input for time step t+1. This subsection
presents an analysis of the simulated results obtained
through the RHO and polynomial regression
prediction techniques. In the RHO approach, the
initialization of the optimization process is recognized
as a critical step. Accordingly, the initial value is first
determined. This value, along with the decision
variable, is subsequently employed as the primary input
for the optimization process at time t+1. In the last
iteration, the aggregate degradation cost of all batteries
diminishes the total value of the objective functions.

Figure 7 and Figure 8 illustrate the battery demand
and the frequency of battery swaps per hour,
respectively. Polynomial regression predicts the
emergence of electric motorcycles, considering the SoC
of the battery. The efficacy of RHO-polynomial
regression scheduling is inadequate for enabling

battery changes. During peak hours, BSS can supply
50 % of battery type 2 while surpassing the demand for
battery type 1 by 14.28 %. This approach generally fails
to satisfy the demand for type 2 batteries. There is a
significant demand for type 2 batteries.

The results of the polynomial regression forecasts
influence the battery-swapping outcome. This also aids
in establishing charging-discharging protocols using
real-time pricing mechanisms.

C. RHO and LSTM simulations

This subsection discusses how LSTM handles the
simulation forecasting horizon in RHO. The RHO-
LSTM method performs better than RHO-Polynomial.
Figure 8 and Figure 9 present the total battery swaps for
each method. During peak hours, this method
performs well, providing up to 75 % of the battery type
2 and more than 50 % of battery type 1. Generally, the
RHO-LSTM method provides a total battery of each
type that closely matches the battery swap demand.

This occurs because the process of predicting data
on the arrival of the desired electric motorcycle and
battery outperforms polynomial regression. Real-time
pricing also contributes to the scheduling of power
charging-discharging schemes. Figure 10 shows a graph
of the relationship between real-time pricing and the
charging-discharging scheme. Figure 11 presents a
graph depicting the correlation between real-time
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Figure 7. The battery demand at the end of workdays.
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Figure 9. The battery swapped by RHO-LSTM method

pricing and the charging-discharging strategy. At grid
peak prices, the total power at the BSS decreases.

D. Unscheduled operation simulation

An unscheduled BSS operation is a battery swap
that happens without the use of a scheduling system.
This procedure aligns the battery's SoC limitation with
the RHO scheduling process, allowing for battery swap
if the SoC exceeds the threshold. The threshold SoC is
90 %, while the maximum SoC is 100 %. The BSS may
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have the capability to accommodate many battery-
changing requests concurrently. The BSS will not
perform the battery swap service if there is no request
at the specified time. This operation does not execute a
discharge scheme. A fast-charging system, which
utilizes constant charging power, immediately charges
the battery upon replacement and does not utilize a
real-time pricing mechanism. The BSS will operate with
normal pricing, which uses a set grid price.
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Figure 10. The BSS power curves vs real time price with RHO-LSTM.
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Figure 11. The BSS power curves vs real time price with RHO-polynomial regression.
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This unscheduled operation approach, which lacks
integration with real-time system variables, results in a
charging rate that remains constant across all time
intervals t, regardless of fluctuations in grid electricity
pricing, as illustrated in Figure 12. This static charging
scheme significantly contributes to the observed
performance disparities among the other methods. The
profit outcome associated with the unscheduled
operation, presented in Figure 13, further reflects the
impact of these operational limitations. The addition of
a real-time pricing mechanism affects BSS profits
compared to using normal grid prices. The profit from
BSS utilizing the RHO-LSTM technique surpasses that
of the RHO-polynomial approach, as the electricity
price incurred by BSS at grid peak pricing is lower than
the price derived from the RHO-polynomial method

and the established grid price, as illustrated in Figure 12.

Figure 13 illustrates the BSS earnings achieved in each
scenario.

IV. Conclusion

Battery swapping stations (BSS) are generally
configured to battery type
corresponding to a specific electric motorcycle model.

support a single
In this study, the BSS capable of accommodating
multiple battery types is classified under the concept of
battery heterogeneity. To ensure operational efficiency,
a swapping schedule is optimized through the
application of a rolling horizon optimization (RHO)
framework, while long short-term memory (LSTM)
networks are employed to forecast both battery
demand and vehicle arrival patterns. Charging and
discharging costs are determined based on real-time
electricity pricing. The designed scheduling model is
empirically evaluated and benchmarked against
alternative methods, including polynomial regression
and unscheduled operations. The proposed system
enables the BSS to accommodate two types of batteries
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while demonstrating superior efficiency in battery
allocation compared to other cases, thereby enhancing
the overall performance of BSS operations. Among the
evaluated methods, the RHO-LSTM approach yields
the highest profit, primarily due to the integration of
real-time electricity pricing and an optimized charge-
discharge power management scheme. The
implementation of the real-time pricing mechanism
significantly ~improves BSS profitability ~when
compared to the use of static grid pricing. Specifically,
the profit achieved by the RHO-LSTM method exceeds
that of the RHO-polynomial method and the
unscheduled operation. This improvement is attributed
to the lower energy procurement costs during peak grid
pricing periods, which are more effectively managed
under the RHO-LSTM framework. Quantitatively, the
RHO-LSTM approach results in a 23.77 % higher profit
than the RHO-polynomial method and a 0.26 %
increase compared to the unscheduled operation.
Furthermore, the number of batteries supplied under
the RHO-LSTM method is 40 % greater than that of the
RHO-polynomial method, indicating a substantial
improvement in battery availability and system
responsiveness.

Declarations

Author contribution

All authors contributed equally as primary
contributors to this paper. Each author has reviewed
and approved the final version of the manuscript.

Funding statement

This research was supported by the Ministry of
Education, Culture, Research, and Technology of
Indonesia [master's thesis research scheme, grant
numbers  003/SP2H/RT-MONO/LL4/2023  and
351/PNLT2/PPM/2023]; Indonesia Endowment Fund
for Education (LPDP) and National Research and
Innovation Agency (BRIN) [RIIM research scheme,
grant number 50/IV/KS/06/2022 and

202/SAM4/PPM/2022].
Competing interest

The authors declare that they have no known
competing financial interests, nor any personal or
professional relationships, that could have been

perceived as influencing the work reported in this paper.

Additional information

Reprints and permission: information is available
at https://mev.brin.go.id/.

Publisher’s Note: National Research and
Innovation Agency (BRIN) remains neutral with
regard to jurisdictional claims in published maps and
institutional affiliations.

References

[1] R. Agustina, Yuniaristanto, W. Sutopo, “Factors
influencing electric motorcycle adoption in
indonesia: Comprehensive psychological,
situational, and contextual perspectives”, World
Electric Vehicle Journal, 16(2) 106 (2025).

[2] A. Shalaby, M. F. Shaaban, M. Mokhtar, H. H.
Zeineldin, E. F. El-Saadany, “A dynamic optimal
battery swapping mechanism for electric vehicles
using an LSTM-based rolling horizon approach”,
IEEE Transactions on Intelligent Transportation
Systems, 23 (9) 15218-15232 (2022).

[3] X.Zhang, Y. Cao, L. Peng, N. Ahmad, and L. Xu,
“Towards efficient battery swapping service
operation under battery heterogeneity,” IEEE
Trans. Veh. Technol., 69 (6) 6107-6118 (2020).

[4] H. Wu, “A survey of battery swapping stations for
electric vehicles: operation modes and decision
scenarios”, IEEE Transactions on Intelligent
Transportation Systems, 23 (8) 10163-10185 (2022).

[5] RK. Fachri, RA. Khayr, M. Z. Romdlony, A.
Muharam, Amin, “State of the art of battery swap
station management system in indonesia: an iot-
based prototype”, Proceedings of the 4th
International Conference on Electronics, Biomedical
Engineering, and Health Informatics, 493-503
(Surabaya, 2023).

[6] M. I. S. Putra, M. Hisjam, W. A. Jauhari, “An
optimization model for electric motorcycle battery
swapping station in indonesia: A case study”, E3S
Web of Conferences, 465 02042, (Lombok, 2023).

[71 M. Cai, M. Pipattanasomporn, and S. Rahman,
“Day-ahead building-level load forecasts using
deep learning vs. traditional time-series
techniques”, Applied Energy, 236 1078-1088 (2019).

[8] Zhou, H.,Zhou, Y., Zhang, H., Hu, J., Nordstromd,
L., Yang, G, “LSTM network-based method for
flexibility prediction of aggregated electric vehicles
in smart grid”, Proceedings of 2020 International
Top-Level Forum on Engineering Science and
Technology Development Strategy and The 5th
Purple Mountain Forum (PMF2020), 718 962-974
(Nanjing, 2020).

[9] S. Bouktif, A. Fiaz, A. Ouni, M. Adel Serhani,
“Optimal deep learning LSTM model for electric
load forecasting using feature selection and genetic
algorithm: Comparison with machine learning
approaches”, Energies, 11 (7) 1636 (2018).


https://doi.org/10.3390/wevj16020106
https://doi.org/10.3390/wevj16020106
https://doi.org/10.3390/wevj16020106
https://doi.org/10.3390/wevj16020106
https://doi.org/10.3390/wevj16020106
https://doi.org/10.1109/TITS.2021.3138892
https://doi.org/10.1109/TITS.2021.3138892
https://doi.org/10.1109/TITS.2021.3138892
https://doi.org/10.1109/TITS.2021.3138892
https://doi.org/10.1109/TITS.2021.3138892
https://doi.org/10.1109/TITS.2021.3138892
https://doi.org/10.1109/TVT.2020.2989195
https://doi.org/10.1109/TVT.2020.2989195
https://doi.org/10.1109/TVT.2020.2989195
https://doi.org/10.1109/TVT.2020.2989195
https://doi.org/10.1109/TITS.2021.3125861
https://doi.org/10.1109/TITS.2021.3125861
https://doi.org/10.1109/TITS.2021.3125861
https://doi.org/10.1109/TITS.2021.3125861
https://doi.org/10.1007/978-981-97-1463-6_34
https://doi.org/10.1007/978-981-97-1463-6_34
https://doi.org/10.1007/978-981-97-1463-6_34
https://doi.org/10.1007/978-981-97-1463-6_34
https://doi.org/10.1007/978-981-97-1463-6_34
https://doi.org/10.1007/978-981-97-1463-6_34
https://doi.org/10.1007/978-981-97-1463-6_34
https://doi.org/10.1051/e3sconf/202346502042
https://doi.org/10.1051/e3sconf/202346502042
https://doi.org/10.1051/e3sconf/202346502042
https://doi.org/10.1051/e3sconf/202346502042
https://doi.org/10.1016/j.apenergy.2018.12.042
https://doi.org/10.1016/j.apenergy.2018.12.042
https://doi.org/10.1016/j.apenergy.2018.12.042
https://doi.org/10.1016/j.apenergy.2018.12.042
https://doi.org/10.1007/978-981-15-9746-6_72
https://doi.org/10.1007/978-981-15-9746-6_72
https://doi.org/10.1007/978-981-15-9746-6_72
https://doi.org/10.1007/978-981-15-9746-6_72
https://doi.org/10.1007/978-981-15-9746-6_72
https://doi.org/10.1007/978-981-15-9746-6_72
https://doi.org/10.1007/978-981-15-9746-6_72
https://doi.org/10.1007/978-981-15-9746-6_72
https://doi.org/10.3390/en11071636
https://doi.org/10.3390/en11071636
https://doi.org/10.3390/en11071636
https://doi.org/10.3390/en11071636
https://doi.org/10.3390/en11071636

N.E. Fauziah et al. / Journal of Mechatronics, Electrical Power, and Vehicular Technology 16 (2025) 144-157 157

[10] S. Jawed, J. Grabocka, L. Schmidt-Thieme, “Self-
supervised learning for semi-supervised time series
classification”, Advances in Knowledge Discovery
and Data Mining. PAKDD 2020, 12084 499-511
(Singapore, 2020).

[11]J. Shanmuganathan, A. A. Victoire, G. Balraj, A.
Victoire, “Deep learning LSTM recurrent neural
network model for prediction of electric vehicle
charging demand”, Sustainability, 14 (6) 10207
(2022).

[12] M. Z. Romdlony, R. Khayr, A. Muharam, ER.
Priandana, Sudarmono Sasmono, Muhammad
Ridho Rosa, Irwan Purnama, Amin Amin, Ridlho
Khoirul Fachri, “LSTM-based forecasting on
electric vehicles battery swapping demand:
Addressing infrastructure challenge in Indonesia”,
Journal of Mechatronics, Electrical Power, and
Vehicular Technology, 14 (1) 72-79 (2023).

[13] A.K. Bohre, Y. Sawle, V. K. Jadoun, A. Agarwal,
“Assessment of techno-socio-economic
performances of distribution network with optimal
planning of multiple DGs”, EVERGREEN, 10 (2)
1106-1112 (2023).

[14] Y. Bai, Y. Zhu, “Adaptive optimization operation
of electric vehicle energy replenishment stations
considering the degradation of energy storage
batteries”, Energies, 16 (13) 4879 (2023).

[15] N. Xin, L. Chen, L. Ma, Y. Si, “A rolling horizon
optimization framework for resilient restoration of
active distribution systems”, Energies, 15 (9) 3096
(2022).

[16] W. Guo, B. Atasoy, W.B.V. Blokland, R. R.
Negenborn, “A dynamic shipment matching
problem in hinterland synchromodal
transportation”, Decision Support Systems, 134
113289 (2020).

[17] A. Bischi, L. Taccari, E. Martelli, E. Amaldi, G.o.
Manzolini, P. Silva, S. Campanari, E. Macchi , “A
rolling-horizon optimization algorithm for the
long-term operational scheduling of cogeneration
systems”, Energy, 184 73-90 (2019).

[18]]. Silvente, G.M. Kopanos, E.N. Pistikopoulos, A.
Espufia, “A rolling horizon optimization
framework for the simultaneous energy supply and
demand planning in microgrids”, Applied Energy,
155 485-501 (2015).

[19] Q. Kang, J. B. Wang, M.C. Zhou, A. C. Ammari,
“Centralized charging strategy and scheduling

algorithm for electric vehicles under a battery
swapping scenario”, IEEE Transactions on
Intelligent transportation systems, 17 (3) 659-669
(2015).

[20] Y. Li, Z. Yang, G. Li, Y. Mu, D. Zhao, C. Chen, B.
Shen, “Optimal scheduling of isolated microgrid
with an electric vehicle battery swapping station in
multistakeholder
programming approach via real-time pricing”,
Applied Energy, 232 54-68 (2018).

[21] S. Esmaeili, A. Anvari-Moghaddam, S. Jadid,
“Optimal operation scheduling of a microgrid

scenarios: a bi-level

incorporating battery swapping stations”, IEEE
Transactions on Power Systems, 34 (6) 5063 - 5072
(2019).

[22] K. Sepetanc, H. Pandzi¢, “A  cluster-based
operation model of aggregated battery swapping
stations”, IEEE Transactions on Power Systems, 35
(1) 249 - 260 (2020).

[23] B. Sun, X. Sun, D.H.K. Tsang, W. Whitt, “Optimal
battery purchasing and charging strategy at electric
vehicle battery swap stations”, European Journal of
Operational Research, 279 (2) 524-539 (2019).

[24] X. Geng, F. An, C. Wang, X He, “Battery swapping
station pricing optimization considering market
clearing and electric vehicles’ Driving Demand”,
Energies, 16 (8) 3373 (2023).

[25] Y. Liang, H. Cai, G. Zou, “Configuration and
system operation for battery swapping stations in
Beijing”, Energy, 214 118883 (2021).

[26] Y. Zhang, L. Yao, L. Hu, J. Yang, X. Zhou, W. Deng,
B. Chen, “Operation optimization of battery
swapping stations with photovoltaics and battery
energy storage stations supplied by transformer
spare capacity”, IET Generation, Transmission, and
Distribution, 17 (17) 3872-3882 (2023).

[27]1 K. D.Le,]. T. Day, “Rolling horizon method: A new
optimization technique for generation expansion
studies”, IEEE Transactions on Power Apparatus
and Systems, PAS-101 (9) 3112 - 3116 (1982).

[28] S. Hochreiter and J. Schmidhuber, “Long short-
term memory”, Neural Compuation, 9 (8) 1735-
1780 (1997).

[29]]. Wang, P. Liua, J. Hicks-Garner, E. Shermana, S.
Soukiaziana, M. Verbrugge, H. Tataria, J. Musser,
P. Finamore, “Cycle-life model for graphite-
LiFePO4 cells”, Journal of Power Sources, 196 (8)
3942-3948 (2011).


https://doi.org/10.1007/978-3-030-47426-3_39
https://doi.org/10.1007/978-3-030-47426-3_39
https://doi.org/10.1007/978-3-030-47426-3_39
https://doi.org/10.1007/978-3-030-47426-3_39
https://doi.org/10.1007/978-3-030-47426-3_39
https://doi.org/10.3390/su141610207
https://doi.org/10.3390/su141610207
https://doi.org/10.3390/su141610207
https://doi.org/10.3390/su141610207
https://doi.org/10.3390/su141610207
https://doi.org/10.14203/j.mev.2023.v14.72-79
https://doi.org/10.14203/j.mev.2023.v14.72-79
https://doi.org/10.14203/j.mev.2023.v14.72-79
https://doi.org/10.14203/j.mev.2023.v14.72-79
https://doi.org/10.14203/j.mev.2023.v14.72-79
https://doi.org/10.14203/j.mev.2023.v14.72-79
https://doi.org/10.14203/j.mev.2023.v14.72-79
https://doi.org/10.14203/j.mev.2023.v14.72-79
https://doi.org/10.5109/6793670
https://doi.org/10.5109/6793670
https://doi.org/10.5109/6793670
https://doi.org/10.5109/6793670
https://doi.org/10.5109/6793670
https://doi.org/10.3390/en16134879
https://doi.org/10.3390/en16134879
https://doi.org/10.3390/en16134879
https://doi.org/10.3390/en16134879
https://doi.org/10.3390/en15093096
https://doi.org/10.3390/en15093096
https://doi.org/10.3390/en15093096
https://doi.org/10.3390/en15093096
https://doi.org/10.1016/j.dss.2020.113289
https://doi.org/10.1016/j.dss.2020.113289
https://doi.org/10.1016/j.dss.2020.113289
https://doi.org/10.1016/j.dss.2020.113289
https://doi.org/10.1016/j.dss.2020.113289
https://doi.org/10.1016/j.energy.2017.12.022
https://doi.org/10.1016/j.energy.2017.12.022
https://doi.org/10.1016/j.energy.2017.12.022
https://doi.org/10.1016/j.energy.2017.12.022
https://doi.org/10.1016/j.energy.2017.12.022
https://doi.org/10.1016/j.apenergy.2015.05.090
https://doi.org/10.1016/j.apenergy.2015.05.090
https://doi.org/10.1016/j.apenergy.2015.05.090
https://doi.org/10.1016/j.apenergy.2015.05.090
https://doi.org/10.1016/j.apenergy.2015.05.090
https://doi.org/10.1109/TITS.2015.2487323
https://doi.org/10.1109/TITS.2015.2487323
https://doi.org/10.1109/TITS.2015.2487323
https://doi.org/10.1109/TITS.2015.2487323
https://doi.org/10.1109/TITS.2015.2487323
https://doi.org/10.1109/TITS.2015.2487323
https://doi.org/10.1016/j.apenergy.2018.09.211
https://doi.org/10.1016/j.apenergy.2018.09.211
https://doi.org/10.1016/j.apenergy.2018.09.211
https://doi.org/10.1016/j.apenergy.2018.09.211
https://doi.org/10.1016/j.apenergy.2018.09.211
https://doi.org/10.1016/j.apenergy.2018.09.211
https://doi.org/10.1109/TPWRS.2019.2923027
https://doi.org/10.1109/TPWRS.2019.2923027
https://doi.org/10.1109/TPWRS.2019.2923027
https://doi.org/10.1109/TPWRS.2019.2923027
https://doi.org/10.1109/TPWRS.2019.2923027
https://doi.org/10.1109/TPWRS.2019.2934017
https://doi.org/10.1109/TPWRS.2019.2934017
https://doi.org/10.1109/TPWRS.2019.2934017
https://doi.org/10.1109/TPWRS.2019.2934017
https://doi.org/10.1016/j.ejor.2019.06.019
https://doi.org/10.1016/j.ejor.2019.06.019
https://doi.org/10.1016/j.ejor.2019.06.019
https://doi.org/10.1016/j.ejor.2019.06.019
https://doi.org/10.3390/en16083373
https://doi.org/10.3390/en16083373
https://doi.org/10.3390/en16083373
https://doi.org/10.3390/en16083373
https://doi.org/10.1016/j.energy.2020.118883
https://doi.org/10.1016/j.energy.2020.118883
https://doi.org/10.1016/j.energy.2020.118883
https://doi.org/10.1049/gtd2.12938
https://doi.org/10.1049/gtd2.12938
https://doi.org/10.1049/gtd2.12938
https://doi.org/10.1049/gtd2.12938
https://doi.org/10.1049/gtd2.12938
https://doi.org/10.1049/gtd2.12938
https://doi.org/10.1109/TPAS.1982.317523
https://doi.org/10.1109/TPAS.1982.317523
https://doi.org/10.1109/TPAS.1982.317523
https://doi.org/10.1109/TPAS.1982.317523
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1016/j.jpowsour.2010.11.134
https://doi.org/10.1016/j.jpowsour.2010.11.134
https://doi.org/10.1016/j.jpowsour.2010.11.134
https://doi.org/10.1016/j.jpowsour.2010.11.134
https://doi.org/10.1016/j.jpowsour.2010.11.134

	I. Introduction
	II. Materials and Methods
	A. Battery heterogeneity at battery swapping stations
	B. Battery swapping station model
	C. Optimization model
	D. Real-time pricing mechanism
	E. Mathematical model of MILP
	F. Computer program: Case studies

	III. Results and Discussions
	A. Forecasting simulation
	B. RHO and polynomial regression simulations
	C. RHO and LSTM simulations
	D. Unscheduled operation simulation

	IV. Conclusion
	Declarations
	Author contribution
	Funding statement
	Competing interest
	Additional information

	References

