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A B L5 D E F G H | J K L M
1[No  Jvear  month  day hour  pmS DEWP TEMP PRES cbwd  lws Is Ir
2 1 2013 | | 0 66 69 14 21 NW 13 37
3 22003 | 1 I 61 68 14 BNW 0.6 15
4 30203 | | 2 62 72 13 2B NW 0.8 3.1
5 4 2013 | I 3 63 7 13 21 NW 1.3 3.1
6 52013 | | 4 60 75 13 20 NW L1 3
7 6 2003 | I 5 56 74 13 20 NW 15 33
8 7 2013 | | 6 55 73 13 24 NW 1.4 39
9 8 2013 | | 7 64 74 13 21 NW 2 46
10 9 213 | | 8 62 7 15 29 NW 13 41
1 0 2013 | | 9 58 64 17 2 NW 15 37
12 o203 | | 10 55 61 18 20 NW z 36
13 2 2083 | I 11 53 58 19 19 NW 12 35
14 13 2013 1 1 12 53 55 20 15 NW 1.2 34
15 4 2013 | | 13 51 53 2 12 NW 13 3.1
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from pandas import read csv
from datetime import datetime
def parse(x):
return datetime.strptime(x, '%Y %m %d %H')
dataset = read_csv('raw.csv', parse_dates = [['year', 'month', 'day', 'hour']], index_col=8, date parser=parse)
dataset.drop('No', axis=1, inplace=True)
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dataset.columns = ['pollution', 'dew', 'temp', 'nox', 'wnd_dir', 'wnd_spd', 'so2', 'rain']
dataset.index.name = 'date’

dataset[ 'pollution'].fillna(@, inplace=True)

dataset = dataset[24:]

print(dataset.head(5))

dataset.to_csv('pollution.csv')

4, Hpd® s nF A& R F 5 pollution.csv

dataset.to_csv('pollution.csv')
print("success save as pollution")

5. BBEEPMas®FnT Al o P B PMasi b BB 5 5 ¢ chit &
Fo 04 % ﬁ»§i$ B 27 g % o

dataset = read _csv('pollution.csv', header=0, index col=0)

values = dataset.values
groups = [e@, 1, 2, 3, 5, 6, 7]
i=1

pyplot.figure()

for group in groups:
pyplot.subplot(len(groups), 1, i)
pyplot.plot(values[:, group])
pyplot.title(dataset.columns[group], y=0.5, loc='right')
i+=1

pyplot.show()
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def series_to_supervised(data, n_in=1, n_out=1, dropnan=True):
n_vars = 1 if type(data) is list else data.shape[1]
df = DataFrame(data)
cols, names = list(), list()
for i in range(n_in, @, -1):
cols.append(df.shift(i))
names += [('var¥%d(t-%d)' % (j+1, i)) for j in range(n_vars)]
for i in range(@, n_out):
cols.append(df.shift(-i))
if i ==
names += [('var¥#d(t)' % (j+1)) for j in range(n_vars)]
else:
names += [('var¥%d(t+%d)' % (j+1, i)) for j in range(n_vars)]
agg = concat(cols, axis=1)
agg.columns = names
if dropnan:
agg.dropna(inplace=True)
return agg
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values = reframed.values

n_train_hours = 365 * 24

train = values[:n_train_hours, :]

test = values[n_train_hours:, :]

n_obs = n_hours * n_features

train_X, train_y = train[:, :n_obs], train[:, -n_features]

test X, test_ y = test[:, :n_obs], test[:, -n_features]
print(train_X.shape, len(train_X), train_y.shape)

train_X = train_X.reshape((train_X.shape[@], n_hours, n_features))
test X = test X.reshape((test X.shape[©], n_hours, n_features))
print(train_X.shape, train_y.shape, test X.shape, test y.shape)
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model = Sequential()

model.add(LSTM(5@, input_shape=(train_X.shape[1l], train_X.shape[2])))
model.add(Dense(1))

model.compile(loss="mae', optimizer="'adam')

history = model.fit(train_X, train_y, epochs=100, batch_size=72, validation_data
pyplot.plot(history.history['loss'], label='train')
pyplot.plot(history.history['val loss'], label="test"')

pyplot.legend()

pyplot.show()
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Test RMSE: 6.513

import numpy

me = numpy.mean( (inv_y - inv_yhat)/inv_yhat,axis = 8)

print(abs(me))

8.10872321
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Epoch #c : 100

B F g2 L adam
model = Sequential()

model.add(LSTM(50, input_shape=(train_X.shape[1l], train_X.shape[2])))
model.add(Dense(1))

model.compile(loss="mae', optimizer='adam')

history = model.fit(train_X, train_y, epochs=168, batch_size=72, validation_data
pyplot.plot(history.history['loss'], label='train')
pyplot.plot(history.history['val_loss'], label="test')

pyplot.legend()

pyplot.show()

Test RMSE: 6.513 #F4 % 1010872321
b SN R LER 92

R A SR 100

Epoch #c : 100

i w 82 T adam

model = Sequential()

model.add(LSTM(188, input_shape=(train_X.shape[1], train_X.shape[2])))
model.add(Dense(1))

model.compile(loss="mae', optimizer="'adam')

history = model.fit(train_X, train_y, epochs=10@, batch_size=72, validation_data:
pyplot.plot(history.history['loss'], label="train')
pyplot.plot(history.history['val_loss'], label="test')

pyplot.legend()

pyplot.show()

Test RMSE: 6.507 A % 10.11089778
A & epoch #<p

SEE R A g A 50

Epoch #c : 50

B F g2 L adam
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model = Sequential()

model.add(LSTM(56, input_shape=(train_X.shape[1l], train_X.shape[2])))
model.add(Dense(1))

model.compile(loss="mae', optimizer="adam')

history = model.fit(train_X, train_y, epochs=58, batch_size=72, validation_data=
pyplot.plot(history.history['loss'], label='train')
pyplot.plot(history.history['val_loss'], label="test')

pyplot.legend()

pyplot.show()

Test RMSE: 6.400 A % 0 0.07877497
3 % cell #icp

KA TR 128

Epoch # : 50

it w82 T adam

model = Sequential()

model.add(LSTM(128, input_shape=(train_X.shape[1l], train_X.shape[2])))
model.add(Dense(1))

model.compile(loss="mae"', optimizer='adam')

history = model.fit(train_X, train_y, epochs=58, batch_size=72, validation_data-=
pyplot.plot(history.history['loss'], label="train')
pyplot.plot(history.history['val loss'], label='test')

pyplot.legend()

pyplot.show()

Test RMSE: 6.364 #A % 10.076035604

AFECE:

R A A1 128

Epoch #c : 50

&% 8 2 ¢ adagrad

model = Sequential()

model.add(LSTM(128, input_shape=(train_X.shape[1l], train_X.shape[2])))
model.add(Dense(1))

model.compile(loss="mae', optimizer='adagrad')

history = model.fit(train_X, train_y, epochs=58, batch_size=72, validation_data=
pyplot.plot(history.history['loss'], label='train')
pyplot.plot(history.history['val_loss'], label="test')

pyplot.legend()
pyplot.show()

Test RMSE: 6.822 A & 10.14410850
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6. H‘chyr H mnE R
R N A 5 1128
Epoch #c : 50
it iF 8% T adam
FHF:03

model = Sequential()

model.add(LSTM(128, input_shape=(train_X.shape[1], train_X.shape[2])))
model.add(Dropout(0.3))

model.add(Dense(1))

model.compile(loss="mae"', optimizer='adam')

history = model.fit(train_X, train_y, epochs=58, batch_size=72, validation_data=
pyplot.plot(history.history['loss'], label="train')
pyplot.plot(history.history['val loss'], label='test')

pyplot.legend()

pyplot.show()

Test RMSE: 6.196 W4 % 10.042892274

7w HT

step | # 5 ~#k | Epoch #c | iRl EE | TR | mAF A
R 50 100 adam - 10.87%
1 100 100 adam - 11.09%
2 50 50 adam - 7.88%
3 128 50 adam - 7.6%
4 128 50 adagrad - 14.41%
5) 128 50 adam 0.3 4.29%
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- 2s - loss: ©.0267 - val_loss: @.
Epoch 42/50

- 2s - loss: 0.0264 - val _loss: 0.
Epoch 43/50

- 2s - loss: 0.0264 - val_loss: @.
Epoch 44/50

- 2s - loss: 0.0264 - val _loss: 0.
Epoch 45/50

- 2s - loss: 0.0265 - val_loss: @.
Epoch 46/50

- 2s - loss: 0.0266 - val _loss: 0.
Epoch 47/58

- 2s - loss: 0.0268 - val_loss: @.
Epoch 48/50

- 2s - loss: 0.0266 - val _loss: 0.
Epoch 49/50

- 2s - loss: 0.0267 - val_loss: @.
Epoch 50/50

- 2s - loss: ©.0262 - val_loss: 8.
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