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Predicting Determinants of Seoul-Bike Data
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Abstract Seoul introduced the shared bicycle system, “Seoul Public Bike” in 2015 to help reduce traffic volume
and air pollution. Hence, to solve various problems according to the supply and demand of the shared bicycle
system, “Seoul Public Bike,” several studies are being conducted. Most of the research is a strategic “Bicycle
Rearrangement” in regard to the imbalance between supply and demand. Moreover, most of these studies predict
demand by grouping features such as weather or season. In previous studies, demand was predicted by
time-series-analysis. However, recently, studies that predict demand using deep learning or machine learning are
emerging. In this paper, we can show that demand prediction can be made a little better by discovering new
features or ordering the importance of various features based on well-known feature-patterns. In this study, by
ordering the selection of new features or the importance of the features, a better coefficient of determination
can be obtained even if the well-known deep learning or machine learning or time-series-analysis is exploited as
it is. Therefore, we could be a better one for demand prediction.
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Figure 1. Seoul Public Bike
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Seoul Bike Sharing Demand Data Set
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Abstract The dataset contains count of public bikes rd 87607“"' oo 1' I 1 with the correspor

Data Set Characteristics: | Multivariate || Number of Instances: || 8760 || Area: Computer

Attribute Characteristics: | Integer Real || Number of Attributes: | 14 Date Donated 2020-03-01

Associated Tasks: Regression || Missing Values? N/A || Number of Web Hits: | 34169
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<class ‘pandas.core. frane.DataFrane'>
Rangelndex: 8760 entries, O to 8759
Data columns (total 14 columns):

#  Coluan Non-Nul | Count  Dtype

0 Date B760 non-null  object

1 Rented Bike Count 8760 non-null  int64

2 Hour 8760 non-nul | int64

3 Temperature(‘C) 8760 non-nul | float6d
4 Humidity(x) 8760 non-null  int64

5 ¥ind speed (n/s) 8760 non-nul | floatB4
6 Visibility (10n) 8760 non-nul | int64

7 Dew point temperature('c) 8760 non-null  floatbd
8  Solar Radiation (MJ/n2) 8760 non-null  floatbd
9 Rainfal | (am) 8760 non-nul | float6d
10 Snowfall (cn) 8760 non-nul | floatb4
11 Seasons B760 non-nul | object

Holiday 8760 non-nul | object

=r

Functioning Day 8760 non-nul | object
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Figure 2. Seoul Public Bike Data Set
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Figure 3. Correlation of Feature Set
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Figure 4. Close correlation of Rented Bike Count and
Temperature
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ME 39 Score : 0.66

from sklearn.|inear_nodel import LinearRegression as Ir
from sklearn.metrics import roc_suc_score, accuracy_score, mean_squared_error, r2_score

mode|=1r(}

mode !l fit(trainx, train_y)
print (2L FFNFE: “, nodel,coef_, "0|D DL FHE ", model.intercept_)
pred_y=model predict {test )

print et - {0: 511", fornat (mesn_squared_error(test_y, pred_y}++0.5))
print{"R-squared Score on Test set {00,511 format (r2_score(test _y,pred_y))}

B9 AN+ [-1.62196701e+01 -1,76923552e+01  2,62066677e+00 -1, 48637122e-03
4,31804609e+01  1,516651162+02 -4,748664556e+01  3,75748562e+01
-2,13695070e+01 -1,25435750e+02 ~2,31395536e+02 -3, 234853048+02
-3,76490188e+02 -3,75928654e+02 -1,97614663e+02  1,1631718682+02
4,645239592+02 -5.60696144e+01 -2,57423458e+02 2517645758402
-2,62704467e+02 -2,21756791e+02 -2,58902906e+02 —1,41646237e+02
—z 21958550e+01  2,966214682+02 5,07897714e+02 §.31176770e+02
4,20501365e+02 5,521 8.,19082740e+01
1 |55852687e+02 1.11570461e+01 3, 92937560e+00 1 ,70939708e+02
-5.54433623e+01  5,54433823e+01] 0/D 2L FWE : 1677.0286305749952
RMSE on Test set : {0: 51} 352,26241417121404
R-squared Score on Test set : 0,B6761

R-squared Z/2 2 0.667610| Li2tCH
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Figure 5. Linear Regression and Coefficient Determinant

Random Forest Score : 0.65

trom skiearn,ensenbie Inport RandowForestRegressor as rfr
From sklearn.melrics imporl rOC_SUC_SCOe, BOCUMSCY_score, mesn_squared_error, r2_score
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train_y = np,revel(trainy, order="C'}

madel=rir(n_est imators=100, mex_depth=5, min_samples_split=30, min_samples_|eaf=15)
wode| {1t {train, trainy)

pred.y = modei.predict (t
print
print(”

Tormat (wean_squared_sfrof (test_y, pred y)es0.S))
[0 5117 format (r2_score(test _y,pred_y)))

FMSE on Test set - {0:.51} «53 49691ﬂ300232
R-squared Score on Test sst - D,
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Figure 6. Random Forest and Coefficient Determinant
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Gradient Boosting Score :0.83

qgradientboosting

I'rom sklearn, ensesble imparl GregientBoost ingRegressor as grb
from skiearn wetrics Imporl roc_suc_score, sccuracy score, mean_squsred_errar, r2_score

train.y = np, ravel(train.y, order='C")
atb
nodel =gro{n_est imstors=100, lesrnirg_rate=0,1,8ax_depth=5, min_sawples_split=30, min_sseples_leat=15}

nodel fit{trainx, trainy)
|

pred.y = wodel, prem:t(test x)

wean_squared_error(tesl_y, pred_y)as0,5))
1", tormat {r2_score(test y,pred y)))

or T\.\ set

pr
print (°F

RMSE on Test set : [0: 5f) 245 1835760473574
Rsquared Score on Test sat : 0.83838

R-squared 310/ 0.536882.
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¢ FRE

inport matplotib,pyplot as pit
inport sesborn s sns

grb_importances_values = model ,festure_inportances
grb_imporiances = pd, Series{grb_lsporiences_values, index=irain_x,columns)
grb_topi0 = grb_impartances sort_values(sseending=False)[:10]

pit igure(! igsize=(5 6
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Figure 7. Gradient Boosting and Coefficient Determinant
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data[ Temperature Humidity Index] =
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