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3 1 3 3 3
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5 2 2 3 1
6 2 3 1 2
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BBRFAY

AP G R TP FAMFET SKagglet 2 2 FAE “London bike sharing
dataset” » ZFAL KR S B3I B2 2B FH o R4 T A CSVAE - £ § 108 F
B ek o frm s Bl ent(= 3 2 #ic® )5 A7 2 B HEIRRIE o mgg};ﬂ?
FE2ZentT il Z X FH i fed o R AT Y RBentiR G - BrEER R
HE g% 80 0 RIERE ST BT P R o

5



PR o
timestamp PR
cnt ES -
t1 FREREGFEN)
t2 R R A (L)
hum BRETE A
wind_speed BoiE (22 /] pF)

weather_code

2 FAE(-H Y  2-A 502 SRR

4-3 2 ;7-T & 5 10-F & 5 26-"F = 94-kFF)

is_holiday B F L Ep@O-2Ep ; 1-Ep)

is_weekend FE5%A0:25% % 1% %)

season FH0-%5% 51§ % ;2% 534 %)
oA ede

df. info ()

<class pandas. core. frame. DataFrame’ >
Rangelndex: 17414 entries, 0 to 17413
Data columns (total 10 columns) :

# Column MNon—Null Count Dtype

0 timestamp 17414 non—null object
1 cnt 17414 non-—ruall  inté4

2 tl 17414 non—ruall floatéd
3 t2 17414 non—null floatfd
4 hum 17414 non—rmall  floatfd
5 wind_speed 17414 non—null floatbd
65  weather_code 17414 non—rmull floatfd
T iz _holiday 17414 non—rull floatfd
g is_weekend 17414 non—rull floatfd

9  season 17414 non—rmall floatfd
dtypes: floatB4(8), intB4(1l), object(l)
memory usage: 1.3+ MB
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df["timestamp”] = pd. to_datetime(df[”timestamp”])
df = df.set_index("timestamp”)
df["hour”] = df. index. hour
df[“day_of_month”] = df. index. day
df[“day_of_week”] = df. index. dayvofweek
df[“month”] = df. index. month
df
F o pER R ACR] S AT o
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df_by_month

= df.resample("M"). sum()

plt. figure (figsize=(16, 6))

= sns. lineplot(data=df_by_month, x=df_by_month. index, y=df_by_month. cnt)
ax.set_title(“Amount per month”, fontsize=25)

ax. set_xlabel ("Month”,
ax.set_ylabel ( Amount of bike shares’, fontsize=20)
plt. show ()

ax
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plt. figure (figsize=1(20, 8))
sns. heatmap (df. corr (}, emap="Y1GrBu", square=True, linewidths=. 5, center=0, armot=True)}

<matplotlib.axes._subplots.AxesSubplot at 9x7f280cf267de>
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import math

training data_len = math ceil({len(df) % 0.8)
testing_data_len = lenldf) - training data_len

time_stepz = 24
train, test=df. iloc[0:training_data_lenl, df. iloc[ (training_data_len-time_steps):len(df}]

FI* sklearn.preprocessing # £ RobustScaler()d#c » ¥ &g § Hr B 0

By o A BRI B B TR B GR (T R

from sklearn. preprocessing import RobustScaler

train_trans = train[[ t1’, 't2, ‘hum’, ’wind_speed , weather_code’,’ is_holiday , is_weekend , seazon’ ]1.to_numpy ()
test_trans = test[[’tl’, “t2, ‘hun', ’wind speed , weather code’,’ is holiday ,’ is_weekend , season’ 1], to_numpy ()
scaler = RobustScaler ()

train. locl:, ['t1", t2°, tum’, "wind_speed , weather_code’, is_holiday’,’ is_weekend ,’ season’ ]]=scaler.fit_transform(train_trans)
test. loc[:, [ t1', ' t2", "hum', 'wind speed’, weather code’,’ is_holiday’,’ is_weekend ,’ season’ ]1=scaler.fit_transform(test_trans)

train[ cnt’] = scaler. fit_transform(trainl[[ cnt’11)
test['cnt’] = scaler. fit_transform(test[[ cnt’ 11}

R E SRR E AN x 2P Ry Rx TREE 3 R
TFRFEREA) - A EER S array 0 B8 %~ AR FPRESE
il -

from tgdm import tgdm notebook as tgdm

z_train = [I
y_train = []
for 1 in tgdm(range (len(train) - time_steps)):

z_train. append (train. drop(columns="cnt’ ). iloc[i:i+time_steps]. to_rumpy ()
y_train append(train. locl:, " cnt’ 1. ilocli + time_steps])

x_train = np.array(z_train)
y_train = np.array (y_tra'm]
z_test = []
y_test = df.locl:, cnt’]. ilec[training_data_len: len(df)]
for 1 in tgdm (range (len(test) - time_steps)) :
£_test. append(test. drop (columns=" cnt’ }. 1loc[i:i+time_steps]. to_numpy ()
z_test = np.array(z_test)
y_test = np.array(v_test)

VIERE Y G
BAK iﬂgﬁfﬁ&ﬁ; YU 18 i A % % o 12 Sequential()zE 2 B A HEA] 0 @
6 HLSTMA e 3| H53] @ > 1 i * dropout & — = 2" iz % (epoch) ¢ 11 — 2 e
L %’%"% MG FEs P haen BIFEFA EBERL S ML BEREE
(overfitting) s773F 2 o & fS M seDense > 32 K > By R E D)1 IR D
R
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tensorflow. random. set_seed(l)
from keras.models import Sequential

from keras. layers import Dense, Dropout , LSTM

model

model.
model.
model.
model.

= Sequential ()

add(LETM (50, input_shape=(xz_train. shapell], x_train. shape[2])))

add (Dropout (0. 27

add(Dense (units=1})

summary ()

Laver [type) Output Shape Param #
zlstm_2 (LaTM) (None, 50) o 12600
dropout_2 (Dropout) (None, 50 0
dense_2 (Dense) (None, 1} 51

Total params: 12, 651
Trainable params: 12, 651
Non-trainable params: 0

1 #* compilefe ¥
FER o 2 (e it (T R 0 P e F 2B 7200 R F TR E P B~ 1110%

T EER o

model. compile (optimizer="adam’, loss="mse")

WiE AR 0 B TR %® 0 umse 4 loss function =& oA

history = model. fit(x train, v_train, epochs=20
batch_size=24, validatior_split=0.1, shuffle=True)

Epoch 1/20

s22/582 [ 1 - 93 13ms/step - loss: 0.3575 - val_loss: 0.4071
Epoch 2/20

B22/B22 [ 1 - 75 13ms/step - loss: 002678 - val_loss: 0. 2476
Epoch 3/20

s22/582 [ ] - 7= 13ms/step - loss: 0.1351 - val_loss: 0.1067
Epoch 4/20

B22/B22 [ 1 - 75 13ms/step - loss: 0.0874 - val_loss: 0.0787
Epoch B/20

B22/B22 [ 1 - 75 13ms/step - loss: 0.0725 - wal_loss: 0.0700
Epoch 6/20

B22/B22 [ 1 - 75 13ms/step - loss: 0.0630 - val_loss: 0.0747
Epoch 7/20

se2/bez [ ] - 7= 13ms/step - loss: 0.0571 - val_los=: 0.0803
Epoch &/20

Leasbes [ ] - 7= 13ms/step - loss: 0.0538 - val_loss: 0.0746
Epoch 9/20

ea/bez [ ] - 7= 13ms/step - loss: 0.0512 - val_loss: 0. 0587
Epoch 10/20

Leasbes [ ] - 7= 13ms/step - loss: 0.0497 - val_loss: 0. 0584
Epoch 11/20

522/522 [ ] - Tz 13ms/step - loss: 0.0806 - wval loss: 0.074Q
Epoch 12/20

Leasbes [ ] - Bz 12ms/step - loss: 0.0477 - val_loss: 0.0873
Epoch 13/20

s22/582 [ ] - 6z 12ms/step - loss: 0.0458 - val_loss: 0.0612
Epoch 14/20

s22/582 [ ] - 6z 12ms/step - loss: 0.0446 - val_loss: 0.0568
Epoch 15/20

s22/582 [ ] - 7= 13ms/step - loss: 0.0437 - val_loss: 0.075%
Epoch 16/20

s22/582 [ ] - 7= 13ms/step - loss: 0.0438 - val_loss: 0.0798
Epoch 17/20

B22/B22 [ 1 - 75 13ms/step - loss: 0.0411 - wal_loss: 0. 0857
Epoch 18/20

s22/582 [ ] - 7= 13ms/step - loss: 0.0404 - val_loss: 0.0736
Epoch 19/20

B22/B22 [ 1 - Bs 12ms/step - loss: 0.0387 - val_loss: 0. 0662
Epoch 20/20

B22/B22 [ 1 - 75 13ms/step - loss: 0.0373 - val_loss: 0.0759

11
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loss = history. history[’ loss’ ]
epoch = range(l,21,1)

import matplotlib. pyplot as plt

plt. figure(figsize=(20, 3})

plt. subplot (121}

linel, =plt. plot (spoch, loss, label = training )

line2, =plt. plot (epoch, history. history[’ val loss™], label = walid )}
plt. xlabel (" epoch’

plt. ylabel( loss’)

plt. zticks(np. arange (1, 21, 13}

plt. legend(handles = [linel, 1ine2], loc="upper right’)

<matplotlib.legend. legend at @x7f91b82128de>

0.4 —— fraining

\ valid
03

P
01
T —— —
1 2 3 4 5 6 7 8 5 10 11 1215 14 15 156 17 18 18 20
epoch
YUPRE B R (T RCARIE 0 H SRR A (rmse)  0.2624 -
v pred = model. predict(x test)
from sklearn.metrics import mean squared_error, r2_score
rmse_lstm = np.Sqrt(mean_squared_error(y_test, y_pred})
rmse_lstm

0. 26242217143978125

R RECR R
RS EOEE > A R RK DT E O EY e TS E 2 ok
L9 R A FRH K LT R e E B B 35 T B i) Sl i
FldH b RES o 0 298 FF gk e d 2 st o JEd LOE % 4 b £ it 7
FEE S drd w Ao o

2z FHFFEKE

F+ WP k1 k2 k33
A Dropout 0.1 0.2 0.3
B Optimizer adam rmsprop Sgd
C Activation relu sigmoid Tanh
D LSTM(Units) 50 60 48
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2w LIE R ARSI L BT HRES

F %% | Dropout Optimizer Activation | LSTM(units) | 3£ (rmse)

1 0.1 Adam Relu 50 0.25

2 0.1 Rmaprop Sigmoid 60 0.233
3 0.1 Sgd Tanh 48 0.4912
4 0.2 Adam Sigmoid 48 0.2296
5 0.2 Rmsprop Tanh 50 0.2353
6 0.2 Sgd Relu 60 1.0435
7 0.3 Adam Tanh 60 0.2372
8 0.3 Rmsprop Relu 48 0.2458
9 0.3 sgd sigmoid 50 0.592

RpLI9E R A FR&HDEH 22 PR Sie s T EEFIRELEF %
< aE L o B SkAPF G B 4 0.2296 0 F] 4 iE 4% Dropout 5 0.1 ~ Optimizer
% adam ~ Activation 3 Sigmoid ~ LSTM=units 5 48:01% 5 $i07)] ndg S dic e & o #i7)
W B IR RS R ARl T 0 1T R E 20X EER RS T B IR
PR~ RAEP D TR ARE > ol T AT o
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Kaggle-London bike sharing dataset

https://www.kaggle.com/hmavrodiev/london-bike-sharing-dataset

[ P£3H2 A EFREME] KE3HEDFEF > F 8ol £477, 915

B9

https://buzzorange.com/techorange/2017/08/29/bike-shring-history/

[Day-16] RNN - LSTM 4 %
https://ithelp.ithome.com.tw/articles/10223055

Scikit-Learn sklearn.preprocessing.RobustScaler
https://hackmd.io/@shaoeChen/r1CQIVY98
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https://www.kaggle.com/hmavrodiev/london-bike-sharing-dataset
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