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ABSTRACT

Net radiation is not a climatic variable hence not observed. Tedious numerical computations have been shown
to characterize the methods used in its determination using data on some climatic variables. This study aims at
generating monthly synthetic net radiation data in Ibadan, Benue and Kano, Nigeria using the Autoregressive
Integrated Moving Average (ARIMA) model. This study performed Autocorrelation Function (ACF) and
Partial Autocorrelation Function (PACF) analysis in determining the parameters of the model while, the
residual plots of Autocorrelation Function (ACF) and Partial Autocorrelation Functions (PACF) and graphical
plots of backward model predictions or estimates and their respective actual values were used in the model
validation. The study reveals that, the first difference of monthly net radiation can be represented by ARIMA
(2, 1, 2) for Ibadan and Kano, and ARIMA (1, 1, 1) for Benue. Further result showed that there is a significant
and fairly strong positive correlation between the monthly actual and predicted net radiation values across
stations (p < 0.05). Lastly, the residual plots of Autocorrelation Function (ACF) and Partial Autocorrelation
Function (PACF) for Benue, Ibadan and Kano were examined and it was observed that the residuals were within
the confidence intervals. This affirms the fact that the Autoregressive Integrated Moving Average (ARIMA)

model is of good fit.
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INTRODUCTION

Net radiation is the difference between the incoming solar
(shortwave) radiation that reaches the earth’s surface and the
total terrestrial (longwave) radiation that is being emitted
from the earth’s surface (Lincoln et al., 2015). This
difference between the shortwave and longwave radiation
creates an adiabatic heat sink over the polar-regions and heat
source over the equatorial latitudes. Surplus net radiation
from the equatorial region must be transferred by wind to the
polar region, in order to balance the heat energy between the
two regions. This factor controls the environmental climate
of a place and leads to increase or decrease of air temperature.
Due to high cost and constant maintenance of recording
instruments such as net radiometers, net radiation (Rn)
measurements are difficult to be obtained. Santiago et al.
(2002) and Gavilan et al. (2007) recommended the use of
Penman Monteith (FAO-56) model in computing net
radiation (Rn).This is because, Von Randow and Alvala
(2006) and Galvéo and Fisch (2000) encounter difficulties in
computing net longwave (terrestrial) radiation using the
FAO-24 equation. The use of these methods is not without
the challenge of tedious numerical computations that
characterize them. It therefore becomes imperative to
develop predictive models of net radiation as a way of
alleviating this problem.

The prediction of net radiation is relevant to the study of
climate change, agricultural meteorology, estimation of
evapotranspiration and weather monitoring. The prediction
of net radiation is a difficult task due to the variability in
climatic parameter such as air temperature, relative humidity
and solar radiation. The Numerical Weather Prediction
(NWP) is generally available in meteorological organizations
but the direct implementation of this method in predicting
solar radiation has been criticized (Mohammed et al., 2019).
Solar radiation is one of the major climatic variables that

affect net radiation. Thus, the Numerical Weather Prediction
(NWP) cannot be used to predict net radiation because it
greatly dependent on air quality and hydrological
characteristics, which strongly vary with time and sensitive
to location (Bauer et al., 2015). This further justifies the use
of a time series Auto-Regressive Integrated Moving Average
(ARIMA) model in this study. ARIMA is regarded as a
smooth method, and it is appropriate when the data is
practically long and the correlation between past
observations is established (Farhath et al., 2016). The
ARIMA model has already been extensively used in a
number of related areas such as ecological and weather
forecasting, economic time series forecasting, traffic flow
forecasting, medical monitoring, and so on (Musa, 2013;
Jadevicius and Huston, 2015; Colak et al., 2015; Boualit and
Mellit, 2016; David et al., 2016).

Nyatuame and Agodzo (2018) analyzed and predicted annual
rainfall and maximum temperature using the Stochastic
ARIMA model over Tordzie watershed in Ghana. The results
of the various analyses indicated that the models were
satisfactory and can assist in future water planning
projections. Islam and Zakaria (2019) used the ARIMA
model in carrying out 9 years predictions of monthly
maximum and minimum temperatures in the Cox’s Bazar and
Teknaf area of Bangladesh. The forecast result reveals that
maximum and minimum temperature is increasing in trend
which is very alarming for this coastal area of Bangladesh.
Bakar and Rosbi (2017) investigated the volatility of bitcoin
cryptocurrency using the ARIMA model. Several studies in
literature have used ARIMA models in predicting climatic
variables but not net radiation in Benue, Ibadan and Kano,
Nigeria. Benue state lies between latitude 7°44'N and
longitude 8° 54'E. Ibadan lies within latitude 7- 9° N and
longitude 2.8 - 4.5° E. Kano is located between latitude
11.7574°N and 8.6601°E.
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THEORETICAL FRAMEWORK
PENMAN-MONTEITH (FAO-56) MODEL.
The Penman-Monteith (FAO-56) step by step method was used to compute the daily net radiation. This includes:

Inverse relative distance Earth-Sun (al’) is given as (Spencer, 1971):

)
or =1+ 0.033cos[ 2% ]
365

Solar declination (8) can be found from the approximate equation of Cooper (1969),

. 284+ |
5 = 23.45sin(360°°2 11
365 @
Sun angle (a)s) is given by (John and William, 2013):
w, = arccos[-tan(¢e) tan(o)]
@)
Extraterrestrial radiation (Ra) , for each day of the year can be estimated using;
24 %3600 i T, . i
R, =—G_dr(cosgcosdsinm, + —=sin@sin o)
T 180
4)
Actual vapor pressure (ea) can be computed (Lincoln et al., 2015);
RH RH .
e max + e min
o — (Tmin)[ 100 ] (Tmax)[ 100 ]
2 2
17.27T
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Clear-sky radiation R, is given by (Lincoln et al., 2015):
R, =(0.75+2E10-5Z)R, ®)
Net terrestrial (long wave) radiation (RT ) is can be estimated using equation (7):
4 4
R, — o Ume #273160) +(Tin +27316) 4634 14 fe )35 —035 O

2 R

SO

Lastly, the net radiation (R, ) which is the difference between the incoming net shortwave radiation (R, ) and the outgoing net

terrestrial radiation ( RT ) is given by;

R, =R, — R, ®)
R, =(1-a)R, ©

where J = number of the day in the year between 1 (1 January) and 365 or 366 (31 December).
@ = the latitude of a particular location.

G.. =solar constant =1367w/m? (Ighal, 1983).

sC
e(Tmm) and e(Tm) , RH ,and RH . = daily saturation vapour pressure at minimum and maximum temperature, maximum

and minimum relative humidity.
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Z = elevation above sea level.
O = Stefan-Boltzmann constant [4.903x10°MJ K m2day*] and R is incoming solar radiation, MIm day™.

‘a’ is albedo = 0.3

AUTOREGRESSIVE INTEGRATED MOVING AVERAGE (ARIMA) MODELS

An Auto-Regressive Integrated Moving Average (ARIMA) model combines the autoregressive AR(p) model with moving average
MA(q) model. The notation AR(p) indicates an autoregressive model of order ‘p’ , a representation of a type of random process. It
is usually used to express certain time-varying processes in time series data. The autoregressive model specifies that the output
variable depends linearly on its own preceding values and on a stochastic term. Hence, the model is in the form of a stochastic
difference equation. The difference process is significant in order to make sure that the data involved in this analysis can be
represented as data with stationary characteristics. The moving-average MA(q) model specifies that the output variable depends

linearly on the present and a range of past values of a stochastic term. Mathematically, the autoregressive AR(p) model is given as
(Nashirah and Sofian, 2017):

Ve=A+ Q1Y+ o QY T & (10)
Equation (10) can be written as:
ye=A+ Z?:l PiVe-i t & (11)
where, @; ... ... ... @, are the parameters associated with y,_,, ... ....y,_, respectively, A is a constant and ¢, is the white noise.
The moving average MA (q) model is given as:
Ye=ute+ 01611 . +0584 (12)
Equation (12) is reduced to:
ye=p+e+ XL, 0ie (13)

where 6; ... ... ... 6, are the parameters associated with g,_; .......&._q and u is the mean of the series. The value of p and q is called
the order of the p and q in the autoregressive AR (p) and moving average MA(q) model respectively.

Autoregressive (AR) and moving average (MA) models can be successfully combined together to form a general time series models,
known as the ARMA models. Mathematically an ARMA(p, ) model is represented as (Hipel and McLeod, 1994):

Ye=A+¢e+ Zf:l Qiye—i t Z?:l 00— (14)
The ARMA models are inadequate in describing non-stationary time series, which are commonly encountered in practice. On this
basis, the ARIMA model is proposed, which is a generalization of an ARMA model to include the case of non-stationarity as well
(Hipel and McLeod, 1994). For seasonal time series forecasting, the Seasonal Autoregressive Integrated Moving Average
(SARIMA) model is usually used. The general ARIMA (p, d, g) model using lag polynomials is given as (Hipel and McLeod,
1994):
o)A - L)%y,=0(L)e, (15)
[1-20, ol ] = L)%y = A+ [1+ 27, 9L ]e (16)
where: &, = @(L)y; is the AR(p) model, y, = 6(L)e; is the MA(q) model

p(L)= 1-3_, 9;l", 6(L) = 1+ 3], ¢;L

p, d and q are integers greater than or equal to zero and refer to the order of the autoregressive, integrated (difference),
and moving average parts of the model respectively.

In developing ARIMA model, analysis of autocorrelation function (ACF) and partial autocorrelation function (PACF) need to be
performed. The autocorrelation function (ACF) plot shows the correlation of the series with itself at different lags while the partial
autocorrelation function (PACF) plot shows the amount of autocorrelation at lag k that is not explained by lower-order
autocorrelations. ACF and PACF are also used to determine the structure of the seasonal ARIMA model. The autocorrelation
function (ACF) is given as:
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~ _ Z?=k+1(yt_37)(yt—k_y)
Ve = S 6e9)? an

where y denotes the sample mean and any youtside that band is statistically significant.
The partial autocorrelation function (PACF) p11, P25 --- - - - PP are obtained by fitting a sequence of auto-regressions given as:
Ve = P11¥e-1 t Ut

Ve = P21Ye-1t P22Ye—2 + Ut

Yt = PraYe-1 T Pr2Ye—2 + ot PrrYe-k t U (18)

Pr1 Measures the correlation between y, and y,_, after the effects of y;_,, v;_3, ... ... ,Ye—1 have been partially kept constant
(Hipel and McLeod, 1994).

CORRELATION ANALYSIS

Correlation quantifies the extent to which two quantitative variables, X and Y, agree. When high values of X are associated with
high values of Y, a positive correlation exists but when high values of X are associated with low values of Y, a negative correlation
exists. Methods of correlation summarize the relationship between two variables in a single number called the correlation
coefficient. The correlation coefficient is generally denoted by the symbol = and it ranges from -1 to +1. A correlation coefficient
value close to 0, but either positive or negative connotes little or no relationship between the two variables. A correlation coefficient
close to +1 implies a positive relationship between the two variables, with increase in one of the variables being associated with
increase in the other variable. A correlation coefficient close to -1 means a negative relationship between two variables, with an
increase in one of the variables being associated with a decrease in the other variable. The Spearman correlation coefficient and
Pearson correlation coefficient are basically two types of correlation coefficient. Mathematically, the Pearson correlation coefficient
(t) is given as (Tukey, 1977):

— Z(Xi—X)(Yi—Y) (19)

LX—X? B(Y-v)?
The Spearman correlation coefficient (z,) is given as

_ 6Y D}
n(n?-1)

Ts = (20)

where D is the difference in the rank on variable X and on variable Y.

METHODOLOGY
The daily maximum and minimum relative humidity, maximum air temperature, minimum air temperature and solar radiation data
was obtained for each state from the International Institute of Tropical Agriculture (IITA) Ibadan, Nigeria for the period of thirty-

four (34) years (1977-2010). The daily net radiation (Rn ) were computed using the step by step Penman Monteith model

(equations 1-9) and averaged out monthly. Plotting a graph is the first step in the analysis of any time series. Such a plot provides
an initial clue about the possible nature of the time series as to whether it shows an upward or downward trend, seasonal or cyclical
variations etc. The collected data were processed, and the first difference was applied to simplify the correlation structure and to
reveal any underlying pattern. Stationary time series data are prerequisite for developing and testing an ARIMA model. ARIMA
model identification was done by considering the ACF and PACF for the stationary time series data. The computed monthly net
radiation from 1977 to 2009 was used in the analysis of the ARIMA model using the Minitab software. The ARIMA model was
used in forecasting net radiation for the next 12 months (i.e year 2010). The forecasted data was correlated with the actual data in
order to determine the degree of association.

RESULT AND DISCUSSION

This section describes the result of autoregressive integrated moving average (ARIMA) model used in forecasting the monthly net
radiation in Ibadan, Benue and Kano. The time series plot for monthly net radiation is presented in Figure 1.

FUDMA Journal of Sciences (FJS) Vol. 5 No. 4, December, 2021, pp 182 - 193

185



TIME SERIES ARIMA MODEL FOR. ...

Ibadan

15.0
25| ] 1Bk s1€ J.41
10.0 - &
7.5

5.0

Jul Jul Jul

Agada et al.,

FJS

Jul Jul Jul
15.0

12.5

Month

Figure 1: Time series plot of Net radiation in Ibadan, Benue and Kano.

The cyclical variation in a time series plot of Figure 1 illustrates
the medium-term changes in the series, caused by
circumstances, which repeat in cycles. Changes in air
temperature, relative humidity and solar radiation can result to
changes in net radiation. Net radiation is surplus in Kano and
Benue, while a deficit and surplus state occurs in Ibadan as
shown in Figure 1. Net radiation of any region ought to be equal
to zero, that is, the amount of incoming solar radiation absorbed
by the earth surface equals to the outgoing terrestrial radiation
emitted by the earth surface. Surplus net radiation occurs when
incoming solar radiation is greater than terrestrial radiation,
likewise deficit net radiation occurs when terrestrial radiation
emitted by the earth surface is greater than the solar radiation
absorb by the earth surface. Changes in net radiation can lead to
increase or decrease in air temperature, which is one of the major
indicators of climate change in any region. Forecasting and

careful analysis of net radiation in Ibadan, Benue and Kano can
help in monitoring the weather and climate, estimation of
evapotranspiration and the study of climate change of the
regions. It is apparent that a successful time series forecasting
depends on suitable model fitting.

ARIMA modeling uses differencing, autocorrelation and partial
autocorrelation functions in identifying an acceptable model.
Differencing is used to simplify the correlation structure and to
reveal any underlying pattern. Figure 2 shows the first difference
of Net radiation in Ibadan, Benue and Kano. The first order
seasonal difference is the difference between an observation and
the corresponding observation from the previous year and is
used to remove non-stationarity from the series. A stationary
time series is one whose statistical properties such as mean,
variance, autocorrelation, etc. are all constant over time as seen
in Figure 2.
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Figure 2: First difference of net radiation in Ibadan, Benue and Kano.

This study performed the autocorrelation function (ACF) and
partial autocorrelation function (PACF) analysis on the
monthly net radiation across stations as shown in Figure 3. The
ACF and PACF is significant at lag 1.There is slow decay in
the autocorrelation and partial autocorrelation function
analysis as presented in Figure 3. As explained by Box and
Jenkins (1970), autocorrelation function (ACF) plot is useful in

determining the type of model to fit a time series of length N
and partial autocorrelation function (PACF) plot helps in
identifying the maximum order of an AR process.

ARIMA model identification was done by taking into
consideration the ACF and PACF of the stationary time series
data after differencing across stations as shown in Figure 4.
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Figure 3: ACF and PACF plots of net radiation for Ibadan, Benue and Kano.

The ACF and PACF were tested for 60 lags to investigate the seasonality action. Figure 4 shows significant autocorrelations (spikes)
are present at lags that are multiples of 12 at Ibadan station, which signifies a seasonality action every 12 months. However, at
smaller lags, significant autocorrelations are present. Autocorrelation function (ACF) shows a significant spike at lag two in Ibadan
and Kano stations and lag one in Benue. This indicates that, the moving average ‘g’ is represented by order two for Ibadan and
Kano, while order one for Benue. In the same vein, partial autocorrelation function (PACF) shows a significant spike at lag two in
Ibadan and Kano stations and lag one in Benue. This indicates that, the autoregressive part can be represented by order two in
Ibadan and Kano stations and order one in Benue as presented in Figure 4.
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Figure 4: ACF and PACF plots of net radiation for Ibadan, Benue and Kano after differencing of order 1.

The PACF and ACF decay gradually. Thus, the first difference of monthly net radiation can be represented by ARIMA (2, 1, 2) for
Ibadan and Kano, and ARIMA (1, 1, 1) for Benue.

This study derived and describes the fit of ARIMA (2, 1, 2) and ARIMA (1, 1, 1) using the ARIMA (p, d, g) model. The general
ARIMA (p, d, g) model using lag polynomials is given as (equation 16):

[1 - 2?=1 ‘pil‘i](l L)%y, =A+ [1 + Z?=1 (ijj]St

ARIMA (1, 1, 1) for Benue station.

[1-Zhi ol (A= D'y = A+ [1+Zjo; 1L e (21)

(1= @1 =)'y, = A+ (146,11 e (22)

[1— @i L e — Ye1)= A+ [1+6,L1 e,
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[1— @i LAy, = A+[1+6:L']e
Ay, — @ LAy, = A+ & + 6,L1¢,
Ayr — @18y 1 = A+ & + 0164
Ay, =A+ @18y 1 + 0161 + &
Thus, for Ibadan and Kano, the derived equation for ARIMA (2, 1, 2) is given as:
Ay = A+ @18y 1 + @28y 5 + 0181 + 0602 + &
Therefore, using the estimated parameters after running the analysis:
Benue:
Ay, = —0.017328 — 0.4619Ay,_; + 0.9514¢,_, + &
Ibadan:
Ay, = —0.23480 — 0.8159Ay,_; + 0.1196Ay,_, — 0.0055¢,_; + 0.9276&,_, + &

Kano:

Ay, = —0.02248 — 0.8008Ay,_, — 0.2184Ay,_, + 0.5203¢,_; + 0.4159¢,_, + &

Equation 24, 26 and 27 was used in the prediction model of ARIMA (1, 1, 1), ARIMA (2, 1, 2) and ARIMA (2, 1, 2) for Benue,
Ibadan and Kano respectively. In validating the prediction model of ARIMA (2, 1, 2) and ARIMA (1, 1, 1), the predicted values
for year 2010 was correlated with the actual value of the same year. The result for the spearman correlation is presented in table 1.

Table 1: Correlation coefficient of actual net radiation values and model estimates across states

State Model Correlation coefficient p-value Remark

Ibadan ARIMA (2,1, 2) 0.778 0.003 Significant
Benue ARIMA (1,1, 1) 0.602 0.038 Significant
Kano ARIMA (2,1, 2) 0.746 0.05 Significant

p-value<0.05=significant

There is a significant and fairly strong positive correlation between the monthly actual and predicted net radiation values across
stations with p-values less than 0.05 as shown in Table 1. Figure 5 is the graphical representation of the monthly actual and predicted

net radiation in Ibadan, Benue and Kano.

From Figure 5, it is observed that the monthly actual and predicted net radiation follow the same pattern. After fitting the models,
the residual plots of ACF and PACF for Benue, Ibadan and Kano were examined and it was observed that the residuals were within
the confidence intervals as shown in Figure 6. This is an indication of a good fit and the satisfactoriness of the proposed ARIMA

models.
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Figure 5: Monthly actual and predicted net radiation at (a) Ibadan (b) Benue and (c) Kano.
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The residual is the difference between the observed and the
forecast data. The positive and negative values of the residuals
also indicate model goodness and suggest that the predicted
values are sometimes higher or lower than the original values.
Although some residuals fall beyond the +2 limits, these
represent a limited number of readings, but many residuals falls
within the accepted 95% confidence interval and gradually
decay. This implies that the residuals are independent and thus
satisfying the residual criterion. Residuals are employed to
validate models.

CONCLUSION

Net radiation is surplus in Kano and Benue, while a deficit and
surplus state occurs in Ibadan. The autocorrelation function
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Probabilistic forecasting of the solar irradiance with recursive
ARMA and GARCH models. Sol. Energy, 133, 55-72.

Farhath, Z.A., Arputhamary, B. & Arockiam, D.L. (2016). A
Survey on ARIMA Forecasting Using Time Series Model. Int.
J. Comput. Sci. Mobile Comput., 5, 104-109.

Gavilan, P., Berengena, J. & Allen, R.G. (2007). Measuring
versus Estimating Net Radiation and Soil Heat Flux: Impact on
Penman-Monteith Reference ET Estimates in Semiarid Regions.
Agricultural Water Management, 89, 275-286.

Galvéo, J.A.C. & Fisch, G. (2000). Radiation Balance in Pasture
in the Amazon. Revista Brasileira de Agrometeorologia, 8, 1-
10.

Agada et al.,

FJS

(ACF) and partial autocorrelation function (PACF) is significant
at lag 1 across stations. The first difference of monthly net
radiation can be represented by ARIMA (2, 1, 2) for Ibadan and
Kano, while ARIMA (1, 1, 1) for Benue. The residual plots of
ACF and PACEF for Benue, Ibadan and Kano were examined and
it was observed that the residuals were within the confidence
intervals. Hence, the predicting approach using autoregressive
integrated moving average (ARIMA) method, generated a more
reliable predicting model. This information will help in weather
and climate monitoring, study of climate change, agricultural
meteorology and estimation of evapotranspiration.

REFERENCES

Hipel, KW. & McLeod, A.l. (1994). “Time Series Modelling of
Water Resources and Environmental Systems”, Amsterdam,
Elsevier.

Igbal, M. (1983). An Introduction to Solar Radiation. Academic,
Toronto.

Jadevicius, A. & Huston, S. (2015). ARIMA modelling of
Lithuanian house price index, International Journal of Housing
Markets and Analysis, 8 (1), 135-147.

John, A.D. & William, A.B. (2013). Solar Engineering of
Thermal Processes Fourth Edition. John Wiley & Sons, Inc.
Published.

Lincoln, Z., Michael, D.D., Consuelo, C.R., Kati, W.M. and
Kelly, T.M. (2015). Step by Step Calculation of the Penman-
Monteith Evapotranspiration (FAO-56 Method). Journal of
Agricultural and Biological Engineering Department, UF/IFAS
Extension.

Mst. Islam, T. & Zakaria, Md. (2019). Forecasting of Maximum
and Minimum Temperature in the Cox’s Bazar Region of
Bangladesh based on Time Series Analysis. IOSR Journal of
Mathematics (IOSR-JM) Volume 15, Issue 5, PP 56-67.

Musa, J. J. (2013). Stochastic Modelling of Shiroro River
Stream flow Process. American Journal of Engineering
Research (AJER), Volume-02, Issue-06, pp-49-54

Mohammed, H. A., Mohammad, K. Y. & Jeong K. (2019). Time
Series ARIMA Model for Prediction of Daily and Monthly
Average Global Solar Radiation: The Case Study of Seoul,
South Korea. Symmetry, 11, 240, pp 1-17.

Nashirah, A. & Sofian, R. (2017). Autoregressive Integrated
Moving Average (ARIMA) Model for Forecasting
Cryptocurrency Eychange Rate in High Volatility Environment:
A New Insight of Bitcoin Transaction. International Journal of
Advanced Engineering Research and Science (IJAERS), 4 (11)
p130- 137

Nyatuame, M. & Agodzo, S.K. (2018). Stochastic ARIMA
model for annual rainfall and mayimum temperature forecasting
over Tordzie watershed in Ghana. Journal of Water and Land
Development. 37 p. 127-140.

FUDMA Journal of Sciences (FJS) Vol. 5 No. 4, December, 2021, pp 182 - 193



TIME SERIES ARIMA MODEL FOR. ... Agada et al., FJS

Santiago, A.V., Pereira, A.R., Folegatti, M.V. & Maggiotto, S.R.
(2002). Reference Evapotranspiration Measured with a
Weighing Lysimeter and Estimated by Penman-Monteith (FAO-
56) on a Monthly and Ten-Days Time Scales. Revista Brasileira
de Agrometeorologia, 10, 57-66.

Spencer, JW. (1971). Fourier Series Representation of the
Position of the Sun. Search, 2(5), pp172.

Tukey, J. W . (1977). EDA. Reading, 1 Mass.: Addison-Wesley,
p. 43.

Von Randow, R.C.S. & Alvala, R.C.S. (2006). Estimation of
Long-Wave Atmospheric Radiation over Pantanal Sul Mato
Grossense during the Dry Seasons of 1999 and 2000. Revista
Brasileira de Meteorologia, 21, 398-412.

[ @ @ ©2021 This is an Open Access article distributed under the terms of the Creative Commons Attribution 4.0
International license viewed via https://creativecommons.org/licenses/by/4.0/ which permits unrestricted use,

distribution, and reproduction in any medium, provided the original work is cited appropriately.

FUDMA Journal of Sciences (FJS) Vol. 5 No. 4, December, 2021, pp 182 - 193

193


https://creativecommons.org/licenses/by/4.0/

