
314

INTRODUCTION

Water, a vital commodity on Earth, is a re-
cyclable resource. It is essential for the develop-
ment of all areas of human effort (Obi et al., 2006; 
Merrah, 2010). Nevertheless, because it is highly 
vulnerable to pollution and overexploitation, ac-
tive management and protection are essential 
(Osuolale and Okoh, 2017). Water quality is a 
major issue in life due to its direct impact. Impact 
on human health. Water quality could be affected 
by geological structure, salinity, overexploita-
tion of groundwater, the entry of urban and do-
mestic wastewater into watercourses, as well as 

agricultural drainage and a wide range of chemi-
cal compounds (Tsakiris and Alexakis, 2012).

Uncontrolled urbanization in developing 
countries frequently leads to anthropogenic wa-
ter pollution, as wastewater is often discharged 
directly into the environment without proper 
treatment (Youmbi et al., 2013).The pollutants in 
these discharges chemically and physically de-
grade surface waters, a process that in many in-
stances causes a loss of aquatic biodiversity (Em-
manuel et al., 2009).effective evaluation of water 
quality, which is determined by its biological,-
physical,and chemical properties, hinges on three 
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critical steps: data interpretation, modelling, and 
classification (Bayacioglu, 2006).

The analysis of time series data offers a 
powerful approach to both understand complex 
processes and predict future states based on his-
torical information.in natural aquatic systems, 
examining long-term water quality trends reveals 
meaningful patterns of chemical and biological 
variation. This patterns of change largely result 
from seasonal influences, human intervention, or 
a combination thereof. The success of this type 
of trend analysis largely depends on the initial 
exploration data analysis and the identification 
of appropriate model orders to predict the trend 
(Hipel, 1985). Hydrologists have increasingly 
developed and employed mathematical models 
for hydrology and water quality in recent years. 
These tools are essential for planning, resource 
management, and predicting how altered condi-
tions will impact water quality (Ziemińska-Stol-
arska and Skrzypski, 2012; Loucks and Beek, 
2017; Liu, 2018; Olowe, 2018; Mbuh et al., 2019; 
Najafzadeh et al., 2021). 

The main methods for predicting water qual-
ity are the time series model and the deep learn-
ing model. Time series analysis is based on the 
study of the historical characteristics of a given 
variable. Next, a model is constructed based on its 
regularity to predict the state or value of the vari-
able in the following period. Due to its flexibil-
ity, simplicity, and feasibility, the integrated au-
toregressive model the integrated autoregressive 
moving average model (ARIMA) has become the 
most important and widely used time series model 
(Box et al., 1994; Chen, 2007; Faruk 2010; Hanh, 
2010; Voudouris et al., 2010, Jatinder et al., 2023, 
Dinna et al., 2019). Time series forecasting is car-
ried out with the help of ARIMA. In the ARIMA 
model, AR stands for autoregression, and MA 
stands for moving average. In ARIMA, the non-
seasonal part is represented by (p, d, q) where p 
is the number of autoregressive values, d is the 
order of differencing, and q is the number of mov-
ing average values. Several studies conducted on 
the modeling of time series of water parameters 
include (Salas et al.,1982; Weeks et al., 1987; 
Tizro et al., 2014; Ghashghaie et al., 2018; Mir-
sanjari and Mohammadyari 2018; Zhang et al., 
2016; Zhang, 2003; Qi An and Min Zhao, 2017; 
Wahid and Arunbabu, 2022; Katimon et al., 2017; 
Zafra-Mejía et al., 2024; Irvine et al., 1992; Pa-
pamichail et al., 2001; Padilla et al., 1996; Mon-
tanari et al., 2000; Zafea-Mejia, 2024). Algeria 

is located in one of the most disadvantaged re-
gions of the world in terms of water availability. 
However, not only does the population explosion 
and economic growth lead to a demand for wa-
ter that far exceeds the available resources, but, 
moreover, nothing indicates that the drought that 
has persisted over the past two decades will give 
way to abundant rainfall (Loucif-Seiad, 2002). 
Knowledge of the different types of aquatic envi-
ronments and their functions is essential for better 
detecting pollution and understanding its ecologi-
cal consequences (Bonnard et al., 2003). To meet 
this challenge, water quality modeling tools can 
be particularly useful. They are both necessary 
to describe and predict water quality conditions 
and to understand the functioning of the aquatic 
ecosystem. (Riahi, and St-Hilaire, 2023). The ob-
jective of this study is to evaluate the temporal 
variability of the main physicochemical param-
eters of water and to model the time series of 
each parameter using ARIMA models to capture 
the temporal dynamics and thus predict the future 
evolution of water quality at the Ghrib dam.

MATERIALS AND METHODS

Study area

The Ghrib Dam is located in the Cheliff Valley, 
7 km upstream from the center of Oued Cheurfa, 
45 km from Khemis Meliana, 30 km southwest of 
Medea, and 150 km west of Algiers. Upstream of 
Ghrib, the Cheliff is regulated by the Boughzoul 
dam, which is located 20 km south of Boughari 
and 110 km from Ghrib, with a longitude of 
02°35’1400’’ E and a latitude of 36°07’5290’’N. 
The Ghrib dam is located at a longitude of 02°35’14 
00’’ E and a latitude of 36°07’52 90’’ N; Z=450 
(ANBT, 2008) (Figure 1).

Data collection

The data for our study on the water quality of 
the Ghrib dam were meticulously collected from 
a comprehensive database containing the main 
parameters. The data collected reliably and au-
thorized from the monitoring station of the stud-
ied dam (ADE, Ghrib), for a period extending 
from 2018 to 2024, constitute a solid foundation 
for our study. A substantial amount of historical 
data is necessary to identify trends and long-term 
changes in the water quality of the studied dam, 
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as well as to conduct in-depth analyses of the eco-
logical health of the dam, thereby informing and 
shaping effective policy decisions and manage-
ment strategies. The dataset includes 13 physico-
chemical parameters such as Temperature (TW in 
℃), PH, electrical conductivity (EC in µS/cm), 
nitrate (NO3 in mg/l), chloride (Cl- in mg/l), cal-
cium (Ca+2 in mg/l), organic matter (OM in mg/l, 
turbidity (TUR in NTU), dissolved oxygen (DO2 
in mg/l), phosphates (PO4 in mg/l), biochemical 
oxygen demand (BOD5 in mg/l), and chemical 
oxygen demand (COD in mg/l).

Analytical method 

The analysis of the parameters was carried 
out according to the protocol described by Rodier 
(1984) (Table 1).

Statistical analysis

In this study, six physicochemical param-
eters were selected: TW, DO2, OM, PH, NO3, and 
TUR. To characterize the temporal variations of 
these parameters, descriptive statistical analyses 
were conducted on all the parameters to extract 
the trend of each parameter over the study period 
and thus evaluate the relationships between them.

All the time series were modeled using an 
ARIMA approach to identify trends and random 
components that which allows for the forecasting 
the water quality of the Ghrib dam (Figure 2). All 
analyses were conducted using the R software 
(CRAN version, 2024).

Augmented Dickey-Fuller Test ADF – be-
fore applying ARIMA models, it is necessary to 
conduct a stationarity test on our time series, as 
a stationary series possesses constant statistical 
properties. To verify this property, we applied an 
Augmented Dickey-Fuller (ADF) test, which al-
lows us to determine the presence of a unit root 
in our series.

The ADF (1981) is a unit root test that allows 
us to verify whether a series is stationary or not 
(Dickey Fuller, 1981).

The hypotheses of the ADF test are defined as 
follows; A non-stationary process will correspond 
to one of the following forms of non-stationarity:

	

 

∆𝑥𝑥𝑡𝑡 = ∅𝑥𝑥𝑡𝑡−1 + ∑ 𝛼𝛼𝑖𝑖
𝑝𝑝
𝑖𝑖=1 ∆𝑥𝑥𝑡𝑡−𝑖𝑖 + 𝜖𝜖𝑡𝑡 ∅ = 𝜌𝜌 − 1 (1) 

 
∆𝑥𝑥𝑡𝑡 = 𝛼𝛼 + ∅𝑥𝑥𝑡𝑡−1 + ∑ 𝛼𝛼𝑖𝑖

𝑝𝑝
𝑖𝑖=1 ∆𝑥𝑥𝑡𝑡−𝑖𝑖 + 𝜖𝜖𝑡𝑡 (2) 

 
∆𝑥𝑥𝑡𝑡 = 𝛼𝛼 + 𝛽𝛽𝛽𝛽 + ∅𝑥𝑥𝑡𝑡−1 + ∑ 𝛼𝛼𝑖𝑖

𝑝𝑝
𝑖𝑖=1 ∆𝑥𝑥𝑡𝑡−𝑖𝑖 + 𝜖𝜖𝑡𝑡 (3) 

 
: 
∅(𝐵𝐵)𝛾𝛾𝛾𝛾 = 𝜃𝜃(𝐵𝐵)𝜀𝜀𝜀𝜀 (4) 
 
∅(𝐵𝐵) = 1 − ∅1𝐵𝐵 − ∅2𝐵𝐵2 − ⋯ … . ∅𝜌𝜌𝐵𝐵𝑃𝑃 (5) 
 
𝜃𝜃(𝐵𝐵) = 1 − 𝜃𝜃1𝐵𝐵 − 𝜃𝜃2𝐵𝐵2 − ⋯ … − 𝜃𝜃𝑞𝑞 𝐵𝐵𝑞𝑞 (6) 

 
 

	 (1)

Figure 1. Geographic location of the Ghrib dam

Table 1. Analytical methods of the parameter of water
Parameters Methods

TW, PH, CE in-situ measurement (HACH SL1000)

DO2 Oxymeter (HACH HQ1130)
OM, PO4, DCO, 
NO3

Colorimétric analysis using 
spectrophotometer (HACH DR/2000)

BOD5 DBO meter (Oxi WTW).

Cl- Titrimétric method by AgNO3

Ça+2 Titrimétric method by EDTA

TUR Turbidimeter (HACH 2100N)

DR Gravimetric methods
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	(3)

where:	∆t – first difference of the series; xt-1 – 
lagged value of the series; ∅ – parameter 
tested for stationarity;  – error term; ρ 
– autoregressive coefficient; αi – coeffi-
cients of lagged differences; βt – deter-
ministic trend term.

The hypotheses to be tested are:
	• H0: The series is not stationary (existence of 

a unit root).
	• H1: The series is stationary (absence of a unit 

root).

In R, the Augmented Dickey-Fuller (ADF) 
tests are implemented in the functions. The func-
tion adf.test () in the tseries package. If the P-value 
is less than the significance level (0.05), we say that 
the series is stationary. And when the ADF test re-
veals non-stationarity, a differentiation of the data 
was carried out to stabilize the means (Loudjani, 
2022). ARIMA is a model that analyzes data over 
time to predict future trends. It uses an analysis 
method to try to predict future movements by 
looking at the differences between values instead 
of relying on the actual values of the data. Differ-
enced series have lags called “autoregressive” and 
the lags of the predicted data are called “moving 
average.” This model is represented by ARIMA 
(p, d, q), where (p) represents the order of autore-
gression, (d) shows the degree of differencing, and 
(q) shows the order of the moving average.

The inclusion of autoregressive and moving 
average processes is more favorable for achieving 
greater flexibility in real time series data, which 
begins with the combination of autoregressive 
and moving average processes designated by 
ARMA (p.q.). ARMA (p.q) is indicated by:
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where:	B – the bachshift operator express by B 
(Yt) =Yt-1, P – order of AR, q – order of 
MA (Gowthaman et al., 2022).

RESULTS AND DISCUSSION

Statistical summary

The descriptive analysis of the physico-
chemical parameters highlighted distinct char-
acteristics for each parameter. The waters of the 
Ghrib dam are slightly alkaline with an average 
value of 8.06. The average temperature is 18.79, 
varying between 8.80 and 28.1, which reflects 
seasonal fluctuations. The average value of or-
ganic matter is 4.9 mg/l, with moderate variabil-
ity (SD = 1.93), indicating potential variations in 
organic inputs.

The average turbidity value is 9.9 NTU with a 
high standard deviation (SD = 4.16), which could 
be a sign of events with high particulate load. 
The waters of the Ghrib dam show significant 
oxygenation with an average of 8.65 mg/l. Ni-
trate concentrations show significant fluctuations 
with an average of 2.78 mg/l, suggesting inputs 
related to agricultural activities, while phosphates 
remain consistently low with an average of 0.55 
mg/l, with recorded peaks reaching 3.96 mg/l. 
The recorded values are similar to those report-
ed by Hamil et al., (2018); Halouz et al., (2021); 
Soltani et al., (2022). The biochemical oxygen 
demand BOD5 is established at 4.14 mg/l, indi-
cating a moderate organic load. The high value of 
electrical conductivity with an average (2506 µS/

Figure 2. The steps of the ARIMA model
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cm) is associated with significant concentrations 
of chlorides (356.86 mg/l) and calcium (155.53 
mg/l), indicating a significant mineralization of 
the water. The chemical oxygen demand (COD) 
reveals a variation in the oxidizable load, with an 
average of 17.44 mg/l (Table 2).

PCA and correlation matrix

Principal component analysis (PCA) applied 
to all physicochemical parameters shows a total 
inertia rate of 56.3%. The first axis (dim1) ex-
plains 37% of the total variance and the second 

axis (dim2) explains 19.3% of the total variance. 
According to the PCA correlation circle (Figure 
3), it is observed that axis 1 is mainly associated 
with the parameters indicating mineralization CE, 
DR, CL-, Ca+2, which indicates that these param-
eters influence water quality. Axis 2 is related to 
biological and organic parameters (BOD5, COD, 
OM), which are strongly positively correlated 
with each other. While PO4, NO3 and DO2 have a 
weak contribution.

The correlation matrix (Figure 3) highlights 
the linear relationships between the physico-
chemical parameters of the water. A positive 

Table 2. Results of descriptive analysis of the physicochemical parameters of water
Parameters Mean Median SD SE Min Max

PH 8.06 8.31 0.61 0.08 6.58 8.76

TW 18.79 18.50 6.25 0.81 8.80 28.1

OM 4.9 4.85 1.93 0.25 2.20 12.5

TUR 9.9 8.88 4.16 0.54 4.39 29

DO2 8.65 8.12 2.12 0.27 5.64 12.91

NO3- 2.78 2.65 1.92 0.25 0 7.90

PO4- 0.55 0.04 0.88 0.12 0 3.96

BOD5 4.14 3 2.39 0.32 1 10

CE 2506.52 2395 630.81 81.44 1472 3820

DR 1553.57 1556 556.44 71.84 598 2539

Cl- 356.86 327.95 100.53 12.98 183.4 541.3

Ca+2 155.53 157 29.7 3.83 96 211

DCO 17.44 18.50 8.74 1.17 5 54

Figure 3. Multidimensional analysis of the water quality of Ghrib Dam (PCA + correlation matrix)
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correlation is observed between electrical con-
ductivity (EC) and total dissolved solids (r=0.91), 
calcium (r=0.93), and chlorides (r=0.84). Thus, 
there is a positive correlation between organic 
matter and BOD (r=0.93) The water temperature 
is negatively correlated with dissolved oxygen 
(r=-0.79), indicating a decrease in oxygen solu-
bility in warm water.

Trend analysis

The analysis of the time series of physico-
chemical parameters over the period 2018–2024 
highlights remarkable seasonal fluctuations. (Fig-
ure 4). The dissolved oxygen (DO2) exhibited 
marked seasonal variations, characterized by re-
curring annual peaks. Its evolution appears rela-
tively stable, with slight fluctuations around a 
constant average. The concentrations of nitrates 
(NO3) show a positive trend over the studied 

period. Suggesting a potential increase in an-
thropogenic inputs with the presence of season-
al fluctuations. The organic matter (OM) content 
showed a negative trend despite occasional peaks. 
A seasonal variability in pH values and a posi-
tive trend before 2022, followed by stabilization. 
The temperature (TW) and turbidity (TUR) also 
show notable seasonal variations. With isolated 
peaks of turbidity recorded that could result from 
runoff events. Moreover, the temperatures follow 
an expected annual cycle with elevated values in 
summer and low values in winter. The results of 
the stationarity test applied to the monthly val-
ues of the physicochemical parameters to verify 
the stationarity of the data and after differencing 
(Table 3) indicate that our time series is stationary 
(P-value<0.05).

The analysis of the time series of the six 
water quality indicators was carried out using the 
ARIMA model. We used an ARIMA (1,0,0)(0,0,1) 

Figure 4. Temporal evolution of water quality parameters (2018–2024)

Table 3. Results of stationarity test (ADF)
Parameters Stat ADF P-value Initial stationarity P-value after differencing

TW (°C) –7.31 < 0.01 Stationnary 0.01

PH –2.54 0.354 Non -stationary 0.01

DO₂ (mg/L) –4.99 < 0.01 Stationary 0.01

Turbidity (NTU) –3.82 0.0217 stationary 0.0217

OM (mg/L) –3.81 0.0226 stationary 0.0226

NO₃ (mg/L) –4.72 < 0.01 Stationnary 0.01
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Table 4. ARIMA model performance metrics

Parameters Final ARIMA model Coefficients AIC RMSE MAE MAPE (%) ACF₁ of the 
residuals

TW (°C) ARIMA (1, 0,0) (0, 0,1) [12] AR1 = 0.30, 
SMA1 = 0.30 145.67 0.545 0.434 5.57 0.007

PH ARIMA (0, 1,1) MA1 = –0.96 338.44 1.78 1.40 36.96 –0.058

DO₂ (mg/L) ARIMA (1, 0,0) (0, 1,0) [12] AR1 = 0.36 245.24 1.20 0.81 9.73 0.001

Turbidity 
(NTU) ARIMA (3, 1,0)

AR1 = –0.63, 
AR2 = –0.58, 
AR3 = –0.35

481.54 4.15 2.92 33.97 –0.053

OM (mg/L) ARIMA (0, 1,1) MA1 = –0.96 338.44 1.78 1.40 36.96 –0.058

NO₃ (mg/L) ARIMA (0, 1,1) MA1 = –0.93 332.81 1.72 1.25 — (zero 
values) –0.021

Note: AIC – Akaike information criterion, MAPE – mean absolute percentage error, RMSE – root mean square 
error, MAE – mean absolute error, ACF – autocorrelation function.

Figure 5. Results of the analysis of the residuals of the studied parameters
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Figure 6. The 24-month forecasts for each parameter

[12] model to model the water temperature (TW), 
which takes into account an autoregressive term 
and a seasonal component, allowing us to effect-
ively capture the annual variations with a MAPE 
of 5.77%, and our model’s performance indica-
tors are satisfactory (AIC = 145.67%, RMSE 
= 0.545). For the pH, a first-order differencing 
was necessary using an ARIMA (0, 1, 1) model, 

which includes a significant moving average term 
(MA1 = -0.96); however, this prediction is less 
accurate with a MAPE = 36.96%. The ARIMA 
(1, 0, 0) (0, 1, 0) [12] model was successfully 
used to model, taking into account seasonality 
and showing a good fit with a MAPE = 9.73%. 
Regarding turbidity (TUR), we opted for the 
ARIMA (3, 1, 0) model incorporating numerous 
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autoregressive terms, despite the error rate being 
relatively high (MAPE = 34%). ARIMA (0, 1, 1) 
models were used to model organic matter (OM) 
and nitrates (NO3) with terms close to -0.96 and 
-0.93 respectively, although the average errors 
are moderate (Table 4). All the models show a 
low residual autocorrelation, indicating that the 
chosen ARIMA models are well-fitted and suit-
able for describing the temporal dynamics of the 
analyzed parameters.

Residual analysis

To evaluate the goodness of fit of the models 
and the relevance of the modeling of our time ser-
ies, it is necessary to perform a residual analysis 
for the different parameters studied.

The diagrams show that the residuals are dis-
tributed around zero without a marked trend. This 
means that the model captures the central dynam-
ics of the data well. The autocorrelation function 
(ACF) plots show that most values are close to 
zero for most lags, which confirms the independ-
ence of the residuals (Figure 4). The QQ-plot 
graphs indicate that the residuals generally exhib-
it a normal distribution, a fundamental criterion 
to confirm the assumption of error normality. The 
histogram with density confirms the symmetry of 
the residuals. These results show that our ARIMA 
model is adequate for capturing the trends and 
seasonality of the physicochemical parameters of 
the water from the Ghrib dam.

The forecasts

According to Figure 5, we observe that the 
forecasts for water temperature (TW) show a re-
markable seasonal variation with oscillations ex-
pected around current levels, reflecting the natural 
seasonal dynamics of aquatic environments. The 
confidence interval remains narrow, indicating a 
good accuracy of our model. While the predicted 
PH values remain stable around 8, suggesting a 
chemical stability of the reservoir waters during 
the studied period. The values of dissolved oxy-
gen (DO2) show a constant evolution with slight 
seasonal fluctuations, which means that aquatic 
life remains favorable. Turbidity also shows rela-
tively stable concentrations, with predicted val-
ues centered around current values. The forecasts 
for organic matter (OM) show a slight decrease, 
while the levels of nitrates (NO3) seem to stabi-
lize, with a slight positive trend.

CONCLUSIONS

This study aims to analyze and evaluate 
the quality of the Ghrib dam waters through 
six indicators: water temperature (TW), PH, 
dissolved oxygen (DO2), nitrates (NO3), tur-
bidity (TUR), and organic matter (OM). 
The results obtained reveal a notable seasonal 
fluctuation of certain parameters, such as TW and 
DO2, while the pH maintained a certain stability. 
Turbidity and organic matter showed moderate 
variations reflecting anthropogenic effects or nat-
ural events. Moreover, the increase in nitrate lev-
els highlights a potential pressure on nutrient in-
put. The application of the ARIMA model to our 
data ensures reliable predictions of future trends 
of these parameters over a period of 24 months. 
The performance indicators of our model (MAE, 
MAPE, RMSE, and ACF and the residual analy-
sis confirm the robustness of the ARIMA model 
and ensure the validity of the established conclu-
sions. In addition, provided a solid foundation for 
monitoring the water quality of the Ghrib dam 
and allowed for the development of appropriate 
management plans aimed at protecting the eco-
logical health of aquatic environments.
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9.	 Ziemińska-Stolarska, A. and Skrzypski, J., 
(2012). Review of mathematical models of water 
quality. Ecological Chemistry and Engineer-
ing S, 19(2), 197–211. https://doi.org/10.2478/
v10216-011-0015-x 

10.	Loucks, P. and Beek, E., (2017). Water quality mod-
eling and prediction. Dans Water Quality Model-
ing and Prediction 241–278. Springer. https://doi.
org/10.1007/978-3-319-44234-1_10 

11.	Liu, L., (2018). Application of a Hydrodynamic and 
Water Quality Model for Inland Surface Water Sys-
tems. In P. V. Morais (Ed.), Water Quality 1–20. Inte-
chOpen. https://doi.org/10.5772/intechopen.74914 

12.	Olowe, K. O., (2018). Assessment of some existing 
water quality models. Nature Environment & Pol-
lution Technology, 17(3), 939–948.

13.	Mbuh, M. J., Mbih, R. and Wendi, C., (2019). 
Water quality modeling and sensitivity analysis 
using Water Quality Analysis Simulation Program 
(WASP) in the shenandoah river watershed. Physi-
cal Geography, 40(2), 127–148. https://doi.org/10.
1080/02723646.2018.1507339 

14.	Najafzadeh, M., Homaei, F. and Farhadi, H., (2021). 
Reliability assessment of water quality index based 
on guidelines of national sanitation foundation in 
natural streams: integration of remote sensing and 
data-driven models. Artificial Intelligence Re-
view, 54(6), 4619–4651. https://doi.org/10.1007/
s10462-021-10007-1

15.	Box, G.E.P. and Jenkins, G.M., (1976). Time series 
analysis, forecasting and control. Revised ed. To-
ronto: Holden-Day.

16.	Faruk, D.O., (2010). A hybrid neural network and 
ARIMA model for water quality time series. Inter-
national Journal of Civil & Environmental Engi-
neering, 10(4), 1–6. https://doi.org/10.4314/ijcee.
v10i4.62939 

17.	Hanh, P.T.M., (2010). Analysis of variation and re-
lation of climate, hydrology and water quality in 
the lower Mekong River. Water Science and Tech-
nology, 62(7), 1587–1594. https://doi.org/10.2166/
wst.2010.252 

18.	Voudouris, K., Georgiou, P., Stiakakis, E. and Mon-
opolis, D., (2010). Comparative analysis of stochas-
tic models for simulation of discharge and chloride 
concentration in Almyroskartsic spring in Greece. In 
E-Proceedings of the 14th Annual Conference of the 
International Association of Mathematical Geosci-
ences, IAMG, Budapest, Hungary, 1–15.

19.	Kaur, J., Parmar, K. S., Singh, S. (2023). Autoregres-
sive models in environmental forecasting time series: 
a theoretical and application review. Environmental 
Science and Pollution Research, 30, 19617–19641. 
https://doi.org/10.1007/s11356-023-25148-9

20.	Hardiyanti, D. Y., Novianty, H., Lestarini, D. (2019). 
Forecasting river water quality using autoregressive 
integrated moving average (ARIMA), In Proceed-
ings of the International Conferences on Informa-
tion System and Technology (CONRIST 2019), 158–
163. https://doi.org/10.5220/0009907201580163 

21.	Salas, J.D., Boes, D.C. and Smith, R.A., (1982). 
Estimation of ARMA models with seasonal param-
eters. Water Resources Research, 18, 1006–101. 
https://doi.org/10.1029/WR018i004p01006 

22.	Weeks, W.D. and Boughton, W.C, (1987). 
Tests of ARMA model forms for rainfall-run-
off modeling. J. Hydrol. 9129–47. https://doi.
org/10.1016/0022-1694(87)90004-9 

23.	AbdollahTaheri Tizro, A., Ghashghaie, M., Geor-
giou, P., Voudouris, K. (2014). Time series analysis 
of water quality parameters. Journal of Applied Re-
search in Water and Wastewater, 1, 43–52. https://
doi.org/10.15177/2280-9774.2014.01.02.43 

24.	Ghashghaie, M. and Nozari, H. (2018). Effect of 
dam construction on Lake Urmia: Time series an-
alysis of water level via ARIMA. Journal of Agri-
cultural Science and Technology, 20, 1541–1553. 
https://doi.org/10.22099/JAST.2018.28017.510 

25.	Mirsanjari, M. M. and Mohammadyari, F., (2018). 
Application of Time-series Model to Predict 
Groundwater Quality Parameters for Agriculture: 
(Plain Mehran Case Study). IOP Conference Series: 
Earth and Environmental Science, 127(1). https://
doi.org/10.1088/1755-1315/127/1/012028 

26.	Zhang, L., Zhang, G. X. and Li, R. R. (2016). 
Water quality analysis and prediction using hybrid 
time series and neural network models. Journal of 



324

Ecological Engineering & Environmental Technology 2026, 27(1), 314–324

Agricultural Science and Technology, 18, 975–983. 
https://doi.org/10.22099/JAST.2016.3533 

27.	Zhang, G.P. (2003). Time series forecasting using 
a hybrid ARIMA and neural network model. Neu-
rocomputing, 50, 159–175. https://doi.org/10.1016/
S0925-2312(01)00703-0 

28.	Qi, A. and Zhao, M. (2017): Time Series Analy-
sis in the Prediction of Water Quality. Advances in 
Computer Science Research (ACSR), 76. https://doi.
org/10.2991/icmt-17.2017.9 

29.	Abdul Rahiman, A. W. and Elangovan, A. (2022): 
Forecasting water quality using seasonal ARIMA 
model by integrating in-situ measurements and re-
mote sensing techniques in Krishnagiri reservoir, 
India. Water Practice & Technology, 17(5), 1230–
1252. https://doi.org/10.2166/wpt.2022.046 

30.	Katimon, A., Shahid, S. and Mohsenipour, M. 
(2017). Modeling Water Quality and Hydrologic-
al Variables Using ARIMA: A Case Study of Jo-
hor River, Malaysia. Sustainable Water Resources 
Management, 4, 991–998. https://doi.org/10.1007/
s40899-017-0202-8

31.	Irvine, K. N. and Eberhardt, A. J., (1992). Multi-
plicative, seasonal ARIMA models for Lake Erie 
and Lake Ontario water levels. Water Resources 
Bulletin, 28(2), 385–396.

32.	Papamichail, D.M., and Georgiou, P.E., (2001). 
Seasonal ARIMA inflow models for reser-
voir sizing. Journal of the American Water Re-
sources Association, 37, 877–885. https://doi.
org/10.1111/j.1752-1688.1992.tb03248.x 

33.	Padilla, A., Pulido-Bosch, A., Calvache, M.L. and 
Vallejos, A., (1996). The ARMA models applied to 
the flow of karstic springs. Water Resources Research, 
32, 917–928. https://doi.org/10.1029/96WR00192 

34.	Montanari, A., Rosso, R., Taqqu, M.S., A., (2000). 
Seasonal fractional ARIMA model applied to the 
Nile River monthly flows at Aswan. Water Re-
sources Research, 36, 1249–1259. https://doi.
org/10.1029/2000WR900010 

35.	Zafra-Mejía, C.A., Rondón-Quintana, H.A., 
Urazán-Bonells, C.F. (2024). ARIMA and 
TFARIMA Analysis of the Main Water Quality Par-
ameters in the Initial Components of a Megacity’s 
Drinking Water Supply System. Hydrology, 11(1), 
19. https://doi.org/10.3390/hydrology11010019 

36.	Loucif-seiad N. (2002). Water in Algeria and its 
management in the agricultural sector. National Insti-
tute of Agronomic Research of Algeria (INRA). 209.

37.	Bonnard and Gradel. (2003). Studies on the sanita-
tion of stormwater and irrigation wastewater. Meas-
ures to combat groundwater rise. Environmental 
impact assessment-phase IIB; Environmental char-
acterization of the current situation. 37.

38.	Riahi K, St-Hilaire A. (2023). Review of models ap-
plied in the simulation of point source pollution ef-
fects on water quality. Quebec: National Institute of 
Scientific Research (INRS), Eau Terre environment 
research centre. Research Report R2151.Vi,35p

39.	ANBT (National Agency for Dams and Transfers). 
(2008). Watershed protection study for the Oued 
Fodda, Ghrib and Boughezoul dams. Algiers.

40.	Rodier J., Beuffr H., Bournaud M., Broutin J. P., 
Geoffray Ch., Kovacsik G., Laport J., Pattee E., 
Plissier M., Rodi L., Vial J., (1984). L’analyse de 
l’eau, eaux naturelles, eaux résiduaires, eau de mer. 
7e édition. Ed. Dunod. 

41.	Dickey, D. A., and Fuller, W. A. (1981). Likelihood 
ratio statistics for autoregressive time series with 
a unit root. Econometrica: Journal of the Econo-
metric Society, 49(4), 1057–1072. https://doi.
org/10.2307/1912517 

42.	Loudjani N. (2022). Development of algorithms for 
time series analysis of drinking water production 
data. PHD thesis in hydraulic sciences. Mohamed 
Khider University Biskra.178.

43.	Gowthaman T., Sathees Kumar K., Adarsh V. S. 
and Bhattacharyya B., (2022). Trend analysis and 
ARIMA models for water quality parameters of Brah-
mani River, Odisha, India. International Journal of 
Environmental and Climate Change, 12(12), 219–
228. https://doi.org/10.9734/ijecc/2022/v12i1230983

44.	Hamil, S., Arab, S., Chaffai, A. et al. (2018). Assess-
ment of surface water quality using multivariate sta-
tistical analysis techniques: a case study from Ghrib 
dam, Algeria. Arabian Journal of Geosciences, 11, 
754. https://doi.org/10.1007/s12517-018-4102-5

45.	Hallouz, F., Meddi, M. and Rahmani, S., (2022). Multi-
variate analysis to assess the quality of irrigation water 
in a semi-arid region of Northwest of Algeria: case of 
Ghrib reservoir. Environmental Earth Sciences, 81, 10. 
https://doi.org/10.1007/s12665-022-10272-5

46.	Soltani, A. A., Oukil A., Boutaghane H., Bermad A., 
and Boulassel M. R., (2021). A new methodology for 
assessing water quality, based on data envelopment 
analysis: Application to Algerian dams, Ecological 
Indicators, 121, 106952. https://doi.org/10.1016/j.
ecolind.2020.106952 


