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B Kaggle

RRIRE London bike sharing dataset
e EREE /B (Transport for London, TiL) ABIEH)

. 0 2015-01-04 00-00:00 182 30 20 930 6.0 30 00 10 30
1 2015-01-0401:0000 138 30 25 930 50 10 00 10 30
Wind_speed ER(AE /N 2 2015-01-0402:0000 134 25 25 065 00 10 0.0 10 30

xll
i

NS

e = JEA 1=
F]E@K/JIIIE(THH EE) timestamp cnt tl1 t2 hum wind_speed weather_code is_holiday is_weekend season
A

— o m s e = 3 2015:01-0403:0000 72 20 20 1000 0.0 1.0 0.0 10 3.0
Weather—COde ARBBI(L-IEEE | 2-DHE | 3-WWRIE | 4 2015-01-04 04:00:00 47 2.0 00 93.0 65 1.0 0.0 1.0 3.0
4-2F ; 7- N ; 10-BW ; 26-F&F ; 94-7KFE) s 2015010405000 46 20 20 930 40 1.0 0.0 1.0 3.0
SE5ABHEO-FER ; 1-8BH) 6 2015-01-04 06:00:00 51 1.0 -1.0 100.0 7.0 40 0.0 10 3.0
7 2015-01-04 07:00:00 75 1.0 -1.0 100.0 7.0 40 0.0 10 3.0

is_weekend EEmERO : IEER 1 AX) 8 2015-01-04 08:00:00 131 15 -1.0 965 8.0 40 0.0 1.0 3.0

m éﬁﬁ(o_%f . 1_59& . 2_*%9& . 3_%9&) 9 2015-01-04 09:00:00 301 2.0 -05 100.0 9.0 3.0 0.0 1.0 3.0
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Af. info ()

{class "pandas. core. frame. DataFrame’ >

Fangelndex: 17414 entries,

Data columns (total 10 columns):
Norn-Null Count

# Column
timestamp
cnt
tl
ta
hum

T T Dnode D) Do i

9 Season

dtypes: floatfd (8],

MeEMory Usage:

17414
17414
17414
17414
17414

wind_speed 17414
weather code 17414
iz holiday 17414
iz weekend 17414

17414

1.3+ MB

non—rll
non—rmll
non—rnull
non—rnull
non—rmll
non-—rnull
non—rmll
non—rll
non—rnull
non—rmll

0 to 17413

abject
int64
floattd
floatbd
floatbd
floatbd
floattd
floattd
floatbd
floatbd

intf4 (1), object(1)
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Amount of bike shares

Amount of bike shares

Amount vs date
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Amount in a week

Amount of bike shares
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6 : 28iH
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Amount of bike shares

Amount vs weather

10 15
Weather code

1-#5BA 7- R

2-HBIE 10-EH
3-IEHE 26-14 %
432
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| B8
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e B oo o
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I - oo oot
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e e
- EEE DS EEREns
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&
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10

08
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0.0
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import math

training data_len = math. ceil(len(df) # 0.8)

=4y lI-':I- t}] - testing data_len = len(df) - training data len
[= g &
m
9

time_steps = 24
train, test=df. iloc[0: training data_len], df. iloc[ (training_data_len-time_steps) :len(df)]

from sklearn. preprocessing import RobustScaler

"t2°, 'hun’, ' wind_speed , weather code’,’ iz holiday’,’ iz weekend', =eason’ 1]. to_numpy ()

1

train trans = train[[ tl’,
test_trans = test[[ tl’,

4+ /w 4z
q- 1; JE scaler = RobustScaler()
n train locl:, U117, 7 t2, ' hun', wind_speed , weather_code’,” is_holiday’,’ is_weekend , season’ ]1]=scaler. fit_transform(train_trans)

E)

tegt. locl:, ['£17, 727, "mum’, "wind_speed’, "weather_code’,’ is holiday’,’ is_weekend , season’ ]1=scaler. fit_transform{test_trans)

1

t2, "hm', wind speed, weather code’,’ is_holiday,’ is weekend', season’ 1]. to_numpy ()

train[ ent’] = scaler. fit_transforn(train[[ cat’1])
test['ent’] = scaler. fit transform(test[[ ent’]])

from tgdm import tgdm notebook as tgdm

z_train = []
y_train = []
for 1 in trcldm(rar‘lge(1er‘1(trair‘1]I - time_steps}}:

%_train. append(train. drop {columns=" cnt’ ). ilocli: i+time_steps]. to_numpy 0
y_train. append(train. loc[:, cnt’]l.iloc[i + time_stepsl)

1)

IH

e
454
<V
-
SEh

% train = np.array(z_train)
v train = np.array(y_train)
z_test = []
y_test = df. locl:, cnt'].iloc[training data_len:len(df)]
for i in tqdm(range (len(test) - time_steps)):
z_test. append(test. drop (columns="cnt’ ). iloc[i:i+time_steps]. to_rumpy ()
z_test = np.array(xz_test)

11

y_test = np.array(y_test)
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model. compile (optimizer=" adam’, loss="ms=")

R
_: E - history = model.fit(x train, v _train, epochs=20,
~ — o batch_size=24, validation_split=0.1, shuffle=True)
Epoch 1/20
tensorflow. random. set_seed(1) 522/522 [ 1 - 95 13ms/step - loss: 0.3575 - val_loss: 0.4071
. . Epoch 2/20
from keras.models import Sequential 522/522 [ 1 - 7s 13ms/step - loss: 0.2678 - val_loss: 0.2476
3 Epoch 3/20
from keras. layers import Dense, Dropout , LSTH 522/522 [ ] - 7= 13me/step - loss: 0.1351 - val_loss: 0. 1067
model = Sequential() Epoch 4/20
. . . 522/822 [ ] - 7= 13ms/step - loss: 0.0874 - wval_loss: 0.0787
model. add (L3THM (50, input_shape={z_train. shape[1], z_train. shape[21})) Epoch 5/20
model add(Dropout (D 2)) 522/822 [ ] - 7= 13ms/step - loss: 0.0725 - wal_loss: 0.0700
' : Epoch §/20
model. add(Dense (units=1;) 522/522 [ 1 - 7s 13ms/step - loss: 0.0830 - val_loss: 0.0747
U Epoch 7/20
model. summary 522/522 [ ] - 7s 13ms/step - loss: 0.0571 - val_loss: 0.0603
Epoch 8/20
b522/822 [ ] - ¥s 13ms/step - loss: 0.0838 - val_loss: 0.0746
Layer (type) Cutput Shape Param # Epoch 9/20
Epoch 10/20
lstm_2 (LETM) (NOHE, 50} 12600 522/522 [ 1 - 7= 13ms/step - loss: 0.0497 - val loss: (. 0584
Epoch 11/20
bz2/822 [ ] - 7= 13ms/step - loss: 0.0806 - wal loss: (.0749
dropout_2 (Dropout) (Hone, 50) a0 Epoch 12/20
b522/822 [ ] - 6s 12ms/step - loss: 0.0477 - wval_loss: 0.0673
dense_2 (Dense) (None, 1) a1 Epoch 13/20
bz2/822 [ ] - 63 12ms/step - loss: 0.0458 - wal loss: 0.0612
Epoch 14/20
Total params: 12, 651 EDOEh 15€20 : ,
. B b22/522 - 75 13ms/step - loss: 0.0437 - wal_loss: 0.0759
Tramab?e params: 12, 651 Epoch 16/20
Non—trainable params: O 522/522 [ 1 - 7= 13ms/step - loss: 0.0438 - val_loss: 0.0798
Epoch 17/20
522/822 [ ] - 7= 13ms/step - loss: 0.0411 - val_loss: 0. 0857
Epoch 18/20
bz2/822 [ ] - 7= 13ms/step - loss: 0.0404 - wal loss: 0.0736
Epoch 19/20
522/822 [ 1 - Bs 12ms/step - loss: 0.0387 - val_loss: 0. 0662

Epoch 20/20
522/822 [ 1 - 7= 13ms/step - loss: 0.0373 - val_loss: 0.0759 12
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loss = history. historv[ loss ]
epoch = range(l, 21, 13

import matplotlib. pyplot a= plt

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

plt. subplot (1213

linel, =plt. plot (epoch, loss, label =" training’ )

lineZ, =plt. plot (epoch, history. history[’ val_loss 1, label = wvalid )
plt. xlabel " epoch’ )

plt. vlabel [ loss")

plt. xticks (np. arange (1, 21, 1))

L O S S ig in plt. legend (handles = [linel, line2], loc= upper right’ )

<matplotlib.legend.lLegend at @x7f91b82123d0>

0.4 4 —— fraining
— wvalid

03

4

= 0.2 1
011

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20

epoch
v pred = model. predict(xz test)
from sklearn. metrics import mean souared_error, r2_score
:';E :ﬂu tbl::ll T rmse_lstm = np. sgrt(mean squared error(v_test, v_pred))
J s I A~ ;:I: rmse_lstm

0. 26242217143978125

13
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&+ I5H IK#E1 KEE2 | KHEE3

. A Dropout 0.1 0.2 0.3

E e E’Xr 15 ﬂ: B | Optimizer | adam | rmsprop | Sgd
i T & =K% C | Activation relu sigmoid | Tanh
D | LSTM(Units 50 60 48

B Dropout Optimizer Activation LSTM(units) FRZ(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 L 9 H 3‘5 %%

14
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