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Abstract

The increasing use of electric vehicles aligns with increasing global awareness regard-
ing climate change and air pollution challenges. Considered a sustainable alternative,
electric vehicles produce zero emissions and can reduce carbon and air pollution,
mainly when their charging energy is sourced from renewable resources. However,
consumers face the challenge of high costs, especially those related to battery compo-
nents, which are the energy source that drives the system of electric vehicles. In Indo-
nesia, the batteries commonly used in electric vehicles are Lithium Ferro Phosphate
(LFP) and Nickel Manganese Cobalt (NMC), each offering different characteristics and
benefits. Based on previous research, the presence of electric vehicles can reduce gas
emissions, and from several findings it is known that LFP is suitable for use in everyday
vehicles, while NMC is used for vehicles that prioritize performaifije and long distances.
This study aims is evaluate the correlation of these two types of batteries in terms of
capacity, range and charging time with Pearson correlation and MATLAB regression
analysis simulation methods. The correlation results show a strong and significant re-
lationship between parameters such as battery capacity, driving range, and charging
time, with a correlation coefficient value approaching 1 and having a strong correlation.
The regression analysis has strong and significant predictions with an R-square value
of 0,99. The average energy efficiency for LFP batteries is 7.53 km/kWh, and NMC
6.84 km/kWh, this shows that LFP shows consistent performance regarding energy
efficiency compared to NMC. Energy efficiency provides important insights into opti-
mizing the energy use of electric vehicles. Thus, these results can be used for planning
and developing more efficient electric vehicle battery systems. The combination of
these statistical analyses provides a solid basis for decision making in future electric
vehicle research and development.
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The global shift towards sustainable transportation has led to a significant increase in
the adoption of electric vehicles (EVs) [1]. Rising concerns over climate change and air
pollution have propelled governments and consumers worldwide to seek alternatives to
fossil fuel-powered vehicles [2]. EVs are a viable solution due to their zero tailpipe emis-
sions and potential to reduce greenhouse Bs emissions, primarily when powered by re-
newable energy sources [3]. In Indonesia, the transportation sector is a major contributor
to carbon emissions and urban air pollution [4]. The Indonesian government has set am-
bitious targets to increase EV adoption as part of its commitment to reduce greenhouse
gas emissions under the Paris Agreement. Despite these efforts, several challenges hin-
der the widespread adoption of EVs in Indonesia, particularly the high initial costs associ-
ated with battery technology [5] [5][6]. In addition, the Indonesian Government has previ-
ously issued a policy on using electric cars, especially EVs based on LFP and NMC bat-
teries, to encourage an electric-based transportation system to overcome carbon emis-
sions through Presidential Regulation Number 55 of 2019 [7]. Carbon emissions are
caused by fossil fuel vehicles, and most cars in Indonesia still use fossil fuels. Thus, this
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step is very much in line with global efforts to reduce carbon emissions, one of which is
utilizing electric power in vehicles with battery power sources.

Batteries are the most critical component of EVs, significantly affecting their perfor-
mance, range, and cost [8]. This battery functions as a power source, where the electric
current drives the electric generator, ultimately driving the P1icle, Two types of battery
materials are commonly used in electric cars in Indonesia: lithium iron phosphate (LFP)
and nickel manganese cobalt (NMC). Among the various battery technologies, LFP and
NMC batteries are the most used in EVs, each with distinct characteristics and advantages
[9]. LFP batteries are known for their long lifespan, thermal stability, and safety. They offer
lower energy density but are more cost-effective and have a longer cycle life than other
lithium-ion batteries [10]. On the other hand, NMC batteries have a higher energy density
and provide longer driving ranges. Still, they are more expensive and have concerns re-
garding thermal stability and the ethical sourcing of cobalt [11].

Previous research has explored the performance, efficiency, and longevity of both
LFP and NMC batteries in electric vehicles. Studies by Tran, M.K. et al., Long, B. et al.,
and White, C. et al. have examined the performance characteristics of LFP and NMC bat-
teries also analyzed the thermal behavior of LFP and NMC batteries under various oper-
ating conditions, highlighting the importance of thermal management in EV applications.
The energy efficiency and degradation rates of LFP and NMC batteries found that LFP
batteries offer better longevity but lower energy density [12][13][14]. Then, the research of
Guo J. et al., Geisbauer C. et al., and Mishra P.P. et al. concluded that although LFP has
a relatively long life, NMC has the advantage of performance and longer range [15][16][17].
According to previous research, the presence of electric vehicles can reduce gas emis-
sions, and from several findings, it is known that LFP is suitable for use in everyday vehi-
cles, while NMC is used for vehicles that prioritize performance and long distances.

en these considerations, this study aims to evaluate the correlation of these two
types of batteries in terms of capacity, range, and charging time with Pearson correlation
and MATLAB regression analysis simulation methods and evaluate the efficiency of LFP
and NMC batteries in the context of EVs in Indonesia, that is capacity, range, and charging.
This research seeks to provide insights into the advantages and disadvantages of each
battery type, contributing to informed decision-making for consumers and policymakers in
promoting sustainable EV adoption in Indonesia.

2. Methods

This research employs numerical methods with Pearson correlation and MATLAB
regression analysis simulation methods. The approach combines MATLAB-based simula-
tions with mathematical modeling to understand the correlation analysis of electric vehicle
batteries’ capacity, range, and charging time. The following is the methodology or flow in
data processing and methodology that can be used in analyzing LFP and NMC battery
efficiency using Pearson correlation analysis and MATLAB application:
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Figure 1. Research Methodology
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Figure 1. shows a research methodology that starts from data collection to conclu- 95
sions. The data collection process includes collecting technical specifications of electric 9
vehicles equipped with LFP and NMC batteries from various manufacturers, including bat- o7
tery capacity, range, and charging duration. This data is the basis for comparing the char- 98
acteristics of LFP and NMC batteries to the study’s objectives. The collected data is pro- 99
cessed numerically using the MATLAB program to analyze battery characteristics using 100
descriptive statistics, comparative analysis, and correlation/regression analysis. Then, the 101
datais analyzed by interpreting the processed data numerically using the Pearson formula 102
to measure the relationship between variables. The following is Pearson correlation for- 103

mula [18][19][20][21]: 04
- Elxi— £y )
TS [Ree 2oy 7| M 10
106
R-Square value[20][22][23] is: 107
RZ—1- SR (Total sum of regression) or R2=1— T(F-)2 @) 108
SST (Total sum of square) E(v-7)?
109
110

The relationship between these variables is presented based on the r and R-square 111
values; the closer the r value is -1< r < 1, r value is to -1 that variables have a negative 112
carrelation or a weak correlation; if the r value is 0 there is no correlation between the 113
variables, and If the r value is close to 1 that variables have a positive correlation or strong 114
correlation, and If the R square value is more significant than 0.1 or close to 1 then the 115
variables have a strong and significant correlation. 116

In addition to numerically using the Pearson formula, correlation between variablesis 117
also carried out by analysis using the MATLAB program. A correlation graph will be ob- 118
tained between the variables of capacity, range, and battery charging time through coding 119
with a scatterplot and heatmap based on the data collected. The following are the steps 120

for processing data using the MATLAB program: 121
122

123
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Figure 2 MATLAB Process

Figure 2 shows the data processing process using MATLAB. The initial data was ob- 142
tained from capacity, range, and battery charging time data from several electric car man- 143
ufacturers in Indonesia with LFP and NMC battery types. Then, the data was processed 144
and analyzed using the MATLAB program through scatterplots and linear regression 145
heatmaps using the Pearson formula, which will then be visualized as a linear regression 146
graph between the capacity, range, and charging time variables of each type of battery. A 147
regression correlation analysis can be carried out from the visualization display, which is 148
compared with the minimum correlation (r) and regression (R-square) provisions. 149
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150
151
152
153
3. Results and Discussion 154
3.1 Data Collection 155
The data comes from several electric vehicle manufacturers in Indonesia, espe- 156
cially sedans, starting from vehicle models, capacity, range, and charging time of LFP 157
and NMC-type batteries. The following is a table of the data: 158
159
Table 1. Lithium Ferro Phosphate [24][25][26][27] 160
Model Capacity Range Charging time
1 76,9 kWh 605 km 30 minute (DC Fast Charg-
ing)
2 50.6 kWh 408 km 30 minute (DC Fast Charg-
ing)
3 61,4 KWh 450 km 30 minute (DC Fast Charg-
ing)
4 51 kWh 350 km 30 minute (DC Fast Charg-
ing)
161
Table 2. Nickel Manganese Cobalt [28][29][30][31]. 162
Model Capacity Range Charging time
1 72,6 kWh 430 km 18 minute (DC Fast Charging)
2 77.4 kWh 460 km 18 minute (DC Fast Charging)
3 62 KWh 560 km 30 minute (Supercharger)
4 71.4 kWh 460 km 30 minute (DC Fast Charging)
163
3.2 Analysis Pearson Correlation (Numerical Methode) 164
a. Pearson correlation analysis of capacity and range 165
Use the Pearson correlation equation to calculate the correlation between bat- 166
tery capacity and range parameters. From the data above it is known: 167
Variable X is the battery capacity: X ={76.9, 50.6, 61.4, 51.0, 72.76, 77.4, 62.0, 168
71,4} 169
Variable Y is the range: Y = {605, 408, 450, 350, 430, 460, 560, 460} 170
171
172
Based on X and Y data, we get the values: 173
x=Lf=6541 3) 174
175
¥=Lr=456,38 (4) 176
177
Y(X; - X)(Y; - ¥) = 6399,37 (5) 178
179
Y(X; —X)? =1117,93 (6) 180
181
Y(¥; —¥)? = 110856,25 (7 182
183
correlation value between battery capacity and range is: 184
x— )y, —y 6399,37
T D0y ) _ 0576 -

" G- 9'%0.-y%  J1i17,93_ 11085625
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Thus, the Pearson correlation efficiency shows a positive relationship be-
tween battery capacity and range, proven by calculation to have a positive value
of 0.576. A positive value indicates a unidirectional relationship between battery
capacity and distance traveled. In other words, the distance a vehicle can travel
increases as battery capacity increases. With an R-value of 0.578, this correlation
is in the medium range. Although not very strong, this relationship is meaningful
eno to show a relationship between the two variables.

n line with the research conducted by Y. Han et al. (2021) and H. Wang et al.
(2022) elained the provisions of the Pearson coefficient value (r) between -1 ad
1, when the r value approaches -1 then the variables have a weak correlation, the
r value is 0 then the variables have no correlation, and when r approaches 1 then
the variables have a strong correlation. In the research conducted by W. Wu et al.
(2024), if the Pearson correlation coefficient value approaches 1, the variables cer-
tainly have an ideal correlation.

According to the results of the Pearson correlation coefficient calculations and
previous research, the calculation results are in line with previous research,
namely, 0,576, that the correlation between battery capacity and range on LFP and
NMC batteries is positive and has a strong correlation (medium correlation).

b. Pearson correlation analysis battery capacity and charging time
Use the Pearson correlation equation to calculate the correlation between bat-
tery capacity and charging time parameters. From the data above it is known:
Variable X is the battery capacity: X ={76.9, 50.6, 61.4, 51.0, 72.76, 77.4, 62.0,
71,4}
Variable Y is the charging time: Y = {30, 30, 30, 30, 18, 18, 30, 30}
The following is Pearson correlation formula:

_ I 00y )
b= T ®

Based on X and Y data, we get the values:

Z(X; —X)(¥; - ¥) = -57,68
Y(X; - X)? =1117,93
Correlation value between battery capacity and charging time is:

— - )iy ) _ 5768 _
by = T~ H% 111793 0,0516

Regression coefficient value can be determined by calculating the slope of b1:
by= Y- b;.X=27-(-0,0516 x 65,41) = 30,38

Substitute the slope value b1 into the regression formula:

Y =by+by.X ©)

¥ =30,38-0,0516.X

Based on X and Y data, we get the values:

SSR= Y(P,-7)? =214 (10)
SST= Y(¥;-YV)* =216 (11)
RE=1-2B_ 2%_4_0010=10,99

SST 216
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230
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Thus, the Pearson correlation efficiency shows a weak negative correlation
coefficient between charging time and battery capacity. This negative correlation
implies that increasing battery capacity by 1 kWh typically decreases charging time
by 0.0516 minutes, indicating that larger battery capacities are associated with
slightly reduced charging times. However, the R-square value showed that 99.0%
of the variation in charging time could be explained by battery capacity, and an-
other factor, such g8 technology and efficiency of charging, may cause 1.0% of the
variation. Hence, the relationship between battery capacity and charging time is
powglul.

In line with the research conducted by W. Wu et al. (2024), if the R-square
value is more significant than 0.8, the variables certainly have substantial and sig-
nificant predictions in the research of J. Chen et al. (2023) concluded that if the R-
square value equals 1, the research variables can be categorized as having ideal
regression. Then, the research of X. Zhou et al. (2023) concluded that when the
variables have an R-square value greater than 0.1, the regression model can be
said to be good.

The regression coefficient calculation results align with previous research.
The regression correlation between capacity and charging time on LFP and NMC
batteries is 0.99, above the minimum value of 0.8 and approaching 1. Thus, the
correlation between these variables is significant, approaching ideal, and good.

c. Pearson correlation analysis of range and charging time
Use the Pearson correlation equation to calculate the correlation between the
range (R) parameters and charging time (T). From the data above itis known:

Variable Rire  is LFP battery range, [605, 408, 450, 350]
Variable Tire  is LFP battery charging time, [30, 30, 30, 30]
Variable Rwuc  is the NMC battery range, [430, 460, 560, 460]
Variable Tnue  is NMC battery charging time, [18, 18, 30, 30]

[Bhsed on R and T data, we get the values:
IR~ R)T-T ) (12)
VE@R- RZUT-T)?

Based on and Y data, we get the values:
Rurpc = % = 453,25 Tyep = 2{ =30

r=

- IR - T
Ryye =% = 477,5 Tyme == = 24

1) LFP Battery
TR, —R)T;-T)=0

Y(R; —R)? = 35.764,25
LT-D*=0
2) LNMC Battery
(R, —R)(T, - T) = 780
Y(R; —R)? = 9675
(T, —T)? = 144
From the calculations above, we get
1) LFP battery correlation
LFP battery correlation value is ¥(T; = T)> = 0, r.ep =0

2) NMC battery correlation
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(R~ R)Ti-T ) 780

TR WIS DZ | Versan

The Pearson correlation efficiency shows a Correlation between range and
charging time for batteries LFP = 0 (no relationship, because charging time is con-
stant), and for NMC batteries = 0.661 (moderate positive relationship, meaning
vehicles with longer charging times tend to have higher range). Thus, the relation-
ship between the distance traveled and the charging time of the LFP battery is not
connected because the charging time remains constant. In contrast, NMC batteries
show a moderate positive correlation between these two factors, indicating that
longer charging times are generally associated with greater distances traveled.
This examination highlights the influence of battery type on the interaction between
charfghg time and distance.

n line with the research conducted by Y. Han et al. (2021) and H. Wang et al.
(2022) elained the provisions of the Pearson coefficient value (r) between -1 aj
1, when the r value approaches -1 then the variables have a weak correlation, the
r value is 0 then the variables have no correlation, and when r approaches 1 then
the variables have a strong correlation. In the research conducted by W. Wu et al.
(2024), if the Pearson correlation coefficient value approaches 1, the variables cer-
tainly have an ideal correlation.

The results of the Pearson correlation coefficient calculation and previous re-
search align, namely that the correlation between range and charging time on LFP
batteries has no correlation with r =0. The correlation between range and charging
time on NMC batteries is positive and strongly correlated (Moderate correlation)
withr =0,661.

LFP battery correlation value is r = =0,661

d. Battery efficiency
From the data above it is known:
Variable Crr is LFP capacity, [76.9, 50.6, 61.4, 51.0]
Variable Rire is LFP battery range, (605, 408, 450, 350]
Variable Cumc  is NMC battery capacity, [72.6, 77.4, 62.0, 71.4]
Variable Rnmc  is NMC battery range, [430, 460, 560, 460]

To get battery efficiency, we can use energy efficiency formula, that is:

Ry
Ei={ (13)
7oLk
E== (14)
1) LFP battery
B 805 B as0
Ei=(b= 555=787 Ey=C= {5=733
_ R _ 408 _ —Re_ 350 _
Ey=i= 5.=806 Ey={t= 55:=686

Battery efficiency value is:
YE; _ 7.87+8.06+7.33+6.86 _

E= = n 7.53 km/Kwh
2) NMC battery

El=%:= %=5.92 Eg=%;= %=9.03

52:';—:: 20 =594 54:';—:: I8 =644

Battery efficiency value is:

l_f:%: 5.92 +5.‘34: 9.03 + 6.44 ~6.83 Jm/Kwh
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Vehicles with LFP batteries have a higher average energy efficiency of 7.53
km/kwh than NMC of 6.83 km/kWh. This shows that LFP shows consistent perfor-
mance regarding energy efficiency compared to NMC, but the energy efficiency
variation is minor, indicating more consistent performance. While LFP battery tech-
nology appears to prioritize stability in charging duration, NMC batteries show a
stronger relationship between charging time and range performance. Furthermore,
LFP batteries show less efficiency variation than NMC batteries, indicating that
they provide more reliable performance. In contrast, NMC batteries experience a
wider range of energy efficiencies, implying that their performance may be more
significantly affected by additional factors.

According to the results of efficient batteries and previous research, electric
vehicles can reduce gas emissions. Several findings indicate that LFP suits every-
day vehicles, while NMC is used for cars that prioritize performance and long dis-
tances.

3.3 Analysis MATLAB
a. MATLAB Program
Based on tables 1 and 2 regarding data on capacity, range and charging time for
LFP and NMC batteries, regression correlation can be obtained through programming
in MATLAB. The following is the MATLAB code:
%Comparation battery capacity with range,
% FP dan NMC battery data:
Ifp_battery_capacity = [76.9, 50.6, 61.4, 51.0]; % kWh
Ifp_range = [605, 408, 450, 350]; % km
nmc_battery_capacity =[72.6, 77.4, 62.0, 71.4]; % kWh
nmc_range = [430, 460, 560, 460]; % km

% Regresi linier LFP
p_lfp = polyfit(lfp_battery_capacity, lfp_range, 1);
fit_Ifp = polyval(p_Ifp, lfp_battery_capacity);

% Regresi linier NMC
p_nmc = polyfit(nmc_battery_capacity, nmc_range, 1);
fit_nmc = polyval(p_nmc, nmc_battery_capacity);

% Plot regresi value

figure;

hold on;

scatter(lfp_battery_capacity, Ifp_range, 'bo’, DisplayName', 'LFP Actual Data');
scatter(nmc_battery_capacity, nmc_range, 'ro', 'DisplayName’, 'NMC Actual Data’);
plot(lfp_battery_capacity, fit_lfp, 'b--', 'DisplayName', 'LFP Linear Fit');
plot(nmc_battery_capacity, fit_nmc, 'r--', 'DisplayName’, 'NMC Linear Fit');

% Regresi linier graph

text(mean(lfp_battery_capacity), meanifit_lfp), sprintf('y = %.2fx + %.2f', p_lfp(1),
p_lip(2)), 'Color', 'blue’, 'FontSize', 10);

text(mean(nmc_battery_capacity), mean(fit_nmc), sprintf('y = %.2fx + %.2f',
p_nmc(1), p_nmc(2)), 'Color', red’, FontSize', 10);

xlabel('Battery Capacity (kWh)');

ylabel('Range (km)");

title('Capacity Battery and Range correlation according battery tipe');
legend('show’);

grid on;

hold off;

362

376
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b. Regression Correlation analysis of capacity and range

Carrelation Matrix of EV Parameters

50 857 6057 N

(b)
Figure 3 Correlation Regression analysis of capacity and

In general, Figure 3 shows thatgen increase in battery capacity usually goes hand
in hand withaaci imthe yarga ofras el ervehidlen However, this correlation
is not completely strong, indicating that other elements, such as energy efficiency,
vehicle condition, and driving habits, also play an essential role in determining range.
Nevertheless, the correlation values show that battery capacity remains the main fac-
tor to consider when seeking to improve the range performance of electric vehicles.
The increase in battery capacity corresponds to the increased distance that an electric
vehicle can cover. This phenomenon applies to both types of batteries, where the
increased capacity facilitates more excellent energy storage, thus enhancing the driv-
ing range. Regression analysis shows that a linear model can effectively represent
the relationship between battery capacity and driving range, which states that in-
creased battery capacity significantly increases driving range.

Figure 3. (a) shows a correlation matrix between the two main parameters of
electric vehicles, namely battery capacity and driving range. The dominant yellow
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color in the diagonal cells indicates a strong positive correlation between the two var- 470
iables. The correlation coefficient value of 0.5676 strengthens these findings, indicat- 471
ing that the greater the battery capacity, the longer the electric vehicle can travel. 472
Then, figure 3. (b) visually shows the relationship between battery capacity and cruis- 473
ing range through a scatter plot and regression line. The regression lines for both 474
battery types (LFP and NMC) show a similar trend to the correlation matrix results, 475
namely a positive relationship between capacity and range. The LFP cell regression 476
line has a flatter slope, indicating increasing capacity. The increase in the range of 477
LFP batteries is smaller than that of NMC batteries. Although the NMC battery regres- 478
sion line has a steeper slope, indicating that increasing N battery capacity can 479
increase driving range more significantly, it can be said that the relationship between  1s0
battery capacity and driving range is more complex for NMC batteries compared to 481
LFP batteries. However, there is a relatively negative trend in the NMC curve, indicat- 482
ing that there are other factors to consider when designing electric vehicles using 483

NMC batteries. 484
485

c. Caorrelation analysis of capacity and charging time 186
487

488

r— 159

0.000000000001 490

I 491

é_m_mm e« 492

- 493

§nm 191

. 495

196

ry— 197
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511
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Figure 4 Correlation Regression analysis of capacity and charger

. 517
Figure 4. shows that i"?"ﬁﬂ?}ﬁ?ﬁ&d’apmiw does not significantly impact 518
charging duration; therefore, Bls-eSsdht ‘consider additional elements, such as 519
fast charging technology, to improve the charging time efficiency of electric vehicles. 520
Furthermore, this analysis verifies that factors beyond battery capacity play a more 521
significant role in determining charging time. Charging duration is also affected by 522
battery capacity. Batteries with larger capacities generally require extended charging 523
times, depending on the charging level. The horizontal regression line in Figure 4. (a) 524
shows no significant correlation between LFP battery capacity and charging time. This 525
means that changes in battery capacity will not affect the time it takes for the battery 526
to be fully charged. The LFP battery charging system can be optimized so thatcharg- 527
ing time remains relatively constant regardless of battery capacity. Figure 4. (b) shows 528
a downward-sloping regression line, meaning a negative correlation exists between 529
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NMC battery capacity and charging time. The larger the NMC battery capacity, the 530
shorter it takes to charge fully. This may be because a ternary battery with a larger 531
capacity may have a higher charging efficiency and can be charged more quickly. Fast 532
charging technology in ternary batteries may be more effective if the capacity ismore 533

significant, and larger-capacity batteries tend to have shorter charging times. 534
d. Correlation analysis of range and charging time 535
536

= . 537

* NMG. . 538

o 539

s 540

= 541

£ 542

EW 543

4 t 544

o 545

516

400 . 547

548

P ) 2 2 [ = -4 542

Charging Time (minutes) 550

Figure 5 Correlation Regression analysis of range and charger i;

Figure 5. shows agraph comparingtwgdistance an electric vehicle travels versus 553
the time it takes to charge the battery. The results show significant differences be- 554
tween lithium iron phosphate batteries and ternary batteries. LFP batteries do not 555
show a clear correlation between driving distance and charging time, meaning charg- 556
ing time tends to be consistent regardless of driving distance. On the other hand, 557
ternary batteries show a positive correlation; that is, the longer the distance traveled, 558
the longer it takes to charge. This indicates that vehicles with longer distances have 559
larger batteries and require longer charging times. These findings are essential for 560
selecting electric vehicle battery types and planning charging infrastructure. Vehicles 561
showing higher range may require long charging periods; However, with increased 562
charging rates (as observed in NMC), users can reduce the time allocated for charg- 563
ing. Analysis reveals that, although NMC offers a more excellentrange, its accelerated 564
charging duration makes it more practical for everyday use, especially when time ef- 565
ficiency is essential. However, the charging efficiency may differ between LFP and 566
NMC. In the empirical analysis, the NMC demonstrated a superior charging rate 567
(20.86 km/min) compared to the LFP (15.11 km/min), implying that although the NMC 568
potentially has a larger capacity, the charging duration may be more efficient than the 569
LFP. 570

3.4 Correlation Analysis of Coefficient Pearson and MATLAB Operation 572
From the results of the Pearson correlation coefficient and regression calcula- 573
tions, as well as scatterplots and heatmaps in MATLAB operations, it can be said that 57
the numerical computation of the Pearson correlation coefficient shows that the cor- 575
relation between the capacity and range of LFP and NMC batteries has a reasonably 57
strong correlation, which is reinforced by the scatterplot and heatmap visualization in 577
MATLAB has a correlation value of 0.567, although in NMC batteries the correlation 578
between capacity and range is inversely proportional, the greater the capacity, the 579
smaller the range, it is suspected that other factors influence this such as technology 580
and vehicle weight. 581
Correlation between capacity and charging time in numerical calculations can be 582
seen in both LFP and NMC batteries, which have a significant positive regression 583
value, approaching ideal and well above 0.8. However, the results of MATLAB visual- 584
ization in graphs, although having significant regression in LFP batteries, tend not to 585
correlate. This happens because, in general, all LFP battery capacities have the same 586
charging time, which is 30 minutes. Unlike NMC batteries, this battery has an inverse 587
correlation; the greater the capacity, the faster the charging time; this is because this 588
NMC battery has good fast charging features and capabilities and better technology 589
than LFP batteries. 590
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Then, when viewed from the cormrelation between range and charging time, nu-
merically, the LFP battery has a constant charging time, so there is no correlation
between these variables. Meanwhile, the NMC battery, range, and charging time var-
iables strongly correlate with a 0.661 (moderate correlation) value. This is also rein-
forced by the visualization of MATLAB operations, which show that the LFP battery
also has a weak correlation with a constant charging time, while for the NMC battery,
the greater the charging time, the longer or further the range traveled by the vehicle.

4. Conclusions

Electric vehicles with LFP batteries are more suitable for daily use where cost and
long life are a priority, while NMC batteries are more suitable for high performance and
long distances. Then, the correlation results show a strong and significant relationship
between parameters such as battery capacity, range, and charging time. Regression
analysis provides a numerfERl model that can predict the relationship between variables
with good accuracy. From the results of the analysis, it can be concluded that 1) Corre-
lation efficiency shows a positive relationship between battery capacity and distance trav-
elled; this is proven by calc@tion with Pearson formula, and MATLAB has the same and
positive value of 0.576. 2) The relationship between battery capacity and charging time
is very weak; correlation efficiency shows that an increase in battery capacity of 1 kWh
will indicate that an increase in battery capacity will reduce the charging time by 0.0516
minutes. 3) Correlation efficiency shows a Correlation between range and charging time
for batteries. LFP has no relationship (chargingtime is constant), and NMC batteries have
a positive relationship, meaning vehicles with longer charging times tend to have a higher
range. 4) The average energy efficiency for LFP batteries is 7.53 km/kWh, and NMC is
6.84 km/kWh; this shows that LFP shows consistent performance regarding energy effi-
ciency compared to NMC. Energy efficiency provides important insights into optimizing
the energy use of electric vehicles. Electric vehicles can reduce gas emissions, and from
several findings, itis known that LFP is suitable for use in everyday vehicles, while NMC
is used for vehicles that prioritize performance and long distances. Thus, these results
can be used to plan and develop more efficient electric vehicle battery systems. The
combination of these statistical analyses provides a solid basis for decision-making in
future electric vehicle research and development.
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APPENDIX

% Statistical Analysis of Electric Vehicles (LFP vs NMC)

%% Input Data

% LFP Vehicles Data

Ifo_models = {'BYD Han', 'Wuling Cloud EV', 'Chery Omoda 5', 'MG 4 EV'};

Ifp_capacity = [76.9, 50.6, 61.4, 51.0]; % kWh
Ifp_range = [605, 408, 450, 350]; % km
Ifp_charging = [30, 30, 30, 30]; % minutes

% NMC Vehicles Data
nmc_madels = {'Hyundai loniq 5', 'KIA EV 7', 'Tesla Model 3', Toyota bZ4x};

nmc_capacity = [72.6, 77.4, 62.0, 71.4]; % kWh
nmc_range = [430, 460, 560, 460]; % km
nmc_charging = [18, 18, 30, 30]; % minutes

%% 1. Correlation Analysis

% Combine data for correlation analysis
all_capacity = [Ifp_capacity nmc_capacity];
all_range = [Ifp_range nmc_range];

% Calculate correlation matrix
corr_matrix = corr([all_capacity' all_range');

% Visualize correlation matrix
figure('Position’, [100, 100, 800, 600]);
heatmap({'Capacity’, '‘Range'}, ...
{'Capacity’, 'Range’},
corr_matrix, ‘Colormap’, jet);
title("Correlation Matrix of EV Parameters');

%% 2. Regression Analysis
% Figure for capacity vs range regression
figure('Position’, [100, 100, 1200, 400));

% LFP Regression

subplot(1,2,1);

mdl_Ifp = fitim(lfp_capacity, [fp_range);
scatter(lfp_capacity, Ifp_range, 100, filled', 'b");

hold on;

x_lfp = linspace(min(lfp_capacity), max(lfp_capacity), )
y_lfp = md|_lfp.Coefficients. Esti
plot(x_Hlfp, y_Ifp, 'b-', ‘LineWidth', 2);
xlabel('Battery Capacity (kWh)");
ylabel('Range (km)');

title([LFP Regression (R? = ' num2str(mdl_lfp.Rsquared.Ordinary, %.3") ) );
grid on;

1) + mdl_Ifp.Coefficients. Esti ) * x_lfp;
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text(min(lfp_capacity), max(lfp_range), ..
sprintf('y = %.2fx + % 2", mdl Ilp Coeﬂsclenls Estimate(2), .
mdl_Ifp.Coefficients.Estimate(1)), .
‘VerticalAlignment', 'top’);

% NMC Regression

subplot(1,2,2);

mdl_nme = fittm(nmc_capacity, nmc_range);
scatter(nmc_capacity, nmc_range, 100, filled’, 'r');

lnspace(mln(nmc capacny) max(nme_ capacny %0)

y nmc = mdl_nmc.C 1) + mdl_nmc.C Esti ) * x_nme;
plot(x_nme, y_nme, 'r-', ‘LineWidth', 2);

xlabel('Battery Capacity (kWh)");

ylabel('Range (km)');

title([NMC Regression (R? = ' num2str(md|_nmc.Rsquared.Ordinary, '%.3f") )]);

grid on;

_capacity), ._range), .
sprintf('y = %.2fx + %.2f, mdl_nmc. Coeﬂlmenls Estimate(2), .
mdI_nmc.Coefficients.Estimate(1)), ...
‘VerticalAlignment', 'top’);

%% 3. Battery Capacity vs Charging Time
% Scatter plot for LFP and NMC
figure('Position’, [100, 100, 1200, 400]);

% LFP Analysis
subplot(1,2,1);

mdl_lfp_charging = fitim(ifp_cap Ifp_
scatter(lfp_capacity, lfp_charging, 100, filled', 'b’);

hold on;

x_Ifp_charging = linspace(min(lfp_capacity), max(Ifo_capacity), 100);

y_lfp_charging = mdI_Ifp_ ing.Coefficients.Esti 1) + mdl_lfp_ ing.Coeffici i 2) * x_Ifp_

plot(x_Ifp_charging, y_Ifp_charging, 'b-", ‘LineWidih', 2);
xlabel('Battery Capacity (kWh)");
ylabel('Charging Time (minutes)’);
title([LFP Charging Time Regression (R? = ' num2str(mdI_Ifp_charging.Rsquared.Ordinary, '%.3f') "1);
grid on;
text(min(lfp_capacity), max(lfp_charging), ...
sprintf('y = %.2fx + %.2f", mdl_Ifp_charging.Coeffici i )y e
mdl_Ifp_charging. Coefficients. Estimate(1)), ...
‘VerticalAlignment', 'top’);

% NMC Analysis

subplot(1,2,2);

mdl_nmc_charging = fittm(nmc_capacity, nmc_charging);
scatter(nmc_capacity, nmc_charging, 100, filled', 'r');

hold on;
X_Nmc_( i i _capacity), 100);
y_nmc_charging = rndl nme. charglng Coefhments Estimate(1) + mdl_nmc_charging. Coefficients.Estit ) * x_nmc_g

plot(x_nmc_charging, y_nmc_charging, -, ‘LineWidth', 2);

xlabel('Battery Capacity (kWh)");

ylabel('Charging Time (minutes)’);

title(NMC Charging Time Regression (R? = ' num2str(md|_nmc_charging.Rsquared.Ordinary, '%.3f) ) );

rid on;

?ext(min(nmcﬁcapacily), max(nmc_charging), ...
sprintf('y = %.2fx + %.2f", mdl_nmc_charging.Coefficients.Estimate(2), ...
mdl_nmc_charging.Coefficients.Estimate(1)), ...
‘VerticalAlignment', 'top’);

%% Statistical Tests and Metrics
fprintf(\nStatistical Analysis Resultsn’);

% Correlation Analysis Summary
fprintf('n1. Correlation Analysis:’);
fprintf("\nCapacity-Range Correlation: %.3f', corr_matrix(1,2));
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% Regression Analysis Summary

fprintf("n\n2. Regression Analysis:);

fprintf("\nLFP Range-Capacity Model:);

fprintf("\n  R-squared: %.3f", mdl_lfp.Rsquared.Ordinary);
fprinti("\n  p-value: %.4f, mdl_Ifp.Coefficients.pValue(2));
fprintf("\nNMC Range-Capacity Model:);

fprintf("n  R-squared: %.3f', mdl_nmc.Rsquared.Ordinary);
fprinti(\n  p-value: %.4f, mdl_nmc.Coefficients.pValue(2));

% Performance Metrics Summary

fprintf("n'n3. Performance Metrics:");

fprintf("\nEnergy Efficiency (km/A&Wh):);

fprintf("nRange (km):);

fprintf("\n  LFP Mean: % .2f, Std: %.2f', mean(lfp_range), std(Ifp_range));
fprintf("n  NMC Mean: % .21, Std: % 2, mean(nmc_range), std(nmc_range));

% Statistical Analysis Summary

fprintf(\n4. Battery Capacity vs Charging Time Analysis:);
fprintf(\nLFP Regression Model:);

fprintf("n  R-squared: %.3f', mdl_lfp_charging.Rsquared. Ordinary);
fprinti(\n  p-value: %.4f, mdl_Ifp_charging.Coefficients.pValue(2));
fprintf("nNMC Regression Model:");

fprintf("n  R-squared: %.3f', mdl_nmc_charging.Rsquared.Ordinary);
fprintf("n  p-value: %.4f, mdl_nmc_charging.Coefficients.pValue(2));

813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829




31800

ORIGINALITY REPORT

6% Aoy 3%

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS

Ay

STUDENT PAPERS

PRIMARY SOURCES

.

Student Paper

Submitted to United International University 30/
0

2]

Thessaloniki
Student Paper

Submitted to Aristotle University of

<1%

jetbis.al-makkipublisher.com

Internet Source

El

www.math.oregonstate.edu

Internet Source

]

<l%

[&]

Untari Novia Wisesty, Tjokorda Agung Budi <
Wirayuda, Febryanti Sthevanie, Rita Rismala.

%

"Analysis of Data and Feature Processing on
Stroke Prediction using Wide Range Machine
Learning Model", Jurnal Online Informatika,

2024

Publication

ebuah.uah.es

Internet Source

www.mechanicaljournals.com

Internet Source

<l

B www.atlantis-press.com

Internet Source

Exclude quotes On Exclude matches

Exclude bibliography  On

<17 words



