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Stationary(™&#4) Data
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- Stationarity Test
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* ACF (Autocorrelation Function)

v MAIE HO[E0|M =3 AFEDE 2 0]7H AH Zhe| o2kt 58
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» PACF (Partial Autocorrelation Function)
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- Stationarity Test
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- Stationarity Test
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- Stationarity Test
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- Stationarity Test
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- Stationarity Test

v" Stationary Data vs Non-Stationary Data

White Noise
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- Stationarity Test

v" Stationary Data vs Non-Stationary Data
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* Stationarity Test

v" Stationary Data vs Non-Stationary Data
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 Stationary Data
v AR Model, MA Model, ARMA Model

* Non-Stationary Data
v" ARIMA Model, SARIMA Model

COIS
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* AR Model (Auto Regressive Model)
v AR(p)

Yt =C+ ®1Yt—1 + ®2Yt—2 + e+ @th_p + Et
Yi=c+ e + Zf:l D;Yr_;
Y. SRl A2 2t

?;: AR o2t E
p : AR Xt
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* AR Model (Auto Regressive Model)
v AR(1), c=1, @6; = 0.6

Yi=c+e& + Zf:l D;Yr_;

Al ARt 24 e
1 3
2 4 1+0.6x3 2.8
3 8 1+0.6x2.8 2.68
4 5 1+0.6x2.68 2.608
5 6 1+ 0.6 x 2.608 2.565
6 10 1+ 0.6 x 2.565 2.539
7 8 1+ 0.6 x2539 2.523
8 14 1+ 0.6 x2.523 2.514
9 15 1+0.6x2.514 2.508
10 12 1+ 0.6 x2.508 2.505

COIS
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 MA Model (Moving Average Model)
v MA(q)

Yi=c+ 0161+ 0265+ + 0,6+ &

Yt =C + €t + Ziqzl stt_j

Y: SIX AlEQ| 7k

6;: MA II20[E{(MA #|%)
q : MA X

&r—j: HIFE LA

c : X7
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 MA Model (Moving Average Model)
v MA(1), c=1, ;= 0.6

Yt =C+ Et + Zlq=1 ngt—]

Al | A & T4 L E=F
1 3
2 4 4-1=3
3 8 8-2.8=52 1+0.6x3 2.8
4 5 5-4.12=0.88 1+0.6x5.2 412
5 6 6-1.53 = 4.47 1+0.6x0.88 1.53
6 10 10 - 3.68 = 6.32 1+ 0.6 x4.47 3.68
7 8 8-479 = 3.21 1+ 0.6 x6.32 479
8 14 14 -2.93 = 11.07 1+ 0.6 x3.21 2.93
9 15 15-7.64 = 7.36 1+ 0.6 x 11.07 7.64
10 12 12-5.42 = 6.58 1+0.6x7.36 542

COIS
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« ARMA Model (Auto Regressive Moving Average Model)

v ARMA(p,q)
Yt =cC+ ®1Yt_1 + ®2Yt_2 + e+ ®th_p
+01€t—1 + 02€t_2 + e+ Hpgt—p + Et

Yi=c+e+ Z;I:l 9j5t—j+2?=1 D;Yi_i

Y. Xl AIEQ| 2k

@;: AR I2t0]E 6;: MA I}2{0|E
p : AR Xt q : MA Xh
g LR} X7
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 ARMA Model

COIS

v ARMA(1,1),¢c=1, $; =0.6, 6; = 0.6, &._; = OlIZ X}

Yi=c+e+ Z?:l 9j5t—j+2?=1 D;Y:_;

Al At T4 ol =2k
1 3

2 4 1+0.6x3+0.6x0 2.8
3 8 1+0.6x2.8+0.6x1.2 3.4
4 5 1+0.6x3.4+06x46 5.8
5 6 1+0.6x5.8 + 0.6 x (-0.8) 4.0
6 10 1+0.6x4.0+0.6x2.0 4.6
7 8 1+0.6x4.6 + 0.6 x5.4 7.0
8 14 1+0.6x7.0+0.6x1.0 5.8
9 15 1+0.6x5.8+0.6x8.2 9.4
10 12 1+0.6x9.4+0.6x5.6 10.0
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* AR Model, MA Model, ARMA Model

v Parameter:c =1, ¢; =0.6, 6, =0.6

Model MSE
AR(T) 11.51
MA(1) 14.00
ARMA(1,1) 11.53
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* Non-Stationary Data

v" ARIMA Model, SARIMA Model
“Non-Stationary Data =» Stationary Data”
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* Non-Stationary Data

v" ARIMA Model, SARIMA Model
“Non-Stationary Data =» Stationary Data”

v Differencing(XH&) : &1 AIE HIO|E{0[AM dAIE O[] CI[O[E{S i 2
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* Non-Stationary Data

v" ARIMA Model, SARIMA Model
“Non-Stationary Data =» Stationary Data”

v Differencing(XH2)

10
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* Non-Stationary Data
v" ARIMA Model, SARIMA Model

“Non-Stationary Data =» Stationary Data”

v Differencing(XH2)
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* Non-Stationary Data

COIS

v" ARIMA Model, SARIMA Model
“Non-Stationary Data =» Stationary Data”

v Differencing(XH2)

~ (o[ X

10

Y
5
3
10 -5
5 3
8 _

1*" XI__E_: Yt — Xt — Xt—l — VXt

ZII- xI-Tl?l__: Yt(Z) — Xt - Xt_z = V(Z)Xt

dxl- xI-_E_: Yt(d) — Xt - Xt—d = V(d)Xt
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* Non-Stationary Data

v" ARIMA Model, SARIMA Model
“Non-Stationary Data =» Stationary Data”

v Differencing(XH2)
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* Non-Stationary Data

v" ARIMA Model, SARIMA Model
“Non-Stationary Data =» Stationary Data”

v Differencing(XH2)
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* Non-Stationary Data

v" ARIMA Model, SARIMA Model
“Non-Stationary Data =» Stationary Data”

v Differencing(XH2)
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 ARIMA Model (auto Regressive Integrated Moving Average Model)

v ARIMA(p,d,q)

A-B)Y, =c+e+30 0V + 30, 6je

P 0;Y._; : AR CIaty|
Y1_16;(B)e—j : MA CHeA|
(1 — B)%: XH2 HAX} (BY,= Y;_y)

B: X|H HLAX} (BY, = Y;_4)
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- SARIMA Model

Seasonal Auto Regressive Integrated Moving Average Model

v SARIMA(p,d,q)(P,D,Q)s

(\
30
e n

COIS

39



02 Moz 2 ‘coIs

SARIMA Model

Seasonal Auto Regressive Integrated Moving Average Model
v" SARIMA(p,d,q)(P,D,Q)s

(1 - B)d(l - BS)DYt = C + Z?=1 ®1th—l + Z;-I=1 Qjet_j + ZIP=1 CI)IYt—I + ZjQzl G)]Et—] + gt

511 0;Y,_; - HIAE AR CHEHAl Sio1 @Y,y I AR CHEHA

_, 062 HIZIE MA CHtAl $%, 0)¢,_;: A MA CHEtAl

(1 — B)%: H[AE XH2 ALK (1 — BS)? : A= xH2 HALR}
X|H ALK} (BY, = V;_1) s: A& 7| (E=1, 271=4, H=12)
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- Model
v" ARIMA Model, SARIMA Model

° Data o0 - ——— passengers

v AirPassengers Data.csv -

400 -
300 -
200 -
100 -

1949 1951 1953 1955 1957 1959
month
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03 Example

- Stationarity Test (Raw Data)

train_data, test data = train_test split(data, test size=0.2, shuffle=False)

fig, ax = plt.subplots(1,2,figsize=(10,5))

fig.suptitle('Raw Data")

sm.graphics.tsa.plot acf(train data.values.squeeze(), lags=30, ax=ax[@])
sm.graphics.tsa.plot pacf(train data.values.squeeze(), lags=30, ax=ax[1]);

1.00- ¥

Raw Data
Autocorrelation
1.00 - =
p
p
0.75 - o o0 0.75 -
4 T . *

0.50 - 0.50 -

0.25 - [ [n 0.25 -

0.00 ”T 0.00
-0.25 - -0.25 -
-0.50 - -0.50 -
-0.75 - -0.75 -
-1.00 - | | ~1.00 -

0 5 10 15 20 25 30

Partial Autocorrelation

COIS
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3 Example

- Differencing

diff train_data = train_data.copy()

diff train_data = diff_train_data[ 'passengers'].diff()

diff _train_data = diff_train_data.dropna()
print (' ###### RAW DATA #i####s")
print(train_data)

print('### Differenced Data ###')
print(diff train data)

# NEo= 9l

o} A

[l

Z2ZX| MA

#EHAHE RAW DATA ###sH
passengers

month

1949-81-01
1949-82-01
1949-83-01
1949-84-01
1949-85-01

1958-83-01
1958-04-01
1958-85-01
1958-06-01
1958-67-01

112
118
132
129
121
362
348
363
435
491

[115 rows x 1 columns]

#i## Differenced Data ###

month

1949-82-01
1949-83-01
1949-84-01
1949-85-01
1949-86-01

1958-03-01
1958-05-01
1958-06-01
1958-07-01

6.
14.

-3
-8

14.

44,

15.
72.
56.

® 0 O o

5}
5}
5}

Name: passengers, Length: 114, dtype: floate4
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3 Example

- Differencing

diff train_data = train_data.copy()

diff train_data = diff_train_data[ 'passengers'].diff()

diff _train_data = diff_train_data.dropna()
print (' ###### RAW DATA #i####s")
print(train_data)

print('### Differenced Data ###')
print(diff train data)

# NEo= 9l

o} A

[l

Z2ZX| MA

#EHAHE RAW DATA ###sH
passengers

month

1949-81-01
1949-82-01
1949-83-01
1949-84-01
1949-85-01

1958-83-01
1958-04-01
1958-85-01
1958-06-01
1958-67-01

112
118
132
129
121
362
348
363
435
491

115 rowsfx 1 columns]

#i## Differenced Data ###

month

1949-82-01
1949-83-01
1949-84-01
1949-85-01
1949-86-01

1958-03-01
1958-05-01
1958-06-01
1958-07-01

6.
14.

-3
-8

14.

44,

15.
72.
56.

® 0 O o

5}
5}
5]

Name: passengers, dtype: floatea
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- Differencing

plt.figure(figsize=(12,8))

plt.subplot(211)

plt.plot(train_data| 'passengers’])
plt.legend([ "Raw Data (MNonstationary)'])
plt.subplot(212)

plt.plot(diff_ train_data, 'orange’)
plt.legend([ 'Differenced Data (Stationary)’'])
plt.show()

450 - — Raw Data (Nonstationary)

400 -
350 -
300 -
250 -
200 -

150 -

100 -
1949 1950 1951 1952 1953 1954 1955 1956 1957 1958

60 - Differenced Data (Stationary)

40 -

20-

—20 -
40 -
—60 -

1949 1950 1951 1952 1953 1954 1955 1956 1957 1958
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Stationarity Test (Differenced Data)

fig, ax = plt.subplots(1,2,figsize=(10,5))

fig.suptitle('Differenced Data')
sm.graphics.tsa.plot acf(diff train_data.values.squeeze(), lags=30, ax=ax[0])
sm.graphics.tsa.plot pacf(diff train data.values.squeeze(), lags=30, ax=ax[1]);

Differenced Data

Autocorrelation Partial Autocorrelation

1.00- 100- +

0.75 - i 0.75 -

0.50 - 0.50 -

0.25 - 0.25 -

0.00 a 0.00

IR x *'1 it
-0.25- ~0.25 -
—0.50 - —0.50 -
-0.75 - ~0.75 -
—l.[}O - I I I I I I —l.[}O - I I I I I I
0 5 10 15 20 25 30 0 5 10 15 20 25 30
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Example

Parameter Estimation

v" ARIMA

model opt = ARIMA(train_data.values, order=(2,1,1))
model opt fit = model opt.fit()
model opt fit.summary()

y  No. Observations:

v/ 0.1s
SARIMAX Results
Dep. Variable:
Model: ARIMA(2, 1, 1)
Date:  Sun, 29 Sep 2024
Time: 17:59:18
Sample: 0
- 115
Covariance Type: opg
coef std err z P>z
ar.L1 10717 0111 9615 0.000
arl2  -04397 0105 -4.177 0.000
ma.L1 -0.8309 0.110 -7.556 0.000

sigma2 5856414 79.145

Liung-Box (L1) (Q):
Prob(Q):
Heteroskedasticity (H):

)
)

Prob(H) (two-sided):

0.35
0.56
6.24
0.00

Log Likelihood

AIC
BIC
HQIC

[0.025

0.853
-0.646
-1.046

7400 0.000 430.519

Jarque-Bera (JB):
Prob(JB):
Skew:

Kurtosis:

7.55
0.02
0.61
2.69

115
-525.324
1058.648
1069.592
1063.089

0.975]
1.290
-0.233
-0.615
740.764

COoIS
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Example

Parameter Estimation

v ARIMA(2,1,1)

model_opt = ARIMA(train_data.values, Jorder=(2,1,1))|
model opt fit = model opt.fit()
model opt fit.summary()

v/ 0.1s
SARIMAX Results
Dep. Variable: y  No. Observations: 115
Model: ARIMA(2, 1, 1) Log Likelihood -525.324
Date:  Sun, 29 Sep 2024 LLAIC_1058.648 |
Time: 17:59:18 BIC 1069.592
Sample: 0 HQIC 1063.089
- 115
Covariance Type: opg
coef std err z P>z [0.025 0.975]
ar.L1 1.0717 0111 9615 0.000 0.853 1.290
ar.L.2 -0.4397 0105 -4177 0.000 -0.646 -0.233
ma.L1 -0.8309 0.110 -7.556 0.000 -1.046 -0.615
sigma2 585.6414 79145 7400 0.000 430519 740.764

Liung-Box (L1) (Q):
Prob(Q):
Heteroskedasticity (H):

)
)

Prob(H) (two-sided):

0.35
0.56
6.24
0.00

Jarque-Bera (JB):
Prob(JB):
Skew:

Kurtosis:

7.55
0.02
0.61
2.69

COoIS
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03 Example

 Parameter Estimation
v" ARIMA

= range(@, 3)
= range(1, 2)
= range(@, 3)
dq = list(itertools.product(p,d,q))

T o oo
I

aic=[]
best_model info = None

for i in pdg:
try:
model = ARIMA(train_data.values, order=i)
model_fit = model.fit()
aic_value = round(model fit.aic, 2)
print(f'ARIMA: {i} ==> AIC : {aic_value}")
aic.append((i, aic_value))

# Update the best model information if the current model has a lower AIC
if best_model info is Wone or aic_value < best model info[1]:
best model info = (i, aic_value)
except Exception as e:
print(f'ARIMA: {i} 22 Hg T 2F L. {e})

# Print the best model and its AIC value
if best_model_info:

print(f'\nZ=2| arMA 2E: [best model info[e]} ==> Z|H AIC: [best model info[1]}")
else:

print(' 25 ZE Mgt F 2F 2H )

v 0.2s

AIC : 1676.27
AIC : 1863.65

ARTMA: (@, 1, @) ==>
ARIMA: (@, 1, 1) ==>

ARTMA: (@, 1, 2) ==> AIC : 1060.69
ARIMA: (1, 1, @) ==> AIC : 1068.54
ARIMA: (1, 1, 1) ==» AIC : 1058.25
ARTMA: (1, 1, 2) ==> AIC : 1857.33
ARIMA: (2, 1, @) ==» AIC : 1065.64
ARTMA: (2, 1, 1) ==> AIC : 1058.65
ARTMA: (2, 1, 2) ==> AIC : 1057.52

E| =0l apima 2 (1, 1, 2) ==> ZA A1C: 1057.33
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03 Example

 Parameter Estimation
v" ARIMA

= range(@, 3)
= range(1, 2)
= range(@, 3)
dq = list(itertools.product(p,d,q))

T o oo
I

aic=[]
best_model info = None

for i in pdg:
try:
model = ARIMA(train_data.values, order=i)
model_fit = model.fit()
aic_value = round(model fit.aic, 2)
print(f'ARIMA: {i} ==> AIC : {aic_value}")
aic.append((i, aic_value))

# Update the best model information if the current model has a lower AIC
if best_model info is Wone or aic_value < best model info[1]:
best model info = (i, aic_value)
except Exception as e:
print(f'ARIMA: {i} 22 Hg T 2F L. {e})

# Print the best model and its AIC value
if best_model_info:

print(f'\nZ=2| arMA 2E: [best model info[e]} ==> Z|H AIC: [best model info[1]}")
else:

print(' 25 ZE Mgt F 2F 2H )

v 0.2s

AIC : 1676.27
AIC : 1863.65

ARTMA: (@, 1, @) ==>
ARIMA: (@, 1, 1) ==>

ARTMA: (@, 1, 2) ==> AIC : 1060.69
ARIMA: (1, 1, @) ==> AIC : 1068.54
ARIMA: (1, 1, 1) ==» AIC : 1058.25
ARTMA: (1, 1, 2) ==> AIC : 1857.33
ARIMA: (2, 1, @) ==» AIC : 1065.64
ARTMA: (2, 1, 1) ==> AIC : 1058.65
ARTMA: (2, 1, 2) ==> AIC : 1057.52

[Z=0 arta 2 (1, 1, 2) ==> ZH Arc: 1657.32
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03 Example ‘colis

 Parameter Estimation
v ARIMA(1,1,2) = AIC = 1057.33

# 1. CIOIE 2% (train/test) ARIMA Model Forecast
train_data, test data = train test split(data, test size=8.2, shuffle=rFalse)
= Train Data
#2. ArTMA B 23 Sl 0% 3 600 - —— Test Data
model = ARIMA(train_data, order=(1,1,2)) — Forecast
model fit = model.fit()

# 3. O|% (HI~E GIO[E Z|7t0f Chet 0% +3)
forecast = model fit.forecast(steps=len(test_data))

w
[=]
o

# 4. 0= glOf] CHEE 27 2~ M (7|E GIO|E OpAI} O] EE)
forecast_index = pd.date_range(start=train data.index[-1], periods=len(test_data)+1, freq="Ms')[1:]

S
[=]
o

# 5. Ol Ztof 2ld~ &g

forecast = pd.Series(forecast, index=forecast_index)

w
o
o

# 6. 0= Zutet MA OO[HE AlZ3}

plt.figure(figsize=(10, 6))

plt.plot(train_data.index, train_data, label="Train Data')

plt.plot(test_data.index, test data, label='Test Data')

plt.plot(forecast.index, forecast, label="Forecast', color="black") 200 -

plt.title( ARIMA Model Forecast')

plt.xlabel( 'Date")

plt.ylabel('Number of Passengers')

plt.legend() 100 -

plt.grid(True) | | | | |

plt.show() 1950 1952 1954 1956 1958 1960
Date

Number of Passengers
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03 Example

 Parameter Estimation
v" SARIMA

WO O TVTao as #

#

oEoE e 2438

= range(®, 3) # HIAIEY p 2k
= range(1, 2) # HIAIZY d 2t
= range(e, 3) # HIAIZY q 2t

range(e, 3) # A2 p 3
range(e, 2) # A2 b 3
range(o, 3) # AZ4 q 2
[12] # AZEH F7] (0: 24 HO[EatH 12)

]
ERERES

2z @ A

pdq = list(itertools.product(p, d, q))
seasonal_pdq = list(itertools.product(P, D, Q, s))

#

i
aic = [
best_mo

arc 242 HEY 2las9t ANo| nY Fw
]
del_info = None

sARIMA BH St 3 arc A4t

for param in pdq:

#

for seasonal_param in seasonal pdq:
try:

# sARIMA D 284 Sl oh

model = SARIMAX(train_data.values,
order=param,
seasonal_order=seasonal_param,
enforce_stationarity=ralse,
enforce_invertibility=False)

model fit = model.fit(disp=False)

# AIC ALt
aic_value = round(model_fit.aic, 2)

print(f'SARIMA: {param} x {seasonal_param} ==> AIC

aic.append((param, seasonal_param, aic_value))

# X0 =d F= dhol=

: {aic_value}')

if best_model_infe is None or aic_value < best_model_info[2]:
best_medel_info = (param, seasonal_param, aic_value)

except Exception as e:

print(f'SARIMA: {param} x {seasonal_param} 2 X T 2F 2¥: [e}")

#|Ho| sarvA 2E =

if best_model_info:

print(f'\nZ/H2| sarRIMA ZH: [best_model info[@]} x {best model info[1]} ==> || AIC: {best_model info[2]}")

else:

|

'l

print('2E 2 =gt T 2F HM. )

49| sarima 2 (o, 1, 2) x (1, 1, 2,

) ==>

x

| AIC: 566.38
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3 Example ‘cois

 Parameter Estimation
v SARIMA(0,1,2)(1,1,2)12 = AIC = 566.38

# 1, HOH 22 (train/test)
train_data, test data = train_test_split(data, test size=0.2, shuffle=False)

4 2. SARIMA 2O =2 9l o= o —— Train Data
600 - —— Test Data

# order=(p, d, q), seasonal_order=(P, D, Q, s)

model = SARIMAX(train_data, order=(@, 1, 2), seasonal_order=(1, 1, 2, 12)) Forecast (SARIMA)

model_fit = model.fit()

# 3. U= (HI=E GCIOIH 7|7t CHEH o= +3) -

forecast = model fit.forecast(steps=len(test_data)) (

# 4. 0% ghof oigh 27 2lg~ Mo (7|E ClojE o2 oj=RE])

forecast_index = pd.date_range(start=train_data.index[-1], pericds=len(test_data)+1, freq="MS')[1:]

# 5. O= ghol| ele~ 2et

forecast = pd.series(forecast, index=forecast_index) !

# 6. U= Zu9t HA| HOIHE AlZist )

1t.figure(figsize=(10, 6))

plt.plot(train_data.index, train_data, label='Train Data')

plt.plot(test_data.index, test_data, label='Test Data')

plt.plot(forecast.index, forecast, label='Forecast (SARIMA)', color="black') 200 -

plt.title('SARIMA Model Forecast')

plt.xlabel('Date’)

plt.ylabel('number of Passengers’)

plt.legend()

100 -
1t.grid(True)
. show() 1950 1952 1954 1956 1958 1960
Date

SARIMA Model Forecast

S w

o =]

(=] (=]
i

Number of Passengers
w
Q
(=]
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3 Example ‘cois

« Model Performance Evaluation

ARIMA Model Forecast SARIMA Model Forecast
= Train Data = Train Data
600 - —— Test Data 600 - —— Test Data
—— Forecast —— Forecast (SARIMA)

500 - 500 -
& &
@ @
o o
c c
& &
400 - 400 -
o o
o o
= =
5] 5]
= =
g 300 - g 300 -
£ £
3 3
=4 =4

200 - 200 -

100 - 100 -

1950 1952 1954 1956 1958 1960 1950 1952 1954 1956 1958 1960
Date Date
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