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Abstract. Efficiency in charging is essential to reduce the charging time and the amount
of energy required, which has become a critical requirement due to the increased use of
electric vehicles (EVs). To address this problem, the Taguchi-TOPSIS technique was
employed to find the ideal combination for reducing the EV charging time and energy
consumption, taking into account important parameters like the charging power, battery
temperature, voltage, and cable length. To measure the effect of the input parameters on
the output variables, the S/N ratios of all input parameters were computed, and the ranking
of the EV charging parameters was done through the delta values. Residual plots were
plotted to verify the precision of the model developed. The ANOVA findings indicate that
the battery temperature parameter is the most significant one affecting EV charging time
and energy consumption. The optimal combination identified through this analysis was
P3-T1-V3-L1, where the specific parameters for the optimal setup included: a charging
power of 9 kW, a battery temperature of 15°C, a voltage of 500V, and a cable length of 1
meter. This configuration ensures efficient charging procedures by lowering energy
consumption and time required for charging.

1 Introduction

Electric cars use electric engines powered by the electrical energy generated from batteries. The reasons
for the adoption of electric cars globally include environmental regulations, innovations in the
technologies used in the manufacture of batteries, the reduction in costs, and the urgent need to
decarbonize the transport networks. Electric cars are critical to sustainable development and climate
change concerns [1]. Due to the various impacts that EV use has in organisational, policy, environmental,
and technological sectors, EV use has received considerable attention from researchers [2]. With the
growing interest in the world about environmentally sustainable transport and reduced emissions of
greenhouse gases, there have been increased cases of electric vehicle ownership in various countries.
Environmental consciousness, user profile, and incentives are some of the main factors that determine the
rate of adoption of electric vehicles in different countries, according to a study conducted by meta-
regression analysis on electric vehicle adoption drivers in the world [3]. There are certain cultural and
economic indicators that determine the intention of people to purchase electric vehicles (EVs). As
observed in a comparative study between Spain and India, the adoption behaviors of EVs can be explained
using a value-belief norm framework and technology acceptance models [4,5]. There are several critical
input parameters for the charging process of electric vehicles (EVs) that include charging power,
temperature of the battery, voltage, cable length, and the efficiency of the charging station. Among other
factors, charging power affects the charging speed of an electric vehicle. This factor is expressed in KW
and determines the amount of energy necessary for charging a particular
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vehicle. It decreases the charging time while potentially increasing the overall energy consumption due
to inefficiencies of energy transformation and heat generation. Temperature is another important factor
influencing the speed of charging at extreme conditions. Similarly, Voltage plays an important role in
ensuring that electricity is efficiently transferred to the battery, but high voltages could lead to rapid
charging, while disparities between charging station and automobile specifications could cause loss of
electricity. Efficiency in charging is affected by the length of the cables, as long cables imply higher
resistance and hence higher loss of energy, which ultimately takes longer for the batteries to charge.
Finally, the battery type and size are important considerations, as some batteries could be charged faster
than others due to their energy storage capacity [6-8].Recent advances in the study of electric vehicles
have incorporated optimisation methods along with machine learning methods with the aim of enhancing
the ability to predict vital outputs such as driving range and energy consumption.Shahid A. Hasib et al. []
provide a new approach in deep learning through the use of a DNN model that has been optimised via the
RMSProp algorithm to overcome the challenges associated with EV range prediction. This model gives
better performance because of its use of a unique real-world dataset to account for different driving
conditions. The R2 value is 0.99, the MAE value is 6.81 km, the MAPE value is 2.01%, and the RMSE
value is 9.32 km. These results indicate the utility and reliability of the proposed model in reducing EV
range anxiety and improving trip planning, significantly surpassing conventional machine learning
algorithms such as SVM and linear regression [9]. Another research focus on analysing data through
advanced analytics to be able to forecast energy consumption and analyse four hyperparameter
optimisation techniques, which include Grid Search CV, Randomized Search CV, Optuna, and PSO. This
research also aims at creating a stacking hybrid ensemble model combining KNN and trees. Validation
and evaluation of the models will be carried out through temporal feature engineering and practical dataset
analysis. The stacking hybrid ensemble model gave the best prediction with an impressive R2 score of
0.960078 and the lowest errors in predicting (MAE=0.645880 and RMSE=1.788540) [10]. Another work
paper proposes a model using reinforcement learning for optimising energy consumption in electric
vehicles. To increase the effectiveness of processing time series data and predicting action value, GRU
and DDQN models are merged into a hybrid model. This model attains the highest cumulative reward of
97.1 and the least bias (0.017 during training and 0.018 during testing) among all other models tested.
The maximum distance driven by the vehicle is 503 km and has an energy efficiency rate of 87.6% [11].In
study [12], Multi-objective crow search (MOCS) and multi-objective particle swarm optimisation
(MOPSO) have been applied to solve this problem. The first case study (CS1) presents four different
hybrid renewable energy systems in the presence of electric vehicles (EVs). In other words, it uses EVs
along with power-sharing capacity for each HRES. Furthermore, Monte Carlo simulation (MCS) is
utilised for modelling the stochastic nature of EVs. The second case study (CS2) presents four HRESs
with power-sharing capability, but this time, EV is not considered at all in any of the HRESs.The
optimization approach for the charge schedule of the electric vehicle is formulated in this study.
Simulating the electric vehicle in the Vehicular Ad-hoc Network (VANET) network model is the first
stage of this process. This phase includes determining the emerging demands of the EVs and charging
stations that can be easily accessed. Then, the EVs are scheduled based on the charge scheduling technique
where a newly formulated JMVO is used to solve it. The Jaya Optimization algorithm and Multi-verse
Optimization (MVO) have been integrated together to develop the proposed IMVO algorithm. For this, a
new multi-objective fitness function has been designed with certain parameters. Assignment of EVs to
the charging station is done using the scheduling algorithm. Efficiency of the method will be determined
by modifying the parameters of the EV charging schedule model. Due to the minimal cost for charging at
62.721, minimum fitness of 0.010, maximum power of 2.605J, and maximal user convenience of 0.769,
it is evident that the proposed JIMVO algorithm outperformed the others [13].K. Karthick et al. [14] utilize
machine learning algorithms such as XGBoost, LightGBM, CatBoost, and ExtraTreesRegressor to predict
the RUL of NMC-LCO batteries. XGBoost proved to be most effective in managing battery life and
sustainability, having the highest prediction accuracy among these algorithms. A new hybrid model called
CART-GX, which leverages state-of-the-art deep learning models to enhance SoH estimation, was
proposed by Mohnish Karthikeyan B et al. [15]. CNNs, GRUs, attention models, residual models, and
transformers are some of the architectures that have been utilized in the proposed model to emulate long-
term dependencies, obtain spatial and temporal features, and focus on significant features. The validation
of the proposed method is done using the NASA and CALCE battery data sets. The contribution of the
battery capacity in each cycle is the main factor behind SoH estimation in both datasets, considering the
result analysis through the SHAP values of the CART-GX method. For NASA, the recommended model
has worked very well, with RMSE as 0.0130%, MAE as 0.0087%, and R? score 0f 99.999%. For CALCE,
the model is accurate with RMSE scores lower than 1.23% and R? score greater than 99%.

2 Taguchi and TOPSIS Technique

Taguchi's design is one of the efficient and easy-to-understand methods that helps to reduce the
experimentation time by reducing the number of trials. The L27 orthogonal array helped to select 27
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different datasets for this research. The TOPSIS method was applied to calculate the optimal parameters
concerning EV charging duration and energy consumption to enhance the process. This method allows
improving the effectiveness and precision of EVs, giving a rational way to define the most suitable
parameters to achieve the best welding results. The four input variables considered in this experiment
include power (P), battery temperature (T), voltage (V), and cable length (L) and Two outputs such as
Charging Time and Energy Used in EVs (Table.1) and Fig.1 shows the work flow of this study.

Input Parameters

Charging Power *
TOPSIS
Battery Method
Temperature
Optimal . N
Voltage Parameters for Charging Time
M|  Charging Time, =
Cable Length Energy Used in Energy Used
EVs =

. ——

Fig.1 Work Flow Process for This Work

Table.1 input and output responses for EVs

Charger Charging

Charging Battery Cable Time
Power Temperature Voltage Length (min) Energy Used
S.No (kW) (P) (A°C) (T) ™) (m) (L) (€T (kWh) (EU)
1 3 15 200 1 80.17 23.62
2 3 15 350 3 82.67 13.84
3 3 15 500 5 93.03 14.84
4 3 25 500 5 109.95 45.1
5 3 25 200 1 76.96 6.71
6 3 25 350 3 119.31 15.5
7 3 35 200 5 99.58 9.34
8 3 35 500 1 59.23 49.47
9 3 35 200 3 116.19 332
10 6 15 500 5 35.77 8.04
11 6 15 200 1 58.61 19.48
12 6 15 350 3 86.48 39.87
13 6 25 200 5 116.64 49.42
14 6 25 500 1 92.09 30.65
15 6 25 200 3 33.68 48.23
16 6 35 350 5 51.21 21.66
17 6 35 500 1 48.15 9.04
18 6 35 200 3 50.68 20.22
19 9 15 350 5 117.96 29.53
20 9 15 350 1 87.99 23.28
21 9 15 500 3 41.82 18.36
22 9 25 200 1 110.35 24.35
23 9 25 350 3 60.73 26.54
24 9 25 500 5 60.98 42.01
25 9 35 200 1 97.92 39.13
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26 9 35 350 5 87.66 30.51
27 9 35 500 1 39.24 10.77

3 Results and Discussion
3.1 Effect of parameters on charging time

The relationship between input parameters (charging power, battery temperature, voltage, and cable
length) and charging time is illustrated in Fig.2. It can be observed that the battery temperature plays an
important role in the charging time, where higher charging times occur at intermediate charging powers
for a temperature of 25°C compared to 15°C and 35°C. Therefore, it can be inferred that the charging
time could be minimal at 35°C. Higher cable lengths (3m and 5m) provide longer charging times
compared to shorter cables (1m). This could be attributed to the fact that higher resistance is produced as
the distance increases. Moreover, higher voltages (200V to S00V) decrease charging time.
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Fig.2 interaction plots between input variables and charging time

Table 2 and Table 3 give an in-depth analysis of Signal-to-Noise (S/N) ratio with respect to Charging
Time (CT) and Energy Utilized (EU). As can be seen from Table 2, an optimal combination of parameters
for CT was achieved when P3-T2-V2-L3, where the optimal settings for charging power, temperature of
the battery, voltage, and length of the cable resulted in the highest values of charging time. In other words,
3 kW of power, 25°C of battery temperature, 350 V of voltage, and 5 m cable length led to the maximum
charging time value (Fig.3). The charging time of electric vehicles is higher when the battery temperature
is 25°C due to various reasons. The internal resistance of the battery could be higher when compared to
other temperatures, leading to energy losses in the form of heat, but the reactions in the battery could still
take place at a moderate pace at this temperature. The rate at which the battery is charged could also be
limited by the thermal management system to prevent overheating.

SN ratio Plot for Charging Time
Charging Power (P) [Battery Temperature (T) Voltage (V) Cable Length (L)

-35

SN ratios for Charging Time
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Signal-to-noise: Smaller is better
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Fig.3 SN ratio plot for charging time

Table.2 Signal to Noise Ratios for Charging Time

Battery

Charging Temperature Voltage Cable
Level Power (P) (T) (V) Length (L)
1 -39.18 -37.08  -37.91 -37.10
2 -35.36 -38.16  -38.46 -36.58
3 -37.28 -36.58  -35.52 -38.08
Delta 3.81 1.59 2.94 1.50
Rank 1 3 2 4

Table.3 Signal to Noise Ratios for Energy Usage

Battery Cable
Charging  Temperature Voltage Length
Level Power (P) (T) [4%) (L)
1 -25.65 -25.74 -27.29  -26.01
2 -27.24 -28.82 -27.53  -27.83
3 -28.10 -26.43 -26.19  -27.35
Delta 245 3.08 1.34 1.82
Rank 2 1 4 3

3.2 Effect of parameters on energy usage

The influence of input parameters on energy usage is illustrated in Fig. 4. It can be seen that increased
temperature has a significant effect on increased energy usage when charging power is high, but low
battery temperature leads to high energy consumption in the case of low charging power. With regards to
voltage, it should be said that low voltage (200V) and low charging power correspond to high energy
usage, while high voltage (500V) at high charging power causes energy savings. Shorter cables consume
less energy, especially at high power levels, as plot (c) shows, whereas long cables (5 meters) consume
more energy at low charging power due to increased resistance.
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Fig.4 Contour plots between input variables and Energy usage
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The most effective energy generated by EVs was found at P3-T2-V2-L3, whereby the optimal values of
power, temperature, voltage, and cable length were set as 9 kW, 25 °C, 350 V, and 3 meters, respectively
based on Table 3 and Fig.5. A relatively long cable (3 meters) will result in increased energy requirement
for the electric vehicles due to factors such as power loss and voltage drop. This is because the resistance
of the cable rises with its length, hence causing the voltage drop, which requires an increase in current
generation. Consequently, energy is wasted in the form of heat, reducing the efficiency of energy transfer
and increasing the EV’s energy use during charging. In conclusion, increased resistance and reduced
efficiency of charging can lead to high energy usage despite the use of a medium-length cable.

SN ratios plot for Energy used
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Fig.5 SN ratio plot for Energy used

Residual Plots for charging time
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Fig.6 Residual plots for charging time
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Residual Plots for Energy used
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Fig.7 Residual plots for Energy used in EVs

Fig.6 and Fig.7 indicate the residual plots for the effective residual plot of energy usage and charging
duration of the electric vehicle. From the graphs above, we can conclude that the data exhibits a normally
distributed characteristic since the experimental data points exhibit a pattern throughout the graph. The
graphs reveal the accuracy of the data collected because of the randomness of the projected response
residuals. However, the majority of error points for the charge time range from -4 to +4, while the energy
consumption error points range from -10 to +10 as illustrated in the error distribution plot. It is quite clear
that the accuracy and reliability of the model can be determined by observing this error distribution
because most results lie within a good margin of error.

3.3 Taguchi-TOPSIS Analysis

TOPSIS method can be used in decision-making because it analyses the optimal and least favourable
options in order to determine the set of factors that could optimize EV charging time and energy usage.
A summary of the findings from the TOPSIS analysis is presented in Table 4. The most optimal
combination according to the current research work is P3-T1-V3-L1. The values of the charging power,
battery temperature, voltage, and length of the cables are 9 kW, 15 °C, 500 V, and 1 m, respectively
(Table.5). The charging time and energy use will be high for an electric car with high voltage and charging
power. This is because higher charging capacity allows the battery to gain more energy, hence leading to
a prolonged time required for the battery to ensure complete charging. Similarly, higher voltage leads to
faster charging but increased energy is required for the battery to get fully charged.

Table.4 TOPSIS Results

S.No Weighted Normalized ~ Positive Negative

Normalized data data Ideal Ideal Relative

CT EU CT EU Solution Solution Closeness
1 0.5429 0.3955 0.2172 0.1582 2.730 1.604 0.5545
2 0.5721 0.1667 0.2288 0.0667 2.186 1.548 0.6701
3 0.6931 0.1901 0.2772 0.0761 1.942 2.014 0.6152
4 0.8907 0.8978 0.3563 0.3591 2.053 1.851 0.1046
5 0.5054 0.0000 0.2022 0.0000 2.283 1.694 0.7483
6 1.0000 0.2056 0.4000 0.0822 2.154 1.570 0.5197
7 0.7696 0.0615 0.3078 0.0246 1.956 2.071 0.6357
8 0.2984 1.0000 0.1194 0.4000 2.071 1.952 0.3261
9 0.9636 0.6195 0.3854 0.2478 2.295 1.711 0.2932
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10 0.0244 0.0311 0.0098 0.0124 1.706 2.601 0.9710
11 0.2911 0.2986 0.1165 0.1195 2.282 1.674 0.7038
12 0.6166 0.7755 0.2466 0.3102 2.250 1.404 0.2833
13 0.9688 0.9988 0.3875 0.3995 2.252 1.718 0.0179
14 0.6821 0.5599 0.2728 0.2239 2.002 1.642 0.4009
15 0.0000 0.9710 0.0000 0.3884 2.081 1.666 0.4208
16 0.2047 0.3496 0.0819 0.1399 1.633 2.547 0.6942
17 0.1690 0.0545 0.0676 0.0218 1.702 2.498 0.8946
18 0.1985 0.3159 0.0794 0.1264 1.793 1.997 0.7197
19 0.9842 0.5337 0.3937 0.2135 1.960 1.913 0.3477
20 0.6342 0.3875 0.2537 0.1550 2.094 1.690 0.5290
21 0.0951 0.2725 0.0380 0.1090 1.704 2.412 0.7752
22 0.8954 0.4125 0.3581 0.1650 1.912 1.950 0.4399
23 0.3159 0.4638 0.1264 0.1855 1.755 2.161 0.5837
24 0.3188 0.8255 0.1275 0.3302 1.788 2.309 0.3739
25 0.7502 0.7582 0.3001 0.3033 1.779 2.009 0.2445
26 0.2034 0.0813 0.2011 0.0804 2.145 2.542 0.4193
27 0.0910 0.0364 0.0710 0.0284 1.896 1.956 0.9140

SN ratios Plot for TOPSIS

Charging Power (P) |Battery Temperature (T) Voltage (V) Cable Length (L)

SN ratios for TOPSIS
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Table.5 Signal to Noise Ratios for Taguchi-TOPSIS

Battery Cable
Charging  Temperature Voltage Length
Level Power (P) (T) V) @O
1 7.217 4.889 8.997 5.501
2 7.962 10.952 6.278 6.005
3 6.426 5.765 6.029  10.156
Delta 1.536 6.063 2.968 4.655
Rank 4 1 3 2
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Table.6 Analysis of Variance analysis
Source DF SeqSS AdjSS AdjMS F P
Charging Power (P) 2 10.61 4.260 2.130 1.6 0.0957
Battery Temperature (T) 2 19330 165.033 82.517 679 0.0213

Voltage (V) 2 27.63 63.553  31.776 259 0.0534
Cable Length (L) 2 153.72  153.725 76.862 62.8 0.0235
Residual Error 18 879.24  879.244  48.847
Total 26 1264.52

The most crucial determinant of charging duration and energy consumption by electric vehicles is the
temperature of the batteries, after which comes cable length, voltage, and charging power based on the
findings from ANOVA analysis (Table.6). Low temperatures for the batteries mean that they charge
better. The low temperature of the batteries helps in effective heat dissipation to avoid overheating and
facilitate the charging process. However, maintaining the optimal temperature means that there will be
greater energy consumption. In conclusion, the above factors combine to influence the overall charging
duration and energy usage, whereby increased power input and voltage increase the two values
respectively. However, low battery temperature may aid in lowering energy use although it may require
close monitoring.

4 Conclusion

In this study, The four input parameters of the charging power, temperature of the battery, voltage, and
cable length were selected to find out the best suitable charging time and energy efficiency values for
electric cars (EVs). Based on the Taguchi approach, P3-T2-V2-L3 provided the optimal parameter
combination for charging time (CT), with the conditions being 3 kW charging power, 25°C battery
temperature, 350V voltage, and 5 meters cable length, resulting in the highest charging time value. Also,
the highest energy efficiency could be achieved at P3-T2-V2-L3 with 9 kW charging power, 25°C battery
temperature, 350V voltage, and 3 meters cable length.

The robustness of the model was also verified using the residual analysis technique. most of the error
terms in the charging time are within the range of -4 and 4, while the error terms in energy consumption
lie within -10 and 10.The TOPSIS methodology was applied to optimize and determine the best parameter
settings to improve EV charging time and energy consumption based on several inputs. The most crucial
parameter affecting charging time and energy consumption, as determined by ANOVA testing, was the
battery temperature. Also, P3-T1-V3-L1, which included the parameters of charging power (9 kW),
battery temperature (15°C), voltage (500 V), and cable length (1 m), was found to be the most effective
combination to improve charging time and energy consumption in terms of S/N ratio.These optimal
conditions would ensure that electric vehicles become more efficient during charging in industrial
settings, ensuring faster charging and less energy use. In order to provide a better outlook for the future
in electric transportation, these facts should be taken into account by manufacturers in the design and
implementation of EV charging stations. More research on this topic can look into the impacts that these
optimal factors have in various conditions.
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