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Abgtract: The liberalization of the petroleum sector in Moo has a significant effect for petroleum prodiistributors.
Since the beginning of December 2015, fuel pricedraely determined. This event presents manytaings affecting
the balance of the sector plus the competition anisreconomic players. As all fuel products arpanted, we will be
interested in the evolution by making forecastthef price of fuels in the Moroccan market. In thigtext, our paper
aims mainly to study the time series of diesel gasoline in order to provide precise forecasthéodompany and to
respect the permissible error margin of 3%. To émd, the harmonic dynamic regression model thrahgtproposed
process approach yielded excellent forecastindtesfam the first quarter of 2017 with an averag@emargin of 1.617%.
Compared to ARIMA model, the harmonic dynamic regien proves its strength manifested in the low ddterror. In
addition, the assumption that the residuals ar@aas&an white noise has always been verified. dhecésts obtained
are very crucial for managers to take good decssatrihe strategic level.

1 Introduction stocks. As all fuel products are imported, we viié
Oil is an important sector given the increasinglynterested in the evolution by making forecastthefprice
competitive nature of the industry today. Large panies Of fuels on the Moroccan market. In order to remain

and oil Supp]iers want the most economical andlo&di competitive on the market, distributors must bee ol
forecasting mechanism to evaluate the market. Fisr t source fuel at the optimal price while maintainiag
reason fuel price forecasting is one of the mogtaiant ~ Significant profit margin. In order to achieve thei
problems beyond all strategic and planning decision Objectives, oil companies must rely on very specifi
any company [1], but difficult in the research areéthe forecast mechanlsmS.The overa_ll mechan!sm by V\th_reh
ana|ysis and prediction of because of the uncertaffice of oil affects most countries or national m@mic
interactive factors that determine the oil markattfie one ~ factors are generally well understood, and thusdtesast
hand, oil is directly associated with various utmier ©f the price of oil has been perceived as an inambrt
market factors, such as supply and demand, corgpetit research topic.One of the most commonly used aphesa
among suppliers, substitution for other forms oérgy, for oil price prediction is the statistical timerigs method
economic development, population growth, and teini [5,6], characterizing the price of oil as a timen, a
development [2]. On the other hand, as crude oi is Seasonal factor, a cyclical element and a termrifr.e
dominant resource for energy security, the oil renik Many techniques are available to break a seried pfices
highly sensitive to various uncertain externaldastsuch in these components.They include the Akarca and
as political instability, war and conflict [3,4].if8e 01 Andrianacos model medium autoregressive movement
December 2015, fuel prices are freely fixed. Thisre (ARIMA) [7], Lanza et al.'S (ECM) error correctionodel
presents a lot of constraints impacting the balafabe [8], and the vectorial regression of Mirmirani ahd
sector and the competition among its economic acfare  (VAR) model [9].Other types of approaches assunae th
lack of support measures by the state makes ievabte. stqchastlc guantification, the relationship betweqah
With the cessation of the activity of the only Mocan Prices and the latent economy are factors thapoavide
refinery, distributors must, from their part, builg large
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a more relevant prediction than attempting to discthe 3  Elaboration of the new methodol ogy
underlying structure of the series itself. In our study, we will develop a new numerical model
_ Our article studies the price forecast of the Moasc  of dynamic harmonic regression that aims to amatiothe
oil market, which is an |mp0rtant area for the deieation forecast of the price of fuel in the forecastingq:gss_
of future value, from the point of view of oil ditution |n our previous work, El Bahi et al. (2018) [17]
companies, considering global variables. We willelep  demonstrates the utility of ARIMA model in the
a new numerical model of dynamic harmonic regressidorecasting field, we found that the ARIMA mode]¥(1L)
that aims to determine the price of fuel in themtlng gave accurate forecasts to the price of gaso“m the

process. margin to be met for the first quarter of the cotrgear
) ) with an average error margin of 2,855% respecting the
2 Literaturereview margin permissible given by the company. Howewer, i

Several articles have been published in the liteeat this paper, we will present a new model of dynamic
aiming at comparing and improving the predictiorharmonic regression through a proposed new process
capabilities of dynamic harmonic regression andMRI approach.
models more precisely. Church and Curram (1996) [10
have attempted to predict the decline in the graate of 3.1 Dynamic harmonic regression
Consumer spending in the late 1980s using a netark  We have developed the basics of the new harmonic
artificial neurons and a model ARIMA. They suggestt dynamic regression model, while performing various
neural network models describe decline as welbbaispot  tests to validate the proposed model. Our studydwased
better, econometric specifications. Finally, theygggest on the price of diesel fuel in Morocco.
that the selection of the methodology used to ma  The classic model of additive time series with bidd
predictions should be based solely on the variablcomponents is shown in (1).
available. Prybutok et al. (2000) [11] develop aimaé
network model for predicting daily maximum ozonedks Y,=T;+ C,+ S;+ f(u))+ N, +e;; e,~N(0,62) (1)
and compare with two conventional statistical medel

regression and ARIMA Box-Jenkins models. The rgsult - Y, : the observed time series
show that the neural network is superior to theottvo - T,:thetrend
models tested. Gutierrez-Estrada et al. (2004) iy - C,:the cyclical component

linear multiple regression, univariate time semesdels
(ARIMA models), and neural network computations to
predict the average daily ammonia concentratiomater-

recirculating ponds. The results show that the Inwar

ANN model approach provides better prediction of
ammonia concentration than the multiple linear esgion
and univariate time series analysis, when the Eioa

- §;:the seasonal component

- f: the influence of an exogenous vector with
variables u,

- N, :stochastic disturbance

- e, : Gaussian white noise: e,~ N(0,a%)[18].

Nevertheless, we worked only with the following

between the data series is weak and when models model.

forced to predict in a situation for which they Banot been _

specifically calibrated. Ho et al. (2002) [13] met a Se = ZE=1AiC°S(“’it+‘pi) (2)
comparative study of integrated self-regulating eroent Co= 2% Bic"s(“’it + ‘Pi) (3)
Box-Jenkins models of medium and two artificial ra¢u _ _ _
networks with a different architecture (multilayeower The w; andy; are the Fourier frequencies determined

supply and recurrent network) in the predictiorfadfures from the discrete Fourier transform through a spéct
in computer networks. The study showed that therreat  analysis. This study in the frequency and non-teaipo
network architecture significantly outperforms tlesults domain allows a consequent gain in parameters [19].
produced by the other two methodologies. In mar It is interesting to separate the cyclical and seals
scientific or technical applications, the dataésgrated in components because even if they are written irséme
the form of a time series. As a result, time segiealysis Wway, the cycles have relatively large periods caegbao
is one of the main tools for research and developmethe observations and are therefore hardly detextibbur
(Cryer 1986, Chatfield 1991) [14-15]. Modelling ofwork, we consider the cyclical component equal émz
univariate and multivariate time series and stmadttime because the observations relate only to one yeér (2
series methods have been useful for describing aobservations / fortnight in all). The parameteranad m
forecasting (Prybutok et al., 2000, Tsitsika et a007) depend on the number of observations p. We willates
[11,16]. that:

n=:-1 (4)
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For the trend, we will see that the regressiondeue be In this study, we will work on the prices of diesat!
a good approximation. The most important thingh& tve  for the development of the model. The points cland
will detail later that everything is calculatedthe same regression line are presented in figure 1.
time [20]!

8000

m— Prix Tendance /\ Py
7500 /_/\ -~ 7 \/
7000 \/
6200 \\_/

6000
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

Figure 1 Gas price excluding taxes and trend

3.2 Determination of Fourier frequencies
321 Methodology E{Sppr(H} = [V

To determine the frequencies of Fourier, we will Sper () f_1/2
present two methods: the direct method of the degeam

Wp(f —wSs,(wdu  (8)

and the indirect method of Blackman-Tuckey. Where W,,(f) = %[% is the Fourier transform of
Under the assumptions of stationary and ergocthe triangular window.

signals, the autocorrelation function and the pospexctral The periodogram is therefore on average the

density are defined by: convolution of the true spectrum with the Fourfansform

of the triangular window. Nevertheless, whin- oo,
T(m) = E{x*(m)x(n + m)} = ri,(—-m) (5) the bias becomes zero. It can also be shown tkat th
variance is virtually independent of N and propmél to

5:(f)= Ll szx(m)e_z""’"’ = the spectrum.
. 1 |on— 3j
bim B {5 [ x (e /) ©

”ar{ngR (f)} =S, (f)? 9)

It is assumed to have N sample¢n)}¥=3 of the signal
to be analyzed and we, therefore, try to estintetgbwer
spectral density from these data. There are twama
classes of non-parametric spectrum estimation, e#fch
which is related to one of the equalities in thecsgl
density equation.

Thus, the periodogram is therefore not a consistent
estimator of the Spectral Power Density. In ordeetluce
the variance of this estimator, an averaged pegian
can be used.

This consists of separating the signal into K slifef
length N / K), calculating the periodogram on eatibe
and averaging. Due to the average K, the varianakriost
divided by K: nevertheless, with the slices beihgrter,
the resolution decreases.

Periodogram method:
Itis a method that uses the signal directly. Treetum
is estimated by (7).

— 1 oN-1 —2jmnf |2 Indirect method: Blackman-Tuckey:
Sper(f) —E|Zn=0 x(n)e | ) Another approach is to use the definition of the
spectrum from the correlation function. The speutiig
Because of the truncation of the signal, the pegoam then estimated as in (10).
is in fact the convolution of the spectrum by adozal

sinus window. Truncating the signal induces two rmai Spr=XM__y T (m)e ™S (10)
phenomena:
- Widening of the main lobe which leads to ¢wheref,, is an estimator of the correlation function, given
decrease of the resolution. by (11).
- Appearance of secondary lobes.
The resolution of the periodogramligN. P, = %ZL‘S‘* x* (l)x(k +m) (11)

To remedy truncation problems, windows are generall
used to either reduce the main lobe or attenuage th
sidelobes. Also, the periodogram is a biased estima
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It is a biased estimator. The following estimater iwith Hannig's window because it allows a good
unbiased: compromise.
p = L yN-m-1,x 3.22 Spectral analysis
Tox = Yrco-lx*(k)x(k + m) (12) ) . Iy _
T N-m kS0 This analysis will allow us to bring out the most

Blackman-Tuckey suggested taking M of the order (iSr:?c?rlrfwlwﬁgn f;eir?_u:incr::aels r(g\c,;\;hsl(s:rn ?rl]lg(\;\: )a maximum
10% N. The application of a window is possibleeduce . gain: sighal p SINg Y). .
. : . We will classify the frequencies of the most impoit
the variance on the estimate of the correlatiorctfon. . ,
. (spectral density of the largest to the smallé#tye is the
Indeed, we have:
result on Table 1.
Using the SPSS software, we will calculate the othe
parameters by a non-linear regression. The fies idhat
) ) comes to mind is to take all Fourier frequencies lamild
However, the variance over,,(m) increases as m the forecast model for these frequencies. Figusb@vs
approaches N, this explains why only M correlapoints  the result obtained. The results seem satisfachartythe

-are used. Nevertheless, when M decreases, the [Strong oscillations push us to Studythem mor%os
INncreases.

Sper = Zm_:l—(N—n Py (m)e 2™ (13)

3.3 Oscillation study

To be able to do this study, we have to map theeinod
exactly. But we only have 27 observations. Sharsnon'
o S _ theorem states that the sampling frequency (obSeng)
Resolution in 1/N which implies a certainmyst be greater than or equal to twice the maximum
difficulty in finding two very close lines for shor frequency. All calculations done, the theoreticahgling
duration signals. frequency must be greater than 50. We proposenplete
Difficulty in finding weak signals compared to our samples to make a polynomial interpolation leefw
strong signals. each two consecutive points so as to keep a latgotsses
+ Secondary lobes and negative spectra (BT) duethrough two consecutive points and the middle point

=> bias-variance dilemma.

Disadvantages:

windowing. created. The result obtained is shown in Figure\a.
* Inconsistent estimate of the PSD. notice a very strong oscillation among the valudsctv
Advantages pushes us to consider the application of a filter.
» Very fast and inexpensive computing algorithm
(FFT). 3.4 Staticfilter proposed

» Estimated spectrum proportional to the power.
« Robust behavior on a wide range of signals.  and low frequencies as shown in figure 4.
The choice of a window results essentially from th New constraints are then added to our model. Recall
compromise between the width of the main lobe dued tthat the model exclaims as in (14).
height of the secondary lobes. In our study, we wdrk

The idea is to build a band pass filter that fithigh

Table 1 Fourier frequencies

Frequency Period Periodogram Spectral density
0.232i 27.000(¢ 370581..5981 29489¢.196¢
0.465¢ 13.500¢ 200416'.070¢ 15948t.548(
0.930¢ 6.750( 30735:.130z 2445£.385(
1.396: 4.500( 17152L.570¢ 1364¢571Z
0.6981 9.000(¢ 162639992 1294..002¢
1.629( 3.8571 15940..098¢ 1268.816(
1.8617 3.375( 8574£876¢ 682:.678¢
2.3271 2.700( 728747651 579¢.507¢
3.025:2 2.076¢ 6264:.490¢ 498.931(
1.1636 5.4000 57555.0920 4580.0887
2.792¢ 2.250( 4725..823: 376(.180¢
2.094¢ 3.000(¢ 2682¢.4541 21347814
2.559¢ 2.454¢ 20251.996¢ 1612080z
0.000( 0.000( 0.000(
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Figure 2 Model of all frequencies

3000000

e Prix e \odéle

2000000

1000000

0

-1000000

-2000000
Figure 3 Oscillatory study of the model of all frequencies
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Figure 4 Low band filter
Y,= a+bt+ Z’i’: A;cos(w;t + @;) + -
2 p_
e.e,~ N(0,0%) (14) S, =22, Aicos(wit + @;) (15)
To achieve the filter, we took the bandwidth sd ia Slmllarly, we will do an oscillatory StUdy of thigsal

the elements of the series are between the miniamdn
the maximum of this on&o each A_i must be less than
or equal to a constant (450 in our case). So wehaile:

or the time series. The result is in figure 5.

8500

8000

7500

7000 - cmm

6500

6000
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
Figure 5 Oscillation study of the static filter
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The observed overruns are justified by the fadtwea cannot be rejected. The risk of rejecting the hyflothesis
have made a naive assumption that the amplitudesmoti  Ho when it is true is 5.40%.
exceed one constant sequentially. However, the ogmp  The last test to be performed is the heteroskemikysti
effect of the other amplitudes must be considafégimust test [22]:

therefore consider the sum. Despite this, thierfitiready *  White's test:
demonstrates excellent forecasting qualities. Fledts
check the hypothesis tlegt- N(0, 62). Table 3 White's Test
We perform tests on XLSTAT. For normality, we LM (Observed valut 0.650¢
performed two tests, that are Kolmogorov-Smirnod an LM (Critical value 5.991¢
Khi2. Results are grouped in Table 2 [21]: Degree of Freedom 2
Ho: The sample follows a Normal law. P-value (bilatera 0.722¢
Hi: The sample does not follow a Normal law. Alpha 0.05
Table 2 Normality tests of the static filter Also, two hypotheses are formulated:
Test Kolmogorov- | KhiZ  Degreeof Ho: The residues are homoscedastic
Smirnov Freedom =6 Hi: The residues are heteroscedastic
Parameter Value D 0.1178| Observe12.3801
value Since the calculated p-value is greater than thhaal
H -0.0762| P-value0.8239 | Critical |12.591§ threshold significance level = 0.05, the null hyjestis H
: value cannot be rejected. The risk of rejecting the hyliothesis
Sigme | 42.121¢ | Alpha | 0.0% P-value | 0.054C Ho when it is true is 72.24%.

. Although this static filter seems to provide vegod
Interpretations:. results, it prompts us to think of a new filtertttekes into

~* Kolmogorov-Smirnov: account the aspect of amplitude attenuation: ttk bf the
Since the calculated p-value is greater than tiphaal gynamic filter.

threshold significance level = 0.05, the null hyysis H
cannot be rejected. The risk of rejecting the hyfiothesis 3 g Dynamic filter proposed

Ho when itis true is 82.39%. The idea of the filter is simple: to be able to@etlose

*  Khiz as possible to the time series with the minimum of

Since the calculated p-value is greater than tiwaal ogcillations. The figure 6 give us explanation bffs.
threshold significance level = 0.05, the null hyysis H

8500

e— DX e tendance min max

8000

7500

7000

6500

6000
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
Figure 6 Dynamic filter construction

We will consider a parameter so that the minimum The exponential form is set aside expressly sotkiee is
and maximum are closest to the time series. The nno exponential envelope (reverse funnel effectabse the
seasonal component becomes: series is stationary around the trend.

Two other constraints are added to attenuate grelkor
P the time series.
S, =23, Aicos(Bwit + @;) (16)

"14; + ¢ < max 17

Because we will have new constraints:  First: < e Oe) an

B; <1 (for all i ranging from 1 to n) m A, —a>min (y,) (18)
This parameter is inspired by the wavelet theoogably =1 - ¢

the Morlet wavelet. According to these new constraints the number of

allowed sinusoids becomas:= g -1
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The first remark is that this filter is greedy anshould
only be used in case of significant observatiomsidadly,
this filter creates a compromise between the loss
information and the attenuation of oscillations v&@have

to make sure that,~ N (0, o%). Results after applying this
filter are presented in Figure 7. The test rearksyrouped
in Table 4.

8500
3000 Prix Modéle
7500
7000
6500
6000
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53
Figure 7 Dynamic filtering
Table 4 Normality tests of the dynamic filter
Estimated parameters Kolmogorov-Smirnov 2khiDegree of Freedom=2
Paramete Value D 0.0994 Observed value 0.5926
u 0.2795 P-value 0.9410 Critical value 3.8415
Sigma 86.3681 Alpha 0.05 P-value 0.4414

I nterpretations:
Ho: The sample follows a Normal law.
Hi: The sample does not follow a Normal law.

»  Kolmogorov-Smirnov:

Since the calculated p-value is greater than thkaal
threshold significance level = 0.05, the null hyysis H
cannot be rejected. The risk of rejecting the hyflothesis
Ho when it is true is 94.04%.

« KhiZ

Since the calculated p-value is greater than thkaal
threshold significance level = 0.05, the null hyysis H
cannot be rejected. The risk of rejecting the hyflothesis
Ho when it is true is 44.14%.

* White's test (Table 5)

Table 5 White's Test

LM (Observed value 3.317:

LM (Critical value) 5.9915

Degree of Freedo 2

P-value (bilatera 0.190¢

Alpha 0.0
8500

e rix réel

8000

7500

7000

6500

6000
1 3 5 7 9

Statique

Ho: The residues are homoscedastic
Hi: The residues are heteroscedastic

Given that the calculated p-value is greater than t
threshold level of significance alpha = 0.05, weraa
reject the null hypothesisgHThe risk of rejecting the null
hypothesis blwhen it is true is 19.04%.

We note that the dynamic filter makes it possilde t
normalize the residues with a very good power (9686
the Kolmogorov-Smirnov test), but there is a riskttthese
residues are heteroscedastic opposite to the flistic

3.6 Comparison between the static filter and the
dynamic filter
3.6.1 Oxillation study
Similarly, through Shannon's theorem and interparat
we obtain the result presented in figure 8. liéscthat the
oscillations are much better attenuated by the mhjma
filter which makes the curve much smoother.

e Dynamique

11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53

Figure 8 Oscillatory study of static and dynamltefing
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3.6.2 Forecast Horizon filters give asymptotically equal series for thesffitwo

Since both models are stationary around the treed, years then there is a shift! The new harmonic dyoam
can broaden the forecast horizon until a new cgpfeears. regression model is under the form of an optimizati
The figure 9 shows the result of the two filterbeTtwo problem. The proposed new model is in (19).

L
Mn Y, = a+bt+3}_ Acos(Bwit+ @)+ ee~N(0,0° (19)

L
P Aicos(Bwit + @) + a < max(y,)

Under Congtraints B 1 .
( ) P Aicos(Bwit + @) — a = min(y,)

-1<p;<1

20000
18000
16000
14000
12000
10000

8000

6000

e riX réel

statique e Dynamique

— O N~
i

In 0N " OO I MmO dJdaa~NLD N A NN M dJda~;nmoMmdoa

217
225
233
241
249
257
265
273
281
289
297

i D B e B T T B R B B |

Figure 9 Forecast horizon for both filters

Since it is difficult to implement this model, weopose to work using the numerical model in (20).

L
MinY,= a+bxt+3} A *cos(B;+w;*t+¢;)+ ee,~N(0,0%) (20)

L
P At a <max(y,)
(Under Constraints){ 5-1 ]
P 1A — az=min(y,)
-1<8; <1

In this section, we have developed the basicseofity  We will be constrained by the total permissible giraiof
harmonic dynamic regression model, while performinthe order of 3% which corresponds to our tolerance
various tests to validate the proposed model. §thidy has interval.
focused on the price of diesel fuel duty free ahd t
conclusive results push us to test it on the poiceSP * 4.1  General model

Super Sans Plomb” all taxes included. In this first part, we will model, through the HDte
prices of the last four years. The result foungdrissented
4 Casestudy in figure 10.

In this section, we will focus on in-depth SSP esito
determine the best possible DHR-based forecastodgm

— S —— modéle  eeceeeees Linedrna (ssp) ~ ceceeeees Linearna (modele)

1200

1100

1000

900

800
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79 82 85 88 91 94

Figure 10 Model of the last 4 years
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We will test the hypothesis of normality of errtinsough Khfand Kolmogorov-Smirnov tests:
Ho: The sample follows a Normal law.
Hi: The sample does not follow a Normal law.

Table 6 Normality test

Tes Kolmogoro\-Smirno Khi? Degree of Freedom :
Paramete Value D 0.110¢ Observed valt 0.710¢
U 0.0012 P-value 0.7009 Critical value 5.9915
Sigme 0.478:. Alpha 0.0 P-value 0.180¢
Table 7 White's Test

LM (Observed value) 2.2118
LM (Critical value) 5.9915
Degree of Freedom 2
P-value (bilateral) 0.3309
Alpha 0.05

Interpretations

»  Kolmogorov-Smirnov test: Ho: The residues are homoscedastic
Since the calculated p-value is greater than thhaal Hi: The residues are heteroscedastic
threshold significance level = 0.05, the null hyysis H

cannot be rejected. Since the calculated p-value is greater than tiphaal

The risk of rejecting the null hypothesis When it is true  threshold significance level = 0.05, the null hyyestis H

is 70.09%. cannot be rejected. The risk of rejecting the hyflothesis
e Khi2test: Ho when it is true is 33.09%.

Since the calculated p-value is greater than thaal The next step will be to make price projectionsther SSP
threshold significance level = 0.05, the null hypestis iy based on this general model.
cannot be rejected.
The risk of rejecting the null hypothesis When it is true 4.2  Forecasts from the general model
is 18.05%. One-time for ecasts
«  Heteroskedasticity test: From the data of the last four years, we have bbémn
to calculate the following RDH model shown in Figurl.

— G S[) e modéle = ceceeeces Linedrna (ssp) ~ eeceeeees Linearna (modele)
1200
1100
1000
900
800
TN O MO OO NN OO A TSSO MW OoOON W AN O MO oA N O A < ~NO M

Figure 11 Predictions from the general model

Here are the results of the first quarter forecast The results obtained were not satisfactory comptared

summarized in Table 8. the tolerated margin of at least 3%. This is mauhig to
data from the last three years before 2016 whergtice
Table 8 Forecast Results was set by the state. Also, the compensation flayked a
Fortnight Real Price Model % Errorl  major role in covering the excessive increasebenptice
1Q Januar 107: 1101.8¢ | 2.78824t of a barrel on an international scale.
2Q Januar 107¢ 1137.8€ | 5.94599¢ We therefore have only one year's data to make the
1Q Februar 107z 113682 | 6.23414: predictions, i.e. 24 observations.
2Q February 1082 1162.02 7.395564 Forecast by confidenceinterval
1Q Marct 108¢ 119:62 | 10.1125¢ Current forecasts are built for a 95% confidence
2Q Marct 106¢ 115671 | 8.71334( interval.
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1300 g DiX SSp === modele RDH RDH inf RDH sup e====Tolérance inf e tolérance sup
1200
1100
\
1000
900
800
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Figure 12 Confidence interval forecasts of the gaheodel

4.3 Mode reduced « Dynamic filtering
To be able to work with data from a single year, w&Ve decided to compare between the two approaches.
must choose between two approaches:
« Static filtering 431 Saticfiltering
Figure 13 reflects the results found.

— S S[) e modéle  ceeeceee- Linedrna (ssp) ~ ceeeeeeee Linearna (modele)

1050

1000

950

900
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Figure 13 Static model

Ho: The sample follows a Normal law
Hi: The sample does not follow a Normal law

Table 9 Normality test results

Tes Kolmogorov-Smirnov Khi? Degree of Freedom :
Parameter Value D 0.1251] Observed value 2.0978
1l -0.000¢ P-value 0.350: Critical value 5.991¢
Sigma 0.3962 Alpha 0.05 P-value 0.825
»  Kolmogorov-Smirnov test: » Heteroskedasticity test:
Since the calculated p-value is greater than thhaal
threshold significance level = 0.05, the null hyyestis HO Table 10 White's Test
cannot be rejected. LM (Observed valu 1.160¢
The risk of rejecting the null hypothesis When it is true LM (Critical value 5.991¢
is 82.5%. Degree ofFreedo 2
e Khi?test: P-value (bilatera 0.5597
Since the calculated p-value is greater than thbaal Alpha 0.08
threshold significance level = 0.05, the null hyysis H
cannot be rejected. Ho: The residues are homoscedastic

The risk of rejecting the null hypothesis when it is true Hi: The residues are heteroscedastic
is 35.03%.
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Since the calculated p-value is greater than thhaal Predictionsfrom the static model

threshold significance level = 0.05, the null hypestis H ¢ One-time forecasts
cannot be rejected. The risk of rejecting the hytiothesis The forecast results for the first quarter are sanad in

Ho when it is true is 55.97%. Table 11.

ssp modele eeceeeeer Linedrna (ssp) eeceeeee- Linearna (modele)

1 23 45 6 7 8 910111213 14151617 18 19 20 21 22 23 24 25 26 27 28 29 30

Figure 14 Static filter predictions

Table 11 Static filter prediction results

Fortnight Real Price Model % Error
1Q January 1072 1180.96  10.16433323
2Q January 1074 1196.0%5 11.36442522
1Q February 1072 1180.91 10.16710Q17
2Q February 1082 1194.66  10.41225348
1Q March 1084 1187.98| 9.5927793p8
2Q March 1064 1206.78] 13.41920589

These results are not at all satisfactory and thbat the variables are overestimated and theréfiere is a

percentage of error large enough is explained byfaht fairly large oscillation between two observations.
» Forecast by confidence interval

1300
1250 e prix ssp === Modéle RDH inf RDH Sup RDH —e====tolérance inf —====tolérance sup
1200
1150
1100
1050
1000
950
900
850

800
1 2 3 45 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

Figure 15 Forecast by confidence interval of tratistmodel

4.3.2 Dynamic filtering
The found results are shown in Figure 16.
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1200

ssp modele  ceeeeeee- Linedrna (ssp)  seeeeeeee Linearna (modele)

1150

1100

1050

1000
950

900
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Figure 16 Dynamic Filter Results
Ho: The sample follows a Normal law
Hi: The sample does not follow a Normal law
Table 12 Normality test results

Test Kolmogorov-Smirnov KRi  Degree of Freedom =2
Parameter Value D 0.1458 Observed value 2.7145
M -0.0189 P-value 0.2574 Critical value 5.9915
Sigma 1.4038 Alpha 0.05 P-value 0.6526

» Kolmogorov-Smirnov test:
Since the calculated p-value is greater than tiphaal ] )
threshold significance level = 0.05, the null hyyestis HO Ho: The residues are homoscedastic

cannot be rejected. Hi: The residues are heteroscedastic

The risk of rejecting the null hypothesis when it is true  INterpretations: _ L

is 65.26%. Since the calculated p-value is less than thefignice
«  Khitest: level alpha = 0.05, the null hypothesigrust be rejected,

Since the calculated p-value is greater than tiphaal 2Nd the alternative hypothesis hhust be accepted. The
threshold significance level = 0.05, the null hypestis H risk of rejecting the hypothesis: lvhen it is true is less
cannot be rejected. than 0.50%. .

The risk of rejecting the null hypothesis when it is true Predictions from the dynamic model

is 25.74%. * One-time forecasts
«  Heteroskedasticity test: The results of the first quarter forecast are surired
Table 13 White's Test in Table 14.
LM (Observed value 9.6522
LM (Critical value 5.991¢
Degree ofFreedo 2
P-value (bilatera 0.008(
Alpha 0.0
1200
1150
1100
1050
1000
950
900

123 456 7 8 91011121314151617 181920212223 242526272829 30
— GS[) e mOd&le  ceeceeece Linedrna (ssp)  eeeeeeeee Linearna (modele)

Figure 17 Dynamic Model Forecasts

~162 ~

Copyright © Acta Logistica, www.actalogistica.eu



Acta logistica - International Scientific Journal about Logistics

Volume: 9 2022 Issue: 2 Pages: 151-169 ISSN 1339-5629

DEVELOPMENT OF A NEW NUMERICAL MODEL OF DYNAMIC HARMONIC REGRESSION FOR THE
FORECAST OF SELLING FUEL PRICE IN THE MOROCCAN PETROLEUM SECTOR

Younes Fakhradine El Bahi; Latifa Ezzine; Zineb Aman; Haj El Moussami

Table 14 Dynamic filter prediction results

Fortnigh Real Pric Model % Errol
1Q Januat 107z 1000.89921° | -6.63253570
2Q Januar 107¢ 99¢€.512529! | -6.93551866
1Q Februar 107z 100¢.1142¢ -5.95949256
2Q Februar 108z 102€.78478: | -5.10306999

1Q Marct 108¢ 1052.82188¢ | -2.87620980

2Q March 106¢ 1081.64618! | 1.65847604

These results are still far from the margin of 3%ed. This leads us to review our method to malenghs.
* Forecast by confidence interval

1300
1200
1100
1000

900

800

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31
e [ SSP === modéle RDH inf RDH sup RDH  e====tolérance inf e==tolérance sup

Figure 18 Confidence interval forecasts for theayic model

4.4  Process approach

We have seen in the previous section the importahce
a good data analysis. In addition, we found thatdtatic
and dynamic models do not give the same resulta, Ade
notice that the assumed linear trend of the moolémger
follows the real regression line of the data. Cesththree
points in addition to the fixed margin of 3%, wdlry to
build a process approach for DHR.

441 Dataanalyss

In the previous section, we assumed that the coynpan
adapted to the withdrawal of the compensation finoeh
the outset, but it took a gradual adaptation tifabout 6
months. So we can only work with the data of the &
months or 12 observations. We will work with thatist
model.

4.4.2  Local Dynamic Harmonic Regression M odel
Figure 19 shows the results found.

modele

SSp === modele  ceccceccc Linedrna (ssp)  ceeeceees Linedrna (ssp) = eeceeeeee Linearna (modele)

1095
1075
1055
1035

1015
995

975

Figure 19 Local RDH Model

» Kolmogorov-Smirnov test: Table 15 Normality test results

Ho: The sample follows a Normal law Tes Kolmogoro\-Emirnov
Hi: The sample does not follow a Normal law Paramete Value D 0.128¢
Y -0.000¢ P-value 0.981¢
Sigme 0.181:2 Alpha 0.0
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Since the calculated p-value is greater than thhaal
threshold significance level = 0.05, the null hypstis HO
cannot be rejected.

The risk of rejecting the null hypothesig When it is
true is 98.18%.
 Heteroskedasticity: White test:

Ho: The residues are homoscedastic
Hi: The residues are heteroscedastic

Table 16 White's Test

LM (Observed value) 0.6213
LM (Critical value) 5.9915
Degree of Freedom 2
P-value (bilateral) 0.7330
Alpha 0.05

Since the calculated p-value is greater than thhaal
threshold significance level = 0.05, the null hyysis H
cannot be rejected.

The risk of rejecting the null hypothesis When it is
true is 73.30%. We can move to the forecasts now.

Table 17 Local Model Forecast Results

Fortnight Real Price Model % Error
1Q Januar 107z 100(.89921° | 0.71702474
2Q January 1074 999.5125295 1.251208536
1Q Februar 107z 10081142« | -4.00423255
2Q Februar 108z 102€.78478: | -4.36347225
1Q March 1084 1052.821886 -2.873636521
2Q Marct 106¢ 108164618 | -1.61729940

The new process approach is to adjust the model as
forecasts are made by adjusting the parametersl d.an
Indeed, we will readjust the trend of the modeletzh
forecast so that it is as close as possible todfeession
line of the quantitative variable. At each step, mvast
ensure that the predictions remain within the méréd
tolerance interval (plus at least 3% in our cast#)erwise
we will have to recalculate the updated RDH moteio
update has been made after one-third of the olttmmga
(two months in our case), update the data.

Here is an explanatory diagram for this new apgroac
shown in Figure 20.

Data update + linear
trend plot

\

Choice of the filter for
the DHR and
calculation of the
model + plot of the
linear trend of the
DHR model

J

s

~

Test of normality and
heteroscedasticity

Predicted value error
>¢ (confidence level)

-

N\

\

Adjust the trend of
the model through the
parameters a and b in
relation to the actual

trend
J

Figure 20 Process approach

Predicted value error
<o (confidence level)
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45 Resultsof the process approach

In Table 18, we will list the values of the paraensta

and b after each forecast. Att =0, we modelediata and
did not make any predictions until then.

Table 18 First evolution of parameters a and b

t : : |
a 991.81. = 2
b S5 3.5t 3.2
1095
1075
1055
1035 et
1015 R T . AXLA
995
975
1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12 13

Figure 21 Prediction Using the Initial Model

1 2 3 4 5 6 7 8 9 10 11 12 13 1 2 3 45 6 7 8 9 10 11 12 13 14

Figure 22 Forecast Using the Adjusted Model

1 2 3 4 5 6 7 8 9 10 11 12 13 14 1 2 3 45 6 7 8 9 101112 13 14 15

Figure 23 Forecast Using the Adjusted Model 2
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Table 19 Forecast results

Fortnigh Real Pric Model % Erroi
1Q Januar 107z 107¢.68650! 0.71702474
2Q Januar 107« 108£.0969¢ 1.03323833
1Q Februar 107z 102:23162° -4.54928852

It is now necessary to recalculate the model beforill integrate the last three measured values hadefore
making the forecasts of the next fortnights. Talds, we we will have 15 observations.
Here is the new DHR model shown in Figure 24.

1095 —modele  eeceeeee. Linedrna (ssp)

— S5

--------- Linedrna (modéle)

--------- Linedrna (ssp)

1075

1055

1035

1015

995

975

Figure 24 Updated DHR model

» Kolmogorov-Smirnov test: Hi: The residues are heteroscedastic
Ho: The sample follows a Normal law

Hi: The sample does not follow a Normal law Table 21 White's Test

LM (Observed value 1.129(
Table 20 Normality test results LM (Critical value’ 5.991¢
Test Kolmogorov-Smirnov Degree of Freedol 2
Paramete Value D 0.142( P-value (bilatera 0.568¢
l 0.042¢ P-value 0.900Z Alpha 0.05
Sigmée 1.060¢ Alpha 0.0

Since the calculated p-value is greater than thhaal
| threshold significance level = 0.05, the null hyysis H
cannot be rejected. The risk of rejecting the hyflothesis
Ho when it is true is 56.86%.
The table 22 summarizes the evolution of the
parameters a and b.

Since the calculated p-value is greater than thhaa
threshold significance level = 0.05, the null hypstis HO
cannot be rejected.

The risk of rejecting the null hypothesig When it is
true is 90.02%.
 Heteroskedasticity: White test:

Ho: The residues are homoscedastic

Table 22: Second evolution of parameters a and b

t 0 1 2

a 100:.622 100:.622 100/

b 2.80¢ 2.80¢ 3.0¢8
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Forecast results

1 2 3 45 6 7 8 9 10111213 14 15 1 2 3 456 7 8 910111213 141516

Figure 25 Prediction Using the Initial Updated Mdde

1 23 456 7 8 910111213141516 123456 7 8 91011121314151617

Figure 26 Forecast Using the Updated Updated Mddel

123456 7 8 951011121314151617 1234567 8 9101112131415161718

Figure 27 Forecast Using the Updated Updated Model

~ 167 ~

Copyright © Acta Logistica, www.actalogistica.eu



Acta logistica - International Scientific Journal about Logistics
Volume: 9 2022 Issue: 2 Pages: 151-169 ISSN 1339-5629

DEVELOPMENT OF A NEW NUMERICAL MODEL OF DYNAMIC HARMONIC REGRESSION FOR THE
FORECAST OF SELLING FUEL PRICE IN THE MOROCCAN PETROLEUM SECTOR
Younes Fakhradine El Bahi; Latifa Ezzine; Zineb Aman; Haj El Moussami

Table 23 Forecast results

Fortnight Real Price Model % Error
2Q Februar 107z 108(.85030! -0.10625650
1Q Marclt 107« 1072.43699! -1.34206684
2Q March 1072 1043.173202 -1.957405788

We have seen in this section that the DHR modet dc[6] GHOSH, S.: Import demand of crude oil and ecoito
not only require the choice between the dynamierféind growth: evidence from Indidgnergy PolicyVol. 37,
the static filter, it must also make a rigorouslgsia of the No. 2, pp. 699-702, 2009.
data and ensure that the objectives are achievieid. T[7] AKARCA, A.T., ANDRIANACOS D.: Detecting

allowed us to put in place a process approachptttaied break in oil price series using the Box-Tiao method

to be very relevant for price analysis and forengstf the International Advances in Economic Reseai¢bl. 3,

SSP and thus, enable managers to take strateggioshesc No. 2, pp. 217-224, 1997.

based on these accurate forecasts. [8] LANZA, A., MANERA, M., GIOVANNINI, M.
Modeling and forecasting cointegrated relationships

5 Conclusions among heavy oil and product pricegnergy

In this context, our work mainly aimed at studythg EconomicsVol. 27, No. 6, pp. 831-848. 2005.
time series of diesel and SSP fuel in order to idov [9] MIRMIRANI, S., LI H.C.: A comparison of VAR and
accurate forecasts and to respect the permissnigimof neural networks with genetic algorithm in forecagti
error of 3% setted by the company. For this purpase price of oil, Applications of Aurtificial Intelligence in
developed a new numerical method of harmonic dyaan ~ Finance and Economic¥ol. 19, pp. 203-223, 2004.
regression. This new harmonic dynamic regressiodeino [10] CHURCH, K.B., CURRAM, S.P.: Forecasting

through the proposed process approach yielded lertel Consumers’ Expenditure: A Comparison between
forecast results for the first quarter of 2017 vaithaverage Econometric and Neural Network Models,
margin error of 1.617%. We can therefore retainmodel International Journal of Forecasting/ol. 12, No. 2,

to make future forecasts, but each time we must teg pp. 255-267, 1996.

database to improve the results obtained. In tiie, [11] PRYBUTOK, V.R. YI, J., MITCHELL, D.
predicted performance can be evaluated, the b Comparison of neural network models with ARIMA
methodology and approach can be selected, a anq regression models for predlctlo.n of Houston's
projections can be made. The increased predictions daily maximum ozone concentratiolsjropean
made will allow the managers to manage the busine#s Journal of Operational Researckol. 122, No. 1,

in order to increase the income. pp. 31-40, 2000.

[12] GUTIERREZ-ESTRADA, J.C., DE PEDRO-SANZ,
E., LOPEZ-LUQUE, R., PULIDO-CALVO, I.
Comparison between traditional methods and
artificial neural networks for ammonia concentratio
forecasting in an eel (Anguilla Anguilla L.) intews
rearing systemiquacultural Engineeringvol. 31,
No. 3-4, pp. 183-203, 2004.

P [13] HO, D.C., AU, K.F., NEWTON, E.. Empirical
https://doi.org/10.1080/00207540110072236 research on supply chain management: a critical

[21 YU, L., ZHAO, Y., TANG, L.: A compressed sengin review and recommendatioristernational Journal

based Al learning paradigm for crude oil price of Production Researchol. 40 No. 17 4415-
forecastingEnergy Economigsvol. 46, pp. 236-245, 4430 zgozl ol =5, WO 24, PP

2014. . .
) . [14] CRYER, J.D.:Analyse des séries chronologigues
[38] YU, L., XU, H., TANG, L.: LSSVR ensemble leany Boston, Duxbury Press, 1986.

with uncertain parameters for crude oil price[ls] CHATEIELD. C.© Avoidin i ;
. . ) , Cu g statistical pitfalls,
forecastingApplied Soft Computing/ol. 56, pp. 692- Statistical Sciencevol. 6, No. 3, pp. 240-252, 1991.

701, 2017.
’ e . . [16] TSITSIKA, A., CRITSELIS, E., KORMAS, G.,
[4] NASER, H.: Estimating and forecasting the redtes FILIPPOPOULOU, A. TOUNISSIDOU, D.

of crude oil: A data rich model using a dynamic mlod FRESKOU. A.. SPILIOPOULOU. T.. LOUIZOU
averaging (DMA) approactgnergy Economicsvol. A., KONSTANTOULAKI, E., KAFETZIS, D.:

56, pp. 75-87, 2016. Internet use and misuse: a multivariate re i
) : . : ; gression
[S] KNETSCH, T.A.: Forecasting the price of crudevia analysis of the predictive factors of internet use

convenience yield predictiondournal of Forecasting among Greek adolescentEuropean Journal of
Vol. 26, pp. 527-549, 2007. Pediatrics Vol. 168, No. 6, pp. 655-665, 2000.
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