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Abstract— Wells of groundwater is the main resource of water supplies in Gaza Strip. The elevated water
consumption, the rainfall shortage and the intrusion of seawater in some aquifers increases the creation of total
dissolved solids (TDS) in water. The early forecasting of TDS levels in wells provides more timely information
for better management of groundwater resources. In this paper we applied various techniques on timeseries data
to forecast the TDS levels of wells in Khan Younis city as a case study. For this purpose, annual timeseries data
were collected for seven wells from main two sources to predict TDS amounts for five years in advance. Five
different forecasting models which are autoregressive integrated moving average (ARIMA), k-nearest neighbors
(KNN), linear regression (LR), random forests (RF) and artificial neural networks (ANN) were applied
individually on each well data. According to the mean absolute percentage error (MAPE) metric, the best results
of the applied models on six wells (Ahrash, Ayia, El Amal, Riada City, UN Khan Younis and Islamic Relief) is
ARIMA (MAPE ratios is between 3% and 9.8%). While the RF model has the best MAPE ratio (5.5%) in the
seventh well (Abu Khaled). The results demonstrated that in the next five-year period of each well according to
its horizon, the TDS ratio will increase for Ayia, Riadia City, UN khan Younis, Ahrash and Abu Khalid in
comparison with the previous five-year period by 22.1%, 5.6%, 4.4%, 2.7% and 1.6% respectively. In contrast,
the TDS levels in Islamic Relief and E1 Amal wells will decrease by 7.2% and 2.1% respectively. The results of

this study contribute in better management, planning and risk minimization of water quality.

Index Terms— Time series forecasting, total dissolved solids (TDS), ARIMA, k-nearest neighbors (KNN),
linear regression (LR), random forests (RF), artificial neural networks (ANN), MAPE.

I INTRODUCTION

Providing quality water is very important for reserving hu-
man lives. The total dissolved solids (TDS) is a type of water
pollution that represents the measurement of organic and in-
organic molecular materials in water. The nitrates, carbonates,
chloride, phosphates, calcium, sodium, potassium and mag-
nesium are mostly the constituents of TDS in water [1]. TDS
is often measured in milligrams per liter (mg/1) where the high
level of TDS is an indicator of the high amount of contamina-
tion in water supplies [2].

The very limited water resources in Gaza Strip increases
the risk of providing healthy drinking water. Gaza Strip de-
pends heavily on groundwater wells in supplying water for
citizens. The increased consumption due to the overpopula-
tion, the rainfall shortage and the intrusion of the sea and sew-
age water mostly contributes in the increasing levels of TDS
and salinity in groundwater aquifers [3]. The authors in [4]
argued that the large amount of salt and the elevated pollution
with nitrates reduces the quality of drinking water that di-
rectly affect the human health and life. So, the earlier fore-
casting level of TDS gives important insights for better man-
agement of water resources in Gaza Strip especially ground-
water wells.

Some governmental and private institutions in Gaza Strip
collect periodical data about a variety of groundwater re-
sources such as registering the amount of water consumptions
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used for human and agriculture. They often take semi-annual
water quality measurement for groundwater characteristics.
However, there is still a lack of research studies utilizing these
useful collected data in order to provide remarkable results
for better water quality management.

Forecasting TDS level in water is a type of time series data
analysis and modeling. The main objective of time series
modeling is collecting and analyzing the past time observa-
tions in order to understand the relationships within data of
time series then building a model to forecast (predict) useful
future values [5].

While there are many studies have been conducted on
drawing forecasts and predictions of TDS amount in ground-
water using regression models worldwide, very limited stud-
ies have been achieved in Gaza Strip.

However, a variety of models (techniques) can be used for
conducting TDS forecasts depending on time series data.
These models include, for instance, traditional statistic mod-
els, stochastic regression models, machine learning models
and deep learning models. While there is no universal consen-
sus on categorizing these models, they can be approximately
classified as traditional statistic-based models and machine
learning (ML)-based models [6].

In this paper we used five different models which are au-
toregressive integrated moving average (ARIMA), k-nearest
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neighbors (KNN), linear regression (LR), random forests
(RF) and artificial neural networks (ANN) for predicting TDS
amount in groundwater wells located in Khan Younis area.
Then, the best performing model will be used to forecast the
TDS level for five-years period in advance.

The main contribution of this paper is summarized as fol-

lows:
o Build a time series dataset for TDS level of groundwater.
This was achieved by collecting and combining data
from two main sources for seven wells in Khan Younis
City that were carefully preprocessed to be used in the
potential experiments.
Examine and compare the performances of five selected
different forecasting models utilizing the built and pre-
processed dataset.
Select the best performing model to draw TDS forecasts
for the next five years based on the collected data hori-
zon of each well.

The results of this paper provide useful insights and rec-

ommendations for better water quality management and bet-

ter water demand planning that urgently needed by formal in-

stitutions in Gaza Strip.

The rest of this paper is organized as follows: a review of
previous related studies is provided in Section II. A multistep
designed method for performing the objective of this paper is
introduced in Section III. Section IV provides the results of
our experiments, evaluations and discussions. Section V con-
cludes the paper and recommends for future research orienta-
tion.

II RELATED WORK

There is a considerable number of research works con-
ducted on time series forecasting. These works have been
done for different domains utilizing various forecasting mod-
els.

Regarding the models used, the literature introduced tradi-
tional statistical models such as Theta and Box-Jenkins [7],
stochastic models such as ARIMA, neural networks such as
artificial neural network (ANN) and time lagged neural net-
works (TLNN) [5], support vector machines (SVM) [8], ma-
chine learning (ML) models such as k-nearest neighbors
(KNN) and random forests (RF) [2], deep learning models
such as recurrent neural networks (RNN) and long short term
memory (LSTM) [9].

With regard to the examined domains, the author in [10]
used decision trees bagging and RF to build forecasts for
stock price directions in clean energy companies, and the au-
thors in [11] used the models of ARIMA, KNN, logistic re-
gression (LR) and support vector regression (SVR) to forecast
the energy consumptions in three different areas, while the
authors in [12] drew forecasts for carsharing customer de-
mands using the models of regression, moving averages and
neural networks. Additionally, the authors in [13] utilized
KNN and SVR for traffic flow prediction and the authors in
[14] applied ML for forecasting recovery rates on non-per-
forming loans for retail clients. Moreover, the authors in [15]
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proposed a methodology that applied clustering and forecast-
ing techniques to predict customer behavior to improve mar-
keting.

Focusing on the research studies related to water, there are
considerable research works that focused on forecasting the
amount (level) of water as well as its quality using salinity
and TDS ratio as indicators.

Regarding water level, the authors in [16] applied the feed
forward neural networks (FNN) to predict the level of eight
wells in South Korea by checking river level and pumping
averages of extracted wells as effecting related input varia-
bles. And the researchers in [17] used various structures of
FNN to forecast groundwater wells located in Montgomery,
USA. They used humidity, precipitation, and temperature as
input variables and found that the Levenberg Marquardt (LM)
training algorithm outperforms the other structures of FNN
algorithms. In addition, the authors in [18] compared between
SVR and a model named nonlinear autoregressive with exog-
enous inputs and artificial neural network (NARX-ANN) in
forecasting groundwater level (GWL) for wells used in irri-
gation located in south east of USA. They conducted their as-
sessment based on a mixture of three inputs: daily GWL, pre-
cipitation and evapotranspiration, and found that the precipi-
tation is the best optimal mixture for the model input where
the SVR outperforms the ANN.

With regard to water quality, the authors in [19] developed
a model based on ANN to predict groundwater salinity that is
expressed by TDS using the measurement of pH seasonal
corps that used well water for irrigating. They used a data
sample of 38 wells located in Alexandria, Egypt where con-
siderable results were obtained. And the authors in [20] ap-
plied KNN to predict influent flow rate and water quality. The
number of nearest neighbors (NNs) was tested under dry and
wet weather conditions using the root mean square error
(RMSE). They found that square root-based (SR) technique
outperforms the distance factor-based (DF) technique in de-
termining the number of NNs. The influent flow was pre-
dicted using standard deviation and the water quality was pre-
dicted using mean absolute percentage error (MAPE). They
produce considerable results for seven-day forecasting with
less than 5% for prediction accuracy diffidence.

Also, the researchers in [21] built a model named fast or-
thogonal search model (FOS) to forecast groundwater salinity
in area of Deltona, Florida by collecting data about 27 wells.
The forecasting takes into account the relationship between
chloride concentration and water demand. They used root
mean squared error (RMSE), standard deviation ratio (RSR),
Nash Sutcliffe efficiency coefficient (NSEC) and the correla-
tion coefficient R to measure accuracy where FOS gave con-
siderable results for forecasting groundwater salinity.

Additionally, the authors in [22] applied machine learning
models to determine the groundwater quality by forecasting
their physical components including TDS, potential salinity
(PS), sodium adsorption ratio (SAR), exchangeable sodium
percentage (ESP), magnesium adsorption ratio (MAR), and
the residual sodium carbonate (RSC) parameters through
electrical conductivity (EC), temperature (T), and pH. They
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evaluated the models of adaptive boosting (Adaboost), RF,
ANN, and SVR models using 520 samples of data related to
fourteen Groundwater quality parameters in Berrechid aqui-
fer, Morocco. The results showed that Adaboost and RF mod-
els gave higher prediction performances than did the SVR and
ANN.

Moreover, the authors in [23] conducted a comparative
study on models of groundwater salinity in Yongnian China.
They constructed a series of fitting and prediction models of
groundwater salinity based on grey theory and MATLAB on
samples of data collected for three wells in the period 2010-
2015. Their model gave considerable results in demonstrating
a high-level increase of salinity in the examined wells.

Also, the researchers in [24] developed a hydrogeological
model to forecast the intrusion of saltwater of coastal zone in
Vietnam. They indicated that the freshwater areas are intruded
with proportion to the exploiting reserve. While the authors
in [25] applied genetic programming (GP) to determine the
relations between groundwater quality parameters such as to-
tal hardness (TH), TDS and electrical conductivity (EC).
They compared the GP with ANN and adaptive neuro-fuzzy
inference system (ANFIS) and demonstrated that GP outper-
forms other methods in generating compact models that are
structurally independent. Moreover, they showed that GP is
more robust un estimating values of water quality parameters
despite the high degree of nonlinearity among various hydro
chemical properties.

Related to the area of Gaza Strip, the authors in [26] ap-
plied the models of forecasting, linear regression and multiple
regression to forecast salinity using the chloride ion-selective
as indicator. Their results stated that the increase of salinity
will cover 95% of the selected area in Gaza Strip.

A similar study to our one has been conducted by [27]
where the authors used multiple forecasting algorithms to pre-
dict the salinity rates and water levels of the groundwater in
Deir El-Balah area, Gaza Strip. They applied each of expo-
nential smoothing (ETS), state space model with Box—Cox
transformation, ARMA errors, trend and seasonal compo-
nents (TBATS) and ARIMA. They also applied a hybrid
model as a combination of ARIMA with each of neural net-
work (NN), ETS, and TBATS models on two datasets col-
lected for some randomly selected wells. One of the datasets
was used for forecasting the water levels and the other was
used for forecasting the salinity level. Their study demon-
strated that ARIMA gave remarkable MAPE scores with com-
parison to other models of forecasting salinity rates. It also
performed better when combining it with NN model. The re-
sults confirmed that there is an increase in salinity and a de-
crease in water level for the examined groundwater wells.

In conclusion, there are many researches handled forecast-
ing of water quality based on salinity and TDS but almost all
of these studies conducted on areas other than Gaza Strip.
While, and to the best of our knowledge, there is only one
study that was conducted in Deir Albalah area for modeling
the forecasts of salinity amount of groundwater, our study fo-
cusses on forecasting TDS of water in other area of Gaza Strip
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which is Khan Younis city using different forecasting models.
And it is noteworthy that the results of our study add more
approved forecasting indicators to help decision makers in re-
ducing risk related to groundwater as a main resource of water
in Gaza Strip.

II1 THE PROPOSED METHODOLOGY

This section introduces the proposed designed methodol-
ogy used in achieving the main purpose of this study. As
shown in Figure 1, the method consists of five main pro-
cessing steps which are: collecting data, preprocessing data,
building and examining forecasting models, evaluating and
comparing models results and finally creating TDS forecasts.
An explanation for these steps is provided in the next subsec-
tions.

A Collecting Data

We collected the TDS data from two main sources: The
Coastal Municipalities Water Utility (CMWU) and the Min-
istry of Health (MoH) as reported by their chemical test la-
boratories. CMWU has TDS data for the period of 1988-2018
that mostly archived in physical papers, while MoH has larger
TDS data for the period of 2005-2018 that archived in tradi-
tional computer files. It is noteworthy that, in both sources,
the characteristics of water extracted from wells including
TDS readings are archived two times per a year, one in spring
and the other in autumn.

B Preprocessing Data

For increasing the quality of our collected data and to re-
duce forecasting uncertainty, we applied various important
tasks for data preprocessing including integrating data, re-
moving redundancies and conflicts, handling null (missing)
values and removing noise.

Data integration includes combining the data that were col-
lected from the two main sources as said before. This may
result in some redundancies and conflicts so these potential
problems were carefully solved. To prepare more convenient
data that will be used for forecasting in our study we applied
two main criteria. First, we selected only the wells that have
a considerable number (i.e. more than 15) of time series read-
ings over years. Second, we excluded the wells that each has
more than 50% of null or missing values in its reading sam-
ples. The result of applying these criteria reduces the exam-
ined wells from 51 to 7. Table 1 shows the seven selected
wells and the number of available readings for each one. The
names of the selected wells are: UN Khan Younis, El Amal,
Ahrash, Islamic Relief, Riada City, Aiya and Abu Khalid. For
handling any missing TDS values, we assigned it by the out-
come of calculating the average of the prior and the posterior
readings of the well. The number of new readings for each
well after handling missing values is shown in the last column
of Table 1.
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Figure 1: The main steps of the proposed methodology

Table 1: The selected wells in the created dataset

Well Name Read.ings No .of % of Null | No of Prep.rocessed
Period Readings Values Readings
UN Khan Younis 1999-2009 21 4.5% 22
El Amal 1998-2018 39 7.1% 42
Ahrash 1987-2018 55 14% 64
Islamic Relief 2010-2018 18 0% 18
Riada City 2002-2017 29 9.4% 32
Ayia 1989-2018 54 8.5% 59
Abu Khaled 2002-2014 22 12% 25

Since some TDS samples were archived manually, it may in-
clude mistakes such as anomalies (outliers) readings. Figure 2
and Figure 3 show instances of anomalies for Riadia City and
Abu Khalid wells respectively. Not fixing these mistakes may
negatively affect the stability of data dataset and as a result it may
undesirably affect the forecasting accuracy. To solve this prob-
lem, we manually reviewed the samples for each well and ap-
plied the average technique as used above when handling miss-
ing values.

RIADIA CITY WELL

Figure 2: Riada City well with anomalies values
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ABU KHALED WELL

Figure 3: Abu Khalid well with an anomaly value

C Building ad Examining Forecasting Models

We selected five different models to perform TDS forecasting
over the built dataset. The selected models are described next.

e ARIMA

ARIMA (autoregressive integrated moving average) is one of
the most well-known linear time series forecasting models.
ARIMA has the ability to detect patterns and relations within
time series data. It includes three main elements; autoregression
(AR), integration (I) and moving average (MA). The AR element
detects the dependencies between an observation point and its
lagged values. The I elements makes the values of time series
data stationary by removing the seasonality and trends of data.
The MA is responsible for the relationship between an observa-
tion and the residual errors when using the moving average in the
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lagged observations. The main limitation of ARIMA is that it as-
sumes the linearity nature of manipulated data [28].

e K-Nearest Neighbors (KNN)

The K-nearest neighbors (KNN) is considered a nonparamet-
ric regression technique that uses Euclidean distance to measure
the similarity between input observations to forecast an output.
Specifically, to forecast a value for a point, the KNN finds and
picks a number of K (e.g. three or five) other points from the
training input observations that are closest neighbors to this point
then calculates its prediction as an average of the K neighbors’
targets.

e Linear Regression (LR)

Linear regression (LR) is a type of linear models that heavily
studied and practiced over hundreds of years. LR applies linear
function and finds its parameters (e.g. slope and offset) that min-
imizes the mean square error (difference) between the true input
target value and the predicted value within the training points.

e Random Forests (RF)

Random forest (RF) is a collection of independent decision
trees work in parallel and are created randomly to be slightly dis-
tinct. A decision tree is a hierarchy of if/else questions that lead
to a predicted decision. The randomization of the trees in RF is
achieved by choosing the input observation used in building the
decision tree or by choosing the features from the test splits. The
final regression prediction of RF is obtained by calculating the
average of prediction results produced by each individual tree in
the forest [29].

e Artificial Neural Networks (ANN)

Artificial neural networks (ANN) — also called multilayer per-
ceptron (MLP), is a collection of thousands of connected nodes
(neurons) that organized into three types of layers: input layer,
one or more hidden layers and output layer. The nodes of the in-
put layer are connected with the nodes of the hidden layer via
links that represent input parameters (weights). The nodes in the
hidden layers implement activation functions such as ReLU to
transform inputs into predicted output values. The output layer
produces a list of probabilities and picks the predicted value that
has the lowest difference (error) between true and predicted val-
ues. The ANN backpropagates the error value, uses it as feedback
and applies optimizer method such as Adam to finetune the

weights of the same input observations in order to minimize er-
ror. This process is repeated several times (epochs) until reaching
the best error value. ANN has the capability of manipulating non-
linear observations [30].

D Evaluating and Comparing Models Results

The performance of the forecasting model is commonly eval-
uated using the mean absolute percentage error (MAPE) metric
that is a widely used for forecasting problems [31]. The MAPE
value can be calculated using the following formula:

MAPE = 1i|Ti_Pi
NSl
i=

Where N is the total number of experimented samples by the
model algorithm, T; and P; are the true (actual) and the predicted
values of a sample i respectively. Also, the MAPE value will be
used as a comparison metric for the performances results ob-
tained from examined models.

E Creating TDS Forecasts

In this step, when experimenting all of the models using spe-
cific well data, the outperforming one will be selected for creat-
ing the forecasts of this well for a period of five years in advance.

100%

IV EXPERIMENTAL RESULTS AND FORECASTS

We experimented each of ARIMA, KNN, LR, RF, and ANN
models using our created and preprocessed timeseries TDS data
of seven wells located in Khan Younis area. The performance for
each model is evaluated using MAPE metric. The dataset is ini-
tially split into roughly 80% and 20% for training and testing
processes respectively as shown in Table 2.

We used Python programming language for developing the
models’ algorithms. For KNN, the number of neigbours was set
to 10. The ANN is built as sequential layers including one hidden
layer that accepts a batch of 128 input with “ReLU” activation
function followed by an output layer for predicting one value.
The network was compiled using “Adam” optimization function
that optimized using mean squared error (MSE) loss function.

We experimented all of the five selected forecasting mod-
els on each data of the seven wells. Table 3 shows the MAPE
values as produced by each examined model for each individ-
ual well data.

Table 2: Dataset splitting into training and testing periods

Well Name Training Period | Samples | Testing Period | Samples

UN Khan Younis 1999 — 2007 17 2007 - 2009 5
El Amal 1998 —2014 33 2014 - 2018 9
Ahrash 1987 —2012 51 2012 -2018 13
Islamic Relief 2010 -2016 14 2017 - 2018 4
Riadia City 2002 -2014 25 2014 - 2017

Ayia 1989 - 2012 47 2012 - 2018 12
Abu Khaled 2002 -2012 20 2012 -2014 5
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Table 3: MAPE performances results using five different forecasting models

Well Name ARIMA KNN LR RF ANN
UN Khan Younis 8.1 453 22 322 37.5
El Amal 7.9 39.9 15.4 29 19.4
Ahrash 3 10.9 6.9 7.1 9.5
Islamic Relief 11 39.9 15.5 28.4 16.3
Riadia City 9.8 18.2 16.5 14.3 14.7
Ayia 34 26 9 22.8 22
Abu Khaled 8.9 6.5 12 5.5 59

As shown in Table 3 the ARIMA model outperformed the
other models for six of the seven examined wells according to
the MAPE scores. The ARIMA achieved the MAPE values of 3,
34,79, 8.1, 9.8 and 11 for Ahrash, Ayia, El Amal, UN Khan 2400 2 — Historizal
Younis, Riada City and Islamic Relief wells respectively. While " Sl e
the RF has the superior value for Abu Khalid well among the
other selected models. It is clear that the best MAPE values ‘ 5
ranges between 3 and 11 and achieved by ARIMA and RF mod-  1ams
els. This mainly demonstrates the capability of ARIMA model,
and RF in some cases, in forecasting TDS amount using linear
time series data.

For each well, the outperformed model was selected to build ) e
TDS forecasts for the term of five years in advance for this well. Figure 6: Ahrash well forecast using ARIMA
Figure 4, Figure 5, Figure 6, Figure 7, Figure 8, Figure 9 depict
the TDS forecasts for UN Khan Younis, El Amal, Ahrash, Islamic
Relief, Riada City and Ayia wells respectively using ARIMA
model while Figure 10 depicts TDS forecasts for Abu Khalid Ferecast Islamic Relife Well Using ARIMA
well using RF model.

Forecast Ahrash Well Using ARIMA

1990 1995 200¢ 2005 2010 2015 2020 2025

Forecast UN Well Using ARIMA By

2800 < Forecast

200 2 3 \
\ - t 2400 —t—
\ - e ad
200 I 2200 ~vdo,
3000 [P
2000
2800 E0O
1800
1800
1600
2400 2003 2006 2008 2010 2032 2014 2016 2018 2020
2200
2004 2000 2008 2010 2012 2061 2016 2010 2020

Figure 7: Islamic Relief well forecast using ARIMA

Figure 4: UN Khan Younis well forecast using ARIMA

Forecast El Amal Well Using ARIMA Forecast Riadia City Well Using ARIMA
I[F/\VM/\/J 7' \//V/\/
2000 2005 2010 2015 2020 2025 01 <l &%
Figure 5: El Amal well forecast using ARIM Figure 8: Riadia City well forecast using ARIMA
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Forecast Ayia Well Using ARIMA

1095

Figure 9: Ayia well forecast using ARIMA

Forecast Abu Khaled Well Using Random Forests

Figure 10: Abu Khaled well forecast using RF

To determine the amount of change in TDS levels, we calcu-
lated the difference between the forecasted TDS rates of the next

five years and the TDS rates of the past five years.

As shown in Table 4, the forecasted TDS levels of the ground-
water are expected to increase in (Ayia, Riadia City, UN khan
Younis, Ahrash and Abu Khalid) in comparison with the previous
five-year period by 22.1%, 5.6%, 4.4%, 2.7% and 1.6% respec-
tively, compared to the previous five-year period. In contrast, the
TDS levels in Islamic Relief and EI Amal wells are expected to
decrease by 7.2% and 2.1% respectively.

The results in Table 4 indicate that the TDS levels in (Ayia,
Riadia City, UN khan Younis, Ahrash and Abu Khalid) are rela-
tively high. This higher TDS rate is due to an imbalance between
water consumption and water recharge resulting from the de-
creasing levels of rainfall over time [32]. On the contrary, the
decreases in TDS rates of Islamic Relief and E1 Amal wells may
result from reduced pumping from these two wells and increas-
ing rainfall in the respective areas. It is worth mentioning that
Groundwater TDS levels are affected by two primary factors:
rainfall, which recharges groundwater, and the pumping mounts
from wells. Increased rainfall combined with reduced pumping
leads to lower TDS levels [33].

The large values of the forecasted TDS rates in most of the
examined wells in this study, give useful indicators and good in-
sights for the decision makers of water distribution in Khan
Younis area particularly and in Gaza Strip generally in order to
make actions for better management of groundwater supplies.

Table 4: Deviation of TDS rates compared to the last 5 years

Well Name Previous Average TDS Forecast Average Deviation

Period ratio Period TDS ratio ratio
UN Khan Younis 2011 -2015 30504.5 2016 - 2020 31852.8 4.4%
El Amal 2014 -2018 19790.0 2019 —2023 19356.5 -2.1%
Ahrash 2014 -2018 2153.7 2019 — 2023 2211.2 2.7%
Islamic Relief 2009 — 2013 25049.0 2014 - 2018 23257.2 -7.2%
Riadia City 2012 -2016 28772.5 2017 -2021 30390.0 5.6%
Ayia 2014 -2018 34875.0 2019 — 2023 42569.1 22.1%
Abu Khaled 2009 — 2013 34605.6 2014 - 2018 35159.7 1.6%

In this study, our experimental results are constrained to TDS
timeseries data that were collected periodically twice per a year,
and to minimize the effect of relatively high diverge between
timeseries readings, it is recommended to archive such samples
in shorter time periods (e.g. at most every month) by the respon-
sible intuitions.

V CONCLUSION AND FUTURE WORK

In this paper we applied and compared five different models
for forecasting the total dissolved solids (TDS) in groundwater
wells located in Khan Younis city. The data were collected from
two main sources: The Coastal Municipalities Water Utility
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(CMWU) and the Ministry of Health (MoH) in Gaza Strip then
they were preprocessed following several techniques to produce
appropriate dataset related to seven wells. The performances of
the selected group of models were examined and compared for
each well individually using MAPE metric. According to MAPE,
the ARIMA model outperformed the other models for 6 of 7 ex-
amined wells while the RF achieved the best MAPE value for the
seventh well. The results demonstrated that there is an increase
of TDS levels in five of the examined wells for five years in ad-
vance. While, the TDS levels in the other two wells will decrease
in comparison with the previous five-year period. Our results
contribute in giving more timely information for better water
quality management and demand water planning. It also showed
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the importance of the selected models in TDS forecasting espe-
cially the increase in TDS levels in the most of the examined
wells in this study. Consequently, water authorities have to use
these wells wisely to decrease the effects of TDS on the popula-
tion.

For future work, more forecasting models can be used in ad-
dition of applying machine learning and deep learning techniques
in TDS forecasting utilizing additional wells’ characteristics and
features. Although the TDS forecasting is limited to the wells of
Khan Younis city, other areas of groundwater as well as data col-
lected for more wells can be also examined.
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