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Introduction

The growing demand for energy consumption indicates that adequate energy supplies are essential
for economic growth and social development (Polprasert, Nguyén & Charoensook, 2021).
Hydropower is a prominent source of energy (Condemi et al., 2021; Zhou et al., 2020), currently
accounting for over 16% of global electricity production and 62% of all renewable electricity
generation (Lee et al., 2022). Hydropower plants generate electricity by harnessing the power
derived from falling or swiftly flowing water, which is naturally influenced by rainfall or, in certain
regions, melting snowpack (Condemi et al., 2021). It can be argued that an adequate power supply is
a crucial factor in the economic growth of every nation, with electricity generation being one of the
key components in achieving sustainable economic development (Sarpong & Agyei, 2022; Waih,
Buabeng & Agyarko, 2022; Zolfaghari & Golabi, 2021).

Tanzania possesses abundant energy resources, ranging from renewable to non-renewable sources.
The country produces natural gas and coal primarily for domestic consumption, particularly in
electricity generation and industrial applications (Kichonge, 2014). However, power cuts and
rationing have occurred, which are associated with water level trends in power-generating plants.
According to Wang, Li, and Pei (2017), predicting hydropower generation is crucial for addressing
the energy shortage issues impacting the development of the national economy, enhancing the
ecological environment, and fostering the harmonious and sustainable development of regional
economies. Energy production forecasts are vital in today’s world, where modern technology and
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the rapidly increasing demand for electricity dictate daily life (Javed et al., 2020; Barzola-Monteses
et al., 2019). Such predictions assist electrical system operators and decision-makers in formulating
better policies and mitigating risks (Barzola-Monteses et al., 2019). Accurate energy production
predictions are essential for national energy planning and economic development (Bilgili, Keiyinci,
& Ekinci, 2022). They help minimise the growing energy demand-production gap and enable power
plant managers to promptly identify any anomalies or failures in electricity production by analysing
deviations from predicted trends, as suggested by Javed et al. (2020).

Numerous studies have utilised the Autoregressive Integrated Moving Average (ARIMA) to predict
hydropower production (Sarpong & Agyei, 2022; Polprasert, Nguyén & Charoensook, 2021; Mite-
Le6n & Barzola-Monteses, 2018; Sarkodie, 2017). Barzola-Monteses et al. (2019) combined the Box-
Jenkins (ARIMA) and Box-Tiao (ARIMAX) regression methods to enhance forecasting accuracy.
Zolfaghari and Golabi (2021) observed that the energy production series is nonlinear and non-
stationary, making traditional methods less effective. A more robust approach involves employing a
hybrid model that integrates the adaptive wavelet transform (AWT), long short-term memory
(LSTM), and the random test algorithm (AWT-LSTM-RF) to enhance the accuracy of hydropower
production forecasts. While acknowledging the arguments put forth by Zolfaghari and Golabi, this
study harnessed the strengths of the seasonal ARIMA model as a suitable method for predicting
monthly electricity generation in Tanzania, as suggested by Wiah, Buabeng, and Agyarko (2022),
due to its strong predictive performance.

Materials and methods

Data types and sources

The study utilised secondary univariate time series data from the official database of Tanzania
Electric Supply Company Limited, covering the past 22 years from January 2002 to December 2023,
with monthly observations. The data measures unit hydropower generation in KWh produced each
month. It includes the total hydropower generated from the various stations in Tanzania. The study
employed a quantitative design to analyse and develop effective forecasts for hydropower
production.

The conceptual framework

The conceptual framework of this paper was adopted from Tembo, Illembo and Lwaho (2024) in
their work which also used time series analysis, precisely forecasting using the SARIMA model. The
analysis in this paper is guided by the Box-Jenkins methodology as described by statisticians George
Box and Gwilym Jenkins back in 1970. Box-Jenkins’s modelling involves identifying an appropriate
model process, fitting it to data and then using the fitted model for forecasting. In practice, many

time series contain a seasonal periodic component which repeats every "s” observation. For

simplicity, we consider monthly observations where s = 12, but the application to other values s is
straightforward. Box and Jenkins (1970) generalised the ARIMA model to accommodate seasonality
and defined a general multiplicative seasonal model in the following form:

9,(B)e, (B*)w, =6, (B)E5(B ?) @, o evn e o cee e et e e vt e e e 221
Whereby B = backward shift operator

8,,¢,.8,.¢; = polynomials of order p, P, q, Q respectively and
{at} = independent random variables with zero mean and variance O'a:

The shift operator (B*?) w, is such that (B1%) W, = W,_, 5. Therefore, equation (2.1) defines a
stationary model provided that the roots §,(B) ¢, (B1?) = 0 lie outside the unit circle. To fit the
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model to a non-stationary series, Box and Jenkins (1970) again, suggest differencing the original
series to remove both trend and seasonality following the procedure underneath:

u"'t' = vdvf:‘rt
Whereby V,,x, = x, — X,_; 5 and that:

J/ . — D . —_— J— i I
ViV X = VyoXe = VipXe g = X — Xy = Xemgn T X3

C

The values of the integers d and D do not usually need to exceed a unit. Details that describe the

Box and Jenkins procedure to forecasting can also be found in the old literature by Naylor et al.
(1972), Chatfield and Prothero (1973) and Thompson and Tiao (1971). However, this paper provides
the detailing procedure described by Box and Jenkins in their popular work of 1970.

The procedure entails fitting a mixed autoregressive integrated moving average (ARIMA) model to
a given set of time series data and then taking conditional expectations. The main stages in setting
up a Box-Jenkins forecasting model are as outlined below:

Model identification: Examine the data to reveal which member of the class of ARIMA processes
appears to be the most appropriate.

Estimation: Estimate the parameters of the chosen model by least squares
Diagnostic checking: Examine the residuals from the fitted model to see if it is adequate

Alternative model consideration: Consider an alternative model if the first model appears to be
inadequate for some reason, then other ARIMA models may be tried until a satisfactory model is
found.

It follows that, for non-seasonal data, first-order differencing is usually sufficient. For seasonal data
of 12 monthly observations, the operator VV,, is often used if the seasonal effect is additive, while
the operator Vi, may be used if the seasonal effect is multiplicative. For quarterly data, the operator
V. may be used. For seasonal data, like in our case, the general seasonal ARIMA (SARIMA) model
defined as 8, (B) ¢, (B**)w, = 8_(B)&,(B*?)a, has been used. The least squares estimate of the
model parameters is obtained by minimising the residual sum of squares in a similar way to that
proposed for ordinary ARIMA models.

Test for stationarity of time series

The Augmented Dickey-fuller (ADF) test has gained popularity in testing for stationarity of the time
series data. The null hypothesis has been “there is a unit root or time series data is not stationary”
which has to be rejected at a given level of significance. The Augmented Dickey-Fuller test is a unit-
root-based on stationarity (Dickey & Fuller, 1979). The unit-root-based test is associated with the

first lag of the time series variable. If the coefficient (y = 1) has a unit root, the time series behaves
similarly to the random walk model which is non-stationary and if the coefficient |y| < 1 then, then

there is no unit root. Hence, we can test statistically whether the coefficient (y) is equal to one or not.
The Dickey-Fuller test adopts this procedure by carefully manipulating the equation, given as:

B ol e 0 A - OO .

Also, written as

bJ
[¥]

A U VRPN 5 o 1 i (s LTI -

In the Dickey-Fuller test, we test the hypothesis.

28



Journal of Science, Innovation and Creativity

Vol. 4 No. 1 (2025): ISSN (Online): 2958-454X

DOI: https:/ /doi.org/10.58721/isic.v4i1.958

Forecasting hydropower production in Tanzania using the SARIMA model

Hy:0=1
H:0+#1
Correlograms

ACF and PACEF are statistical measures that help to analyse the relationship between a time series
and its lagged values. They are generally producing plots that are very important in finding the
value of p and q for Autoregressive (AR) and Moving Average (MA) models.

Autocorrelation Function (ACF)

ACF measures the linear relationship between a time series and its lagged values. It assesses how
much the current value of a time series depends on its past values. Autocorrelation is fundamental
in time series analysis, helping identify patterns and dependencies within the data. The correlation

between the current observation (¥,) and the previous observation (V,_; ) is given as:

, _ Cov (v.,¥._.) Y
P = corr (¥, ¥e—p) = il s - = 24
A

V"I Var (.Vt) + Var( Yeic) 0

Where, k=1, 2, 3---

Partial Autocorrelation Function (PACF)

PACF removes the influence of intermediate lags, providing a clearer picture of the direct
relationship between a variable and its past values. Unlike Autocorrelation, partial Autocorrelation
focuses on the direct correlation at each lag. The partial Autocorrelation function at lag k for time
series is given as:

0y =Corr (Yesy, ¥2) =py

Opr =Cort (Yosp = Vst o =¥, K2 2 it i e e e w0 0 2.5

The suitable values of p and q will be selected by observing the autocorrelation function (ACF) and
partial autocorrelation function (PACF) of the time series data. The appropriate ARIMA models will
be selected by observing the behaviour of ACF and PACF spikes based on the order identified
(Hyndman & Athanasopoulos, 2018).

Seasonality Test

To find out whether the time series data contain the seasonal pattern, seasonal decomposition was
conducted using an additive model which decomposes time series into its trend, seasonal, cyclical
and regular components by assuming time series can be modelled by using those components.
Seasonality can be detected by visually examining the seasonal component for regular patterns that
repeat at a fixed interval. If the seasonal component exhibits regular patterns, this indicates the
presence of seasonality in the time series.

Model Estimation

The parameters of the selected seasonal ARIMA (SARIMA) model with the specific values of (p, d,
q) X (P, D, Q) swere estimated. The maximum likelihood estimation (MLE) was used to estimate the
coefficients of the suggested models during the identification stage. The best model was selected
based on Akaike’s Information Criterion (AIC) and Bayesian Information Criterion (BIC).

Akaike Information Criterion (AIC)

29



Journal of Science, Innovation and Creativity s
Vol. 4 No. 1 (2025): ISSN (Online): 2958-454X =
DOI: https:/ /doi.org/10.58721/isic.v4i1.958

Forecasting hydropower production in Tanzania using the SARIMA model

Kullback et al., (1951) developed a measure to quantify the information lost when approximating
reality. Kullback & Leibler's divergence serves as a criterion for assessing model quality by
minimising the loss of information. Two decades later, Akaike established a connection between the
Kullback-Leibler measure and the maximum likelihood estimation (MLE) method, which is widely
used in many statistical analyses for model selection (Akaike, 1974). This criterion referred to as
Akaike Information Criterion (AIC), is generally considered the first model selection criterion that
should be used in practice. The AIC is given as:

AIC = —2108L (B) F 2K cee vov cev eer e crr evr cen e eet ens e win sin ens e e 226

Where; 8 is the set of model parameters, L () is the likelihood of the candidate model given the
data when evaluated at the maximum likelihood estimate 8 and k is the number of estimated
parameters in the candidate model.

Since AIC does not consider the effect of sample size, for small sample sizes, the second-order
equation of the Akaike information criterion (AICc) is defined as:

AlCc = —2logL (8) + 2k 4 (Z+ 1) 2.7
c = 210gL | ) & ¥ (n— Kk — l:)-“-”“”“'“'“”““'“””““H.

Where n denotes the total number of observations.

The small sample size is '/ Jc less than 40, also that when the number of observations increases, the

third term in AICc approaches zero and will therefore give the same result as AIC in the equation.
2.6

Bayesian information criterion (BIC)

Bayesian information criterion is another model selection criterion based on information theory but
set within a Bayesian context. The difference between the BIC and AIC is the greater penalty
imposed for the number of parameters

BIC = —210g L(8) +KI0G M cvv cevcev e cvt ceecee v evtevs een v evn 0en 2.8

where n denotes the total number of observations.

The BIC strongly penalises the number of involved parameters. High values of AIC mean that the
observed data does fit the model, while lower values indicate strong evidence that the observed data
fit the models. Similarly, lower values of BIC indicate better fitting of the models.

Diagnostic Checking

Diagnostic check evaluating the acceptance of the fitted SARIMA model by examining the residuals,
which is the difference between observed and predicted values. The aim is to ensure the residuals
are random and do not contain any patterns or structures. The diagnostic checks involved the use of
the Ljung-Box test and the forecasting and forecasting accuracy.

o Ljung-Box Test

The Ljung-Box test helps to check whether the errors or residuals in our model have any pattern or
correlation. The Ljung-Box test is defined as

H, = Residuals are independently distributed, correlation in the population from which the
sampleis takenis O
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H, = Residuals are not independently distributed; they exhibit serial correlation.

The Ljung-Box test statistic is given as;

Q@ = n(n+2 Z ad - .
n—k

k=1

S8

Where n is the sample size, g % is the sample autocorrelation at lag k, and h is the number of lags
being tested. Under null hypothesis the test statistic Q asymptotically follows a X, .;‘:h ,, for the

significant level @, critical region is rejected if;
Q> X(-wh
Where X .:’:l_ «).n is the (1—a) quantile of Chi-square distribution with h degrees of freedom.

After diagnostic checking, the fitted model will used in forecasting future values if the model is
adequate. Otherwise, we need to repeat the selection and estimation method. Try with another
potential candidate model (Ramasubramanian, 2007).

o Forecasting and Forecasting Accuracy

Once the selected model has been verified, it will then be used to predict power generation over the
next 24 months. After forecasting, this study employs the Mean Absolute Error (MAE) and Mean
Absolute Percentage Error (MAPE) to evaluate the forecasting accuracy of the chosen model. The
MAE and MAPE are defined as:

n

1
MAE = —Z
n

i=1

Y. - Y

8]

10

and

MAPE = ﬂz

I,JX—O

Where p, is the predicted value for the i observations, o, is the observed value for the j
observation, n is the number of non-missing residuals.

Results and discussion

Time Series Plot for the Hydropower Generation

Figure 1 below illustrates fluctuations of the hydropower generation from January 2002 to December
2023. In the beginning, generation declined reaching its lowest point between 2006 and 2007 before
bouncing back to its peak in 2008. The fluctuations then continued to go up and down for some time
before reaching the highest peak of hydropower generation in Tanzania’s history in 2020 followed
by an abrupt decline. The graph clearly shows that the generation tends to increase and decrease
around the central value repetitively. This pattern of movement demonstrates that the series
appeared to be stationary.
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Hydropower Generation (KWh) from January 2002 to December, 2023
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Figure 1: Time series plot of Hydropower generation (KWh) in Tanzania
Source(s): Created by author (s)

Testing for Stationarity: Augmented Dickey-Fuller (ADF) test

The results in Table 1 show that, the p-value of the test statistic is smaller than the 5% significance
level, indicating that the null hypothesis is rejected. This implies that the data does not contain a unit
root hence the series is stationary. The results of the ADF test are confirmed by the ACF and PACF
correlograms in Figure 2.

Table 1: The result of the ADF test

Augmented Dickey-Fuller Test

Dickey-Fuller = —3.76 Lag order =6 P-value = 0.02147

Alternative hypothesis: Stationary

Source(s): Created by author (s)
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ACF for Hydropower Generation(KWh)
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Figure 2: ACF and PACEF plots for the Hydropower generation (KWh)
Source(s): Created by author (s)

Seasonality Test

To identify the most suitable model which fits the data well, the next step is to detect seasonality
through seasonal decomposition. Figure 3 shows the result of seasonal decomposition using an
additive model. As shown in the graph, the seasonal component displays a regular pattern,
implying the presence of seasonality in the time series. This is consistent with the result of the
seasonality test confirming that the time series exhibits a seasonal pattern.
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Decomposition of additive time series
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Figure: 3 Time series decomposition
Source(s): Created by author

Diagnostic checks

In doing the diagnosis checks, the study plotted the time plot, ACF and histogram for the residuals
together with the Ljung-Box test. The idea was to see if the data fit the model under examination.
The results of the plots and the Ljung-Box test are shown in Figure 4 and Table 2 below.
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Residuals from ARIMA(0,1,3)(2,0,0)[12]
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Figure 4: Adequacy check for ARIMA (0,1,3) (2,0,0) [12]
Source(s): Created by author(s)

Figure 4 shows the time plot, ACF plot, and histogram of the residuals of the ARIMA (0,1,3)
(2,0,0)[12]. The time plot shows the residuals are white noise meaning zero mean and constant
variance. The ACF plot indicates that the residuals are approximately uncorrelated. Lastly, the
histogram revealed that the residuals are approximately normally distributed with a mean zero. The
adequacy test result is also confirmed by the formal test Ljung- Box test in Table 2.

Ljung-Box Test

Table 2: Test result of Ljung-Box test
Q df p-value

26.096 19 0.1275

Source(s): Created by author(s)

Table 2 above shows the results of the Ljung-Box test on the residuals of the model. The p-value of
the test statistic is greater than 0.05 significance level, signifying that residuals are uncorrelated, and
they are pure randomly.

Model selection and estimation

The function auto. Arima () in R software was used to select the best model. The function provided
the best model automatically for forecasting hydropower generation using the minimum value of
the Akaike Information Criterion (AIC) Bayesian Information Criterion (BIC) and Maximum log
likelihood. The Seasonal ARIMA (0,1,3) (2,0,0)[12] was selected as the appropriate model due to the
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lowest AIC of 9645.71 and BIC of 9667.14 and the largest log-likelihood equals —4816.85 among the
other models. The selected model was considered for forecasting hydropower generation.

Model Validation

To check if the model is best for forecasting, its forecasted predictions for the validation set were
plotted against the observed values. Figure 5 below shows the graph of the fitted predicted values
using the original data. The results revealed that the model is best for the data set.

3e+08  4e+08

2e+08
|
.‘:.ﬂf-’

1e+08

0e+00
|

2005 2010 2015 2020

Figure 5: Model validation of Electricity Generation using SARIMA (0,1,3) (2,0,0)[12]
Source(s): Created by author(s)

Forecasting
Table 3 and Figure 6 below display the forecasted values of the hydropower generation for the
coming 24 months using the Seasonal ARIMA (0,1,3) (2,0,0)[12] model.
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Table 3: Forecast power generation for the next two years (2024-2025)

Time Forecast (KWh)
Jan-24 213,388,145
Feb-24 206,891,694
Mar-24 221,614,520
Apr-24 225,664,671
May-24 225,590,962
Jun-24 210,939,034
Jul-24 207,203,073
Aug-24 203,181,605
Sept-24 200,612,552
Oct-24 199,418,429
Nov-24 192,459,441
Dec-24 206,212,337
Jan-25 208,287,733
Feb-25 201,529,395
Mar-25 213,982,131
Apr-25 225,830,644
May-25 227,250,650
Jun-25 218,706,596
Jul-25 210,953,305
Aug-25 207,661,349
Sep-25 205,561,214
Oct-25 202,686,340
Nov-25 198,132,402
Dec-25 206,646,426

Source (s): Created by author (s)

Forecasts from ARIMA(0,1,3)(2,0,0)[12]

4e+08-

3e+08-

1e+08 -

0e+00- . i
2010 2020
Time

Figure 6: Forecast for hydropower generation (KWh)
Source(s): Created by authors
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Conclusion

This study forecasted the hydropower production in Tanzania using the SARIMA model. Precisely,
we used the seasonal ARIMA (0,1,3) (2,0,0)[12] model with seasonal data. The analysis revealed that,
in the next forecasted months until December 2025, there will be no substantial decline in
hydropower production (KWh). Even though the hydropower generated generally will not exceed
227, 250, 650 KWh, it is evident that will be at its peak in May 2025 and there will be a decrease
towards December 2025 with not more than a 40% decrease in every forecasted month. Further, the
forecasts suggest that there would be seasonal shortages in the production of hydropower in the
forecasted years. Despite such a shortage, the solution would be mild power rationing which has
been the case whenever such an unexpected shortage occurs. In such cases, there will be places
having electricity at one time while other places will not have it as a result of rationing. The
methodology that has been used in this paper (SARIMA) serves to help in determining future
hydropower generation in the country and will enable the policymakers in Tanzania and
government officials to make a well-informed decision to improve electricity supply which shows
no significant change for the coming months. However, due to the fluctuation in the data series, this
research needs to be extended by applying other methodologies such as the Autoregressive
Integrated Moving Average with exogenous variable (SARIMAX), Simple Exponential Smoothing
(SES) or the Holt-Winters Exponential Smoothing (HWES), the methodologies that may improve the
results from this study but also widening the scope on how the forecasting of the hydropower
generation can yield best results.
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