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Research on artificial intelligence based battery analysis and

evaluation methods using electric vehicle operation data
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Abstract As the use of electric vehicles has increased to minimize carbon emissions, the analyzing the
state and performance of lithium-ion batteries that is instrumental in electric vehicles have been important.
Comprehensive analysis using not only the voltage, current and temperature of the battery pack, which can
affect the condition and performance of the battery, but also the driving data and charging pattern data of
the electric vehicle is required. Therefore, a thorough analysis is imperative, utilizing electric vehicle
operation data, charging pattern data, as well as battery pack voltage, current, and temperature data, which
collectively influence the condition and performance of the battery. Therefore, collection and preprocessing
of battery data collected from electric vehicles, collection and preprocessing of data on driver driving habits
in addition to simple battery data, detailed design and modification of artificial intelligence algorithm based
on the analyzed influencing factors, and A battery analysis and evaluation model was designed. In this
paper, we gathered operational data and battery data from real-time electric buses. These data sets were
then utilized to train a Random Forest algorithm. Furthermore, a comprehensive assessment of battery
status, operation, and charging patterns was conducted using the explainable Artificial Intelligence (XAI)
algorithm. The study identified crucial influencing factors on battery status, including rapid acceleration,
rapid deceleration, sudden stops in driving patterns, the number of drives per day in the charging and
discharging pattern, daily accumulated Depth of Discharge (DOD), cell voltage differences during discharge,
maximum cell temperature, and minimum cell temperature. These factors were confirmed to significantly
impact the battery condition. Based on the identified influencing factors, a battery analysis and evaluation
model was designed and assessed using the Random Forest algorithm. The results contribute to the
understanding of battery health and lay the foundation for effective battery management in electric vehicles.
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Table 1. The driving data of electric buses

Mileage(km) Number of
Category Daily |round trips
Accum. |6 Months Average | Per day
Reg.A-1 | 102,273 | 34,386 247 6
Reg.A-2 | 38,693 | 28,801 | 202~253 4~5
Reg.B-1 | 108,085 | 38,562 | 220~235 4~45
Reg.B-2 | 101,563 | 35,876 207 35
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Table 3. Main influencing factor of battery condition
derived from EDA analysis

ELECE;\TV,BTRV_’ BU;V_M!N Cha(g/z_Group = Bu/s_Wisk Spec_ Data list Description
'min 'min lay weel
Total traveled distance (We
Route Info. DISTANCE
S Snowiske DN Snowake DN ekly)
Raw Data BTRY SOH, .
o = LB Daily average
Gl R boD Depth of Discharge
Sroviake D5 | [ Snowake DS Sowiake D Stoweke D C RATE Daily average discharge
ELEcsnv,DRw L DR\/vE,M\N BTRE};DV'AG‘ ! DRIyE,Pa;:em / - C-RATE
min min Jda /montt Charglng .
[ Y : : . DCH.DOD D§|Iy Accumulated
Discharging Discharge Amount
a2 1. G0jE| M2 D2MA B2 Pattern | pRVE FONR SM Cumulative Drive System P
) . - - ower Consumption
Fig. 1. Data Preprocessing Process flow chart Average Drive Svstem
DRIVE POWER P| /orage Lrive Sy
Power Consumption
H 2 A8 22 Ho|g ME S0C Average State of Charge
Table 2. The raw data set for analyze SPEED Daily Average Speed
Data Categories Sum. (_above 0
Vehicle Daily Average
Inf ion ID DIFF_SPEED Speed Variation
Driving Data nformation 24 (second by second)
Date Time et Drivi Dal Y
c. MG acc_pos my overese
Vehicle Pattern acce erator 905|t|on
Information 1D ACC Rapid Acceleration Count
Cell voltage DEC Rapid Deceleration Count
Battery Data Pack current 46 types DEC_STOP Hard Stop Count
Battery Tempe EVCU Heater on Count
rature etc. (second by second)
Daily Average Cell
a9 19 dlols AXe ZAAS B P 2 i S
Hfele] 712, wEfe] & ) dole, e 1% N IS Cell Max
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F4 AA, b SOH (State Target DIFF_SOH_CH
of Health) %‘i%* 59 HolH= A Aottt Target
Target DIFF_SOH_DCH
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*1 Fig. 4. MSE value comparison graph of RF, XGB, and
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024
H 4. RFXGB Y1215 MSE % Hol2
o1 Table 4. RF,XGB algorithm MSE value table
00 : ; : . Random Forest XG Boost
’ ‘ ) ° ’ MSE MSE
= X Y X Y
o 0443494 | 0333995 | 0243092 | 056875
o 0418198 | 0440087 | 0.38813 05
% o2 e 0482846 | 0502991 | 0.38824 0475
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S T 0.444352 0534 0590077 | 0.45625
¥o8 0397551 | 0552456 | 0.607319 0525
o ) 0251187 | 0526543 | 0430482 | 0.84375
N - 0569597 | 0.716033 | 0566639 08
. . 0436734 | 0758953 | 0.95869 04125
E o e i
a0 . ¥ 4= RF(Random Forest), XGB(XG Boost)
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Table 5. Predicted |nﬂuence value of the factor
learned by the RF algorithm

feature_name feature_importance
CELL_DIFF 0.257969
SOH_DCH_LAG_1 0.206015
EVCU 0.159623
CELL_MNTP 0.107164
COUNT 0.058995
BRK_POS 0.053218
SOC 0.041701
C_RATE 0.022198
ACC 0.016295
SYSTEM_POWER_P 0.013489
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