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term from the model due to its
insignificance, = emphasizing  the
inclusion of seasonal effects to
improve prediction accuracy, and
monitoring model stability over time.
It also recommends testing additional
lags using ACF and PACEF to optimize
(p, q) values and adopting the
SARIMA model in the presence of
clear seasonal alongside

techniques like Grid Search and

cycles,

Bayesian Optimization for optimal
parameter tuning. Advanced models
such as SARIMA-X and hybrid models
were also suggested.

Keywords: ARIMA
SARIMA, oil production, forecasting,

models,

time series.
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Abstract
This research aims to study and
evaluate the performance of ARIMA
and SARIMA models in forecasting
time series for oil production in Libya,
focusing on comparing the prediction
accuracy of the two models and
analyzing their ability to capture
temporal and seasonal patterns. The
research involves 1identifying the
optimal parameters for the models (p,
d, q) and testing the quality of
prediction residuals using statistical
tests such as the Ljung-Box test. A
descriptive-analytical approach was
adopted, where monthly oil production
data from six oil fields for the period
from September 1986 to April 2014
(330 observations) was collected. The
characteristics of the time series were
analyzed, and their stationarity was
tested using the Augmented Dickey-
Fuller (ADF) test. Models were built
using techniques such as Grid Search
and AIC/BIC and evaluated with
metrics like RMSE, MAE, and MAPE.
The results showed that the SARIMA
model was better at capturing seasonal
patterns compared to the ARIMA
model. The randomness of model
residuals was tested to verify
prediction quality. The research
recommends removing the constant
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Model Statistics

Modelumber of llodel Fit Ljung-Box Q(18)Number
Predictors  statistics of
v R Statisti DA sig, Outliers
squared
x1-Model_1 0 .025 28.072 17 .044 0
0 -1.000E- 16.299 18 .572 0
x2-Model_2|
013
x3-Model_3 0 032 12.676 17 .758 0
x4-Model_4 0 .051 30.918 17 .020 0
x5-Model_5 0 .049 49.735 16 .000 0
0 -1.000E-| 20.842 18 .287 0
x6—-Model_6|
013

oSa el Slilas) wl ey S

g X1 2350 gl ) o lilian] J pad
& (+.+Ye) aasw.Stationary R-squared
L o(r.0 88y aslas) AYs 45 Ljung-Box Lz
aad a) X2 2550l de o) BL5 39y U e
> susy wasStationary R-squared

3 e & cLjung-Box (0.572) jLa1 3 aslax)

e Jududd ghdll BLs Y1 eMalas *

a1 Jsdead) QU1 B3 W) D alan (£-F) 035 J g

ACF Case Processing Summary

x1 x2| x3 x4 x5 Xq

SeriesLength 272 272 272 272 272 272

User—Missing| 0 0|
umber of Missing

System— 0 707 1204 124 919 72
Values|

Missing

Number of Valid Values| 272 202 152 14 181 201

Number of Computable First Lags 271 201 151 147 18( 199

I- Some of the missing values are
imbedded within the series.
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Fit Statisti Meal SE Minimum Maximul Percentilg
25 5 95

Stationary .024 .023-1.000E+ .051-1.000E+ .029 051

R-squareq 013 013

R-squareq 947 .02 1903 974 .93 .94 974

RMSE 521.064 280.64¢ 258.9041000.643 304.566 461.4151000.643

MAPE  4.72§ 1.723  2.644 6.972 2916 4.801] 6.972

MaxAPE 38.017 22.303 20.739 80.43§ 23.612 28.949 80.43

MAE 325.190 177.908 158.384 623.779 191.274 264.124 623.779

MaxAE3143.8302163.511]1155.0686838.141 1181.3312838.5986838.141

Normalized| 12.312  1.02 11.165 13.841 11.465 12.208 13.841
BIC
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X1 Model_1 ARIMA(0,1,5)(0.0,0)
X2 Model_2 ARIMA(0,1,0)(0.0,0)
X3 Model_3 ARIMA(0,1,1)(0,0,0)
X4 Model_4 ARIMA(0,1,6)(0,0,0)
X5 Model_5 ARIMA(0,1,0)(1,01)
X6 Model_6 ARIMA(0,1,1)(0,0,0)

Model Statisticsy 3 sl clslax] (V=¥ g

Model Model
Fit statistics Ljung-Box Q(18)

Number of Stationary umber of

Predictors | R-squared Statistics DF Sig. Outliers
X1-Model_1 0 065 14.123 16 590 0
X2-Model_2 0 -6.065e-16 18.090 18 -450 0
X3-Model_3 0 034 13.529 17 700 0
X4-Model_4 0 078 31.406 16 012 0
X5-Model_5 0 014 55.914 16 000 0
X6-Model_6 0 017 13.942 17 671 0
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Cc 39849.76  [133973.0 297446 0.7663
AR(1) 0.942125 0.114638  .218272  [0.0000
SAR(1) 0.995791 .028746  [34.64127  0.0000
MA(1) -0.915495 0.122891 -7.449633 |0.0000
R-squared 0.974349  Mean dependent var 19404.66
Adjusted R-squared  [0.974112 [S.D. dependent var 5913.451
S.E. of regression 951.4600 |Akaike info criterion 16.56599
Sum squared resid 2.93E+08 [Schwarz criterion 16.61225
Log likelihood -2712.823 Hannan-Quinn criter. 16.58445
F-statistic 4102.439  Durbin-Watson stat 2.430486
Prob(F-statistic) 0.000000

Fldl 23560 ladre a5 ) mo
¢ AR(DoMlll ol o @i o iy Bl
wla= Vs> oBMAd) 5, SAR()
w2 5 3 58 b gl S ke (Prob=0.000)
AR (1)=-0.942 Lotes pzy 2 ) aleded) 2z
oy 8 bl ey USAR(1)-0.995
R—rgf S5 LS i) Al ol adl
Adjusted R - squared=0.974
o JAY 8 i e 23 5015 isquared=0.974
Durbin-Watson &y .ol 3 ol
(S @ ol bl aae oL Jistat=2.43
2O Ay Fostatistic-4102.439 <,

J (X3 o3l 2 Ll sl gl 3 ol 3
skl sl e 5l (3 s 33 ) el ,@JL._;TX6)
gl sde el o sl 3 el a1 Juy
A ) UL o)

Jyim oy B3t 50l 5,08 LoV el *
B Judhadl r IS

Tosed 5l puad Bslas ) lall (VY1) g

) g | edibaga |
Jalew ANV a3k Jelee PS5 elre )
ellaSl Gl [ alad) laall Uil an3ll | gdsad)

(blayl [ TS Ry wasall Theil -

(MAE) (MAPE) (RVISE)
0.53 | 5.9 [0.979 [ 0.03 507.4 4.6 763.9 LU X1
0.36 4.6 10.910 | 0.03 112.5 4.1 162.9 Judldl X2
0.47 | 24.5 10.974 | 0.03 142.3 3.8 196.3 ULl X3
0.46 | 10.3 [0.948 | 0.01 137.0 1.5 203.5 [l X4
0.29 15.9 10.942 | 0.05 282.2 8.19 461.5 LI XS
0.37 | 53.5 [0.981 | 0.01 497.9 1.6 7924 LU X6

S IS s el i X6 5 5ed)

ailbll adll bwgey (RMSE) Usdl a0l
B e 5l 3 s T el Ko e« (MAE el
Lad Bl eV dems b, il S
5 S B el o 45,08 1) pte L (R2=0.981)
B X4 25 padl b Bl 3 LU (3 ol e
et gl gz Jely (Thetl) 15 ot as
U i a2 X2 zdpadl Wil il oy o
b, el oS8 MAE, RMSE 0 IS5 2ains
w4t o (p=0.36). it @l se Uins
Uotl) ol baw ol a3 Lol X5 235001 fonns
o as oSay & JAN Gy (MAPE) 1l

s sl " dpin I fosSlenlly fuisl] ARIMA £ 38 e’y fol



o e i o gt gl B3 e 1

AIC ol dall o) i 50,Logarithmic Loss

LA Lo gl sl e sy U2 (BIC,

5o Ol o S gh et s B L -y

PCA) 2l 0l S JUE s

M

20 ol J )

A ) fodll gl 2310 (2022), o s pat
ol S aadr auln lasyl 3
ol dslaY) & el

A ) LSl oolads, (2021, & e Jsle cannd)
W anl > 1ol sl (3 ol padl Souaze
anal L) S (gl slasll e
5 sl

saedl Pl (Y i d) e ded) ue ng,,J\
olalydll agre SPSS. alsecaly ol gadll
s 63 A Anslsr (Sl & gl

Sla=¥! Bl (Y o) ) s aedl ds (bl
olal il agre SPSS. aliscly puzll
s 63 A Anslsr (Sl & gl

Coddl Ll (Yo) ) cde aed) ae ‘gs“”\‘*”
Ao EViews. slscal i fusldl

.SJAULS\ (a.;\.‘,bg\ C)ﬂ‘) QLM:\)..U\

elall oS v )l iy 3 e s dle ‘C’f“u
BIC-16.61225 ( (AIC=16.56599zM)
gl elsl ity el WHQC-16.58445)
wdld o jsm ol sde 3 D13 s gy e
5390y £V )l AT ALl o ods gl 3
o B3 5 @i B g 3yl ak e yay ¢ o)
3 @ bl ey ASs Wl Jo Bl
) Jodl 2tam
Sl gl *
T35 G ol g 3 oo DY) S

— ety gl as
o 3 el 2l o1 g e -
SAR (1), Jolas & sinn ) 5Lz SARIMA
N TS S PRYRNS (FEPER
Q.5 P o 2PACF ,ACF
Grid o olis slash: oladall bus pud —Y

wi«Bayesian Optimization ,Search
Aadize Jwd Sla g gl Adlo] @l paze Jlsts]
Jre dedine i ge C';L:' & ki aa) Csu\ -¢
VARMA e dalsd) 2301 ISARIMA-X
e DU
ARIMA J #36 an z3sadl &jie -0
plaszaly S & e Ll s VAR/VECM

A UGranger

s sl " dpin I fosSlenlly fuisl] ARIMA £ 38 e’y fol



El-Mahdi, N. & Youssef, H., 2024.
Evaluating seasonal time series
models: An application on
tourism demand in Egypt.
Egyptian Journal of Tourism
and Hospitality Studies, 12(2),
pp- 101-119.

Li, J. & Chen, H., 2023. Optimization
of ARIMA parameters using
grid search: Improving forecast
accuracy for energy
consumption data. Energy Data
Science Journal, 8(4), pp. 77-92.

Li, J. & Chen, Y., 2023. Optimization
of ARIMA parameters using
grid search: Improving forecast

accuracy for energy
consumption data. Journal of
Energy Forecasting and

Analytics, 12(4), pp. 215-229.

Park, S. & Kim, D., 2023. Seasonal
forecasting with SARIMA: Case
study on climate data prediction.
Journal of Climate Analytics,
15(2), pp. 105-120.

Wang, X. & Zhu, Y. 2023.
Comparative analysis of time

series  forecasting  models:
ARIMA vs. SARIMA on
seasonal data. International

Journal of Data Science and
Forecasting, 18(2), pp. 45-58.

UL & cerdl (YY) e ) ue (bl
a1l agxe SPSS Modeler. plasal,

s 3 A Anslr (@ilasY) &gl
OISEN) (3 Aadie (YY) des Lok s ]
sl dsla Yl o glall (3 KRlanksi 5 danl)
aflaxY! & edly ol 4gSPSS.

Ry cSJAUJ’ dxalss

e b =L
Ahmed, M.A. & Khan, R., 2024.
Advanced time series

forecasting models for financial
markets: A case study using
ARIMA and hybrid models.
Journal of Financial Analytics,
18(1), pp. 45-67.

Al-Shami, A .H. & Nasser, R.M., 2022.
ARIMA model application for
forecasting agricultural
production in Jordan. Journal of
Agricultural Forecasting, 15(3),
pp. 123-140.

Box, G.E., Jenkins, G.M. & Reinsel,
G.C., 2015. Time series
analysis:  Forecasting  and
control. Hoboken, NJ: John
Wiley & Sons.

Chatfield, C., 2016. The analysis of
time series: An introduction, 7th
ed. Boca Raton, FL: CRC Press.

s sl " dpin I fosSlenlly fuisl] ARIMA £ 38 e’y fol



