TR CIX| = 28 2 5t5| &= 2 K|
‘::- Journal of Digital Contents Society
" Vol. 24, No. 6, pp. 1305-1315, Jun. 2023 M) Check for updates
fary B =29 ol ol il =
55 A 22 0|53 2l AMOIZIHe] A= 71A ot R ds Hu
48 A s A g
RISt ABEHHBEAZ S A4}
»ugdsn AEHI Y 15

Performance Comparison of Scikit-Learn's Supervised Machine

Learning Models for Public Bicycle Demand Prediction
Hye-Jin Kwon' - Jin-Y oung Ha*"

"M.S., Department of Computer and Communications Engineering, Kangwon National University, Chuncheon,
Gangwon 24341, Korea

ZProfessor, Department of Computer Science and Engineering, Kangwon National University, Chuncheon, Gangwon
24341, Korea

2
AT T A T2 dS5S ) Aol el A Algshs 71A shs RSl e vl ke 3}“3}. ol A Al

FohaL 9l Al Sl vlolE & Aol AREstal=dl, M2AITE Algshs Aa Al SaAdA o &R HloJEl e} 7] ]
L. WE Zdgslgn) Alo]lH A sk el dy Iy AE, TU|dE B AR B A 39S AL

H) 3 £415}7] 913 RMSE, R?, RMSLE, A 8525 AlAbste] 37h |32 2 ARg-akglvt. 71 At Al EeAE W
o] RMSE 347.37, R*0.74, RMSLE 0.51, A 212 67.61%% 714 A 55 Blch LA E R g9 A4 Ex] a2 Ay 27
SERT G WE TS BAXNE A9 fil?lal 35 A Y A1 7 AT R BES

=4S Tl H Ao s At 8 oS eakE o] W dHl ol E ¢ e AR g,

[Abstract]

This study compares and evaluates the performance of machine learning models provided by scikit-learn for predicting public
bicycle demand. Reliable data provided by the government, namely "Seoul public bicycle usage information" provided by the
Seoul Metropolitan Government and "weather information" provided by the Korea Meteorological Administration, were used for
the experiment. Supervised learning models in scikit-learn, namely random forest, gradient boosting, decision tree, and linear
regression, were used, and performance was evaluated using RMSE, R% RMSLE, and accuracy. The random forest model showed
the best performance with an RMSE of 347.37, R* of 0.74, RMSLE of 0.51, and accuracy of 67.61%. The gradient boosting and
decision tree were the next best-performing models, whereas the linear regression had the worst performance, as expected. Thus,

from the various models for demand prediction analysis, the optimal model can be selected to reduce demand prediction errors.
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BICYCLES RENTAL STATION
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Fig. 1. Seoul public bicycles by year
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Table 1. Source data
<Public bicycle usage> No Column Name Type
FE M ol ¥y @aco 2 Mgudol gl 0\';1"4‘1‘ 1 rental hours int64
2 STATIORLID intoA
3 station name object
[ L | e 4 rental classification code object
5 gender object
V (o s I vnusJ —ason | 6 age code object
ittt 7 number of rentals int64
28 8 exercise amount object
9 carbon amount object
e = 10 moving distance float64
11 rental time( hour) float64
12 moving dist(M) float64
13 rental time(min) float64
<Weather info> No Column Name Type
s o . = 1 place int64
SI|425(AS0S) 12 2 place name object
gy =3 3 date datetime64
4 temp(°C) float64
— R 5 precipitation(mm) float64
6 wind speed(m/s) float64
7 humidity(%) int64
# 2. 2[5 Ho|HA
Table 2. Final dataset
. . wind - day of
year month date hour amount time temp precipitation — humidity s
2020 7 1 1 255 2020-07-01 1:00 18.8 0 3 87 2
2020 7 1 2 170 2020-07-01 2:00 18.7 0 3 87 2
2020 7 1 3 190 2020-07-01 3:00 18.4 0 2.3 86 2
2022 6 30 21 123 2022-06-30 21:00 21.4 1 1.9 99
2022 6 30 22 288 2022-06-30 22:00 21.5 1 1.5 99
2022 6 30 23 370 2022-06-30 23:00 21.7 0.1 0.8 99 3
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Fig. 15. Comparison of training data and predicted values
of Random Forest model
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Fig. 16. Comparison of training data and predicted values
of Gradient Boosting model
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Fig. 17. Comparison of training data and predicted values
of Decision Tree model
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Fig. 18. Comparison of training data and predicted values
of Linear Regression model
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