Prediction of the Electric Vehicle Driving Distance
Depending on the Air Temperature Changing by the
Random Forest Tree Ensemble Learning
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Abstract

The Lithium battery consumption of EV (Electric
Vehicle) is closely related to the air temperature
which makes driver turn on the air conditioner or
heater. Prediction of possible driving distance of EV
is important for arriving at the destination or a
charging station without shortage of energy. A
random forest tree ensemble learning based
prediction method of possible driving distance using
field data is proposed and verified in this paper. The
charging start time joint temperature feature which
influences battery consumption is introduced and is
used for the best—fitting prediction model.

I. Introduction

The battery is a key part of electric vehicle (EV)
but has a fatal disadvantage in that energy
consumption prediction is unstable due to various
factors such as air conditioning and heating, vehicle
auxiliary devices, weight, speed, and resistance [1].
Therefore, it is important to accurately predict
possible driving distance to arrive at a charging

station or the destination without shortage of energy.

Influence of environmental temperature (called
out—car temperature or air temperature) on lithium
battery consumption due to air conditioning or
heating was investigated in 2020 but this research
does not give any energy consumption and possible
driving distance prediction model [2]. In 2022,
research on that speed of vehicle as well as
environmental air temperature affect battery
consumption, was carried out by Haiyan et al. but
their model is not based on real data but based on
theoretical and assumptive formulas [3]. Li et al.
studied the energy consumption varying with
different lithium materials without considering air
temperature changing directly affecting air
conditioning and heating of EV in 2022 [4].

In this research, to overcome the disadvantages
addressed above, we introduce “the charging start
time joint temperature (ChatJoinTem) feature”
which importantly determines the best—fitting
model to predict lithium battery charging amount
and possible driving distance of EV depending on the
air temperature changing on the real driving road
and in the real environment.



II. Proposed Charging Start Time Joint
Temperature Feature Selection

In this study, we have found that the ChatJoinTem
feature importantly determines the best—fitting

model for predicting charging amount in Fig. 1.
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Figure 1. Random forest ensemble learning based
ChatJoinTem feature selection process and driving distance
prediction model depending on the air temperature changing
for EV.

The ChatJoinTem feature means air temperatures
from N hours before charging start time at a
charging station, Ty. For example, Ty represents
air temperatures from 5 hours before EVs start
battery charging at a charging station. Thus, before
finding the charging amount prediction model, we
(best) ChatJoinTem
feature by the random forest tree ensemble

obtain the most influential
learning. And then, based on the most influential
ChatJoinTem feature, we search a best—fitting
regression model for predicting EV charging amount

and possible driving distance.

(1) Best ChatJoinTem feature selection

1) Select the most influential ChatJoinTem feature
by the random forest ensemble learning

Charging station dataset between 1:00 p.m. and 4:00
p.m. in 2021, was collected in South Korea, is used
to predict charging amount depending on the air
temperature changing [5]. It includes information
charging date, charger type, charging amount, and
charging start/end time. According to the previous
(21, [31, it

researches is known that the air

temperature and battery consumption are correlated.

The collected charging amount data on specified
We
temperature values for 12 hours on specified dates

dates are only given. retrieved the air

from the Automatic Weather System database [6].
We can obtain the air temperature data going
backward in time from the current charging start
time. The raw data in [5] provides charging amount
data every time EVs charge battery. Based on the
data we try to find out what air temperature value
to which EVs have been exposed before they arrive
at a charging station, most influences the charging
amount. In other words, the air temperature values
at different times can be obtained because the air
temperature—time pair data are provided by the
Korea Meteorological Administration [6]. We are
motivated to derive “how many hours before the

charging start time” (i.e., “what air temperature

4

value” ), Ty in Table 1, mostly influences the

charging amount, called “the charging start time
joint temperature feature (ChatJoinTem).” We use
the random forest tree ensemble learning [7] for
deriving the ChatJoinTem feature in Table 1. C

represents sum of all charges measured at Ty, air
temperatures from N hours before the charging

start time at a charging station.

L Training Dataset (Input—Output Pair)
T, T, T, T, T, T,
Input
T7 T3 T9 TIO Tll T12
OUtDUt Ccharging

Table 1. Training Dataset used for training the random forest
tree ensemble learning model.

L: Training Dataset

Ty: Air temperatures from N hours before charging start time
at a charging station (1 <N <12)

Ccharging- Accumulated charging amount during T, through T,

The random forest ensemble learning uses
multiple decision trees as estimators to get better
predictive performance. To prevent overfitting, this
model uses a bagging method that aggregates the
results by training each estimator using a randomly
sampled dataset L,,. The decision tree consisting of
multiple estimators with sample from dataset is

defined as follows:

B(x) = — M B, L) (1)

x: Selected sample feature(s) among T; ~ T;, features
(Number of x is set to 2 in this study)
M : Number of estimators
(N is hyper parameterized and fixed to 150)
@ Decision tree
L,, : nth bootstrap sample randomly selected from input—
output pair pool L in Table 1




Importance i of each feature T, using the model
defined in (1), is calculated by formula (2):

1
Iy =S5— EZ£=1 SkN (2

s Mean cross—validation score of model @(x)

N : Index of each feature in dataset L

K : Number of cross—validation iterations

Sgn - Mean cross—validation score of model @(x)mo¢
(Trained on dataset L with feature Ty replaced by noise)

First Cross—Validation Second Cross—Validation
Feature Importance Feature Importance
Ts 0.024 Ts 0.024
T, 0.020 T, 0.022
Ts 0.019 Ts 0.018
T, 0.015 T, 0.014
Ty 0.014 Ty 0.012
Ty 0.013 Tio 0.010
Tio 0.010 Ts 0.009
Tiy 0.009 T, 0.007
Ti1 0.008 T, 0.007
T, 0.007 Ty, 0.007
Ty 0.006 T, 0.006
T, 0.003 Ti, 0.006

Table 2. The feature importance after cross—validations twice.

As shown in Table 2, after cross—validation (CV)
was carried out twice, Ty has turned out to be the
highest importance because EVs are predicted to
consume more battery during the morning hours Ts,
5 hours earlier from the charging start time 1:00
p.m. through 4:00 p.m. when it is colder.

2) Modified data input/output pair by grouping

All the collected air temperature values such as —
14.9C, —14.17C, —13.3T at the selected feature Ts
in the air temperature raw data do not have equal
number of collected charging amount data. This
unequal number of collected charging amount data
gives a problem of sparse and dense data. The
sparse charging amount data give less accuracy of
model fitting for predicting the charging amount.
Therefore, for solving the sparse charging amount
data problem we modify temperatures into grouping
air temperature values with min 35 through max 39
numbers of collected charging amount data as
shown in Table 3.

Raw data input/output | Modified data input/output by grouping

TS N Csum Trunge (Group) Cgsum N Cuvg

-14.9 | 1 | 1295.040 —14.9~-75 53774 | 38 | 1415.122

-14.1 | 1 | 1448.120 -7.5~-3.7 54929 | 39 | 1408.454

-13.3 | 1 | 1331.440 =3.7~1.0 45497 | 39 | 1166.598

-12.8 | 1 | 1200.160 1.0~3.9 42478 | 37 | 1148.072

35.5 1 | 1316.545 25.2~26.3 47524 | 35 | 1357.836
35.8 1 | 1817.420 26.3~28.0 54489 | 37 | 1472.699
36.5 1 | 1846.860 28.0~29.9 55547 | 39 | 1424.287
36.7 1 | 1776.818 29.9~36.7 58578 | 38 | 1541.535

Table 3. Air temperature raw data vs. Modified air
temperature data groups.

N: Group size (# of charging amount data collected at Ts)

Tyange (Group): Ts values range for each group

Cyum - Total sum of charging amount at Ts (kWh) in the air
temperature raw data

Cgoum * Total sum of charging amount at T,gng (kWh) in the
group air temperature raw data

Covg * Average of charging amount in each group

(2) The best—fitting model for predicting EV
charging amount and possible driving distance

To find the best—fitting model, we compare three
representative regression models: polynomial
regression, decision tree, and random forest tree
ensemble learning, respectively. Notice that we use
the modified data input/output pairs for finding the
best—fitting model.
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Figure 2. Prediction result by the polynomial regression
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Figure 3. Prediction result by the decision tree model.
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Figure 4. Prediction result by the random forest tree ensemble
model.

In Fig. 2, we can notice that the battery charging
amount is clearly related to the air temperature
changing. Battery charging amount in the cold and
hot air temperatures which require driver to keep
air conditioner or heater running, is significantly
higher than the mild temperatures at 5.8 through
7.4C.

Cross Validation (CV) RMSE Analysis
c Decision Random
Polynomial Tree Forest
RMSE 52.664 59.022 44.822
Std 32.054 43.364 46.051

Table 4. CV RMSE comparison of 4 regression models.

Polynomial
(degree=3) Random Forest
RMSE 62.062 66.158

Table 5. RMSE comparison with the air temperature test dataset.

In Table 4, the polynomial regression model has
higher CV RMSE (Root Mean Square Error) than the
random forest model. But its standard deviation is
lower than that of other models.

In Table 5, we compare the performance of two
models using the test dataset to decide the better
fitting model. The RMSE of polynomial regression
model is lower than the random forest model. From
the comparison, the polynomial regression model is
selected to the best model. In next section, we
analyze the possible driving distance depending on
the air temperature changing with the best model.

III. Analytics of Possible Driving Distance
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Figure 5. Possible driving distance depending on the air
temperature changing.

To analyze the possible driving distance
depending on the air temperature, we set the max
driving distance to 678km based on KIA EV6 model
[8], [9] at mild temperatures 5.8~7.4C. Fig. 5
shows the possible driving distance depending on
temperature changing by the best—fitted prediction
model in the previous section.

When the air temperature is —10.9°C, which is the
average of the lowest point range, requiring the
heater run at maximum level, the possible driving
distance is 515km and decreases about 24%
compared to the max driving distance. When the air
temperature is 32.0C, which is the average of the
highest point range, making the air conditioner turn
on to maximum, the possible driving distance is
501km and decreases about 26% compared to the
max driving distance. On the other hand, the longest
possible driving distance is shown at the mild
temperature at 5.8 through 7.4C.

Our experimental results show similar ones
provided by [9] and thus, our proposed prediction
method is verified to be very accurate and close to
the real data.

IV. Conclusion

We were motivated to propose the charging start
time joint temperature feature (ChatJoinTem) from
that the air temperature is closely related to battery
consumption. We have proven that our proposed
ChatJoinTem feature clearly influences the
accuracy of the possible driving distance of EV by
the polynomial regression model. We will conduct
research in the future considering driver’s driving
pattern, speed, and road conditions in addition to the
ailr temperature.
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