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ABSTRACT

Electrocoagulation is a promising treatment technique for agricultural drainage water, proposing
an efficient removal of pollutants such as turbidity, nitrates (NO3), dissolved solids (TDS), and
salinity. The process utilizes the release of positively charged ions from electrodes to neutralize
negatively charged pollutants, resulting in their coagulation and subsequent removal. The purpose
of this study was to statistically characterize the relationships among the properties of agricultural
drainage water (ADW) that has undergone electrocoagulation treatment (ECT). The unit was
installed to treat samples of ADW collected from an agricultural experimental station in the Abis
neighborhood of Alexandria, Egypt. The physicochemical characteristics were evaluated by
testing various direct current (DC) values (A) and voltages (V). Specifically, the experiments
included settings of 3V at 0.45 A, 5V at 0.45 A, 12 V at 0.01 A, and 12 V at 17 A. Treatment
durations ranged from 10 to 60 min to identify optimal operational parameters for effective
contaminant removal. Principal component analysis (PCA) was employed as a multivariate
analysis technique to assess relevant data from complex datasets and determine the effectiveness
of the electrocoagulation treatment unit. The PCA and PCACOV functions in MATLAB were
utilized to estimate the principal components. The first three principal components (PC1, PC2, and
PC3) all exhibited eigenvalues greater than 1, indicating that they could adequately characterize
the functionality of the ECT system. The total dissolved solids (TDS), salinity, and nitrate (NO3)
parameters were found on the negative side of PC1, while the reaction time was positioned on the
positive side. An increase in reaction time correlated with improved removal efficiencies for these
parameters. Additionally, TDS, salinity, and electrical conductivity (EC) wastewater character-
ristics were aligned along the positive PC2 axis, suggesting a simultaneous increase in these
parameters. The distribution of both reaction time and dissolved oxygen (DO) on the positive side
of PC1 indicated that longer reaction times resulted in higher DO levels. It was determined that
ADW could be effectively treated using the ECT procedure, demonstrating a statistically
significant interaction between treatment performance and wastewater parameters.

Keywords: Agricultural drainage water; Electrocoagulation; Electrochemical analysis;
Environmental sustainability; Multivariate analysis; Water quality improvement.

INTRODUCTION strategies are essential to mitigate the negative impacts

of this drainage water while ensuring the continued

Agricultural drainage water, a byproduct of irrig-
ation and farming practices, presents significant
environmental challenges. This water often contains a
mixture of fertilizers, pesticides, and other agrochem-
icals, and its uncontrolled discharge can lead to the
contamination of nearby water bodies, adversely
affecting aquatic ecosystems and biodiversity. Conse-
quently, the challenge of managing agricultural
drainage water has become increasingly urgent in
recent years, driven by the dual imperatives of envir-
onmental sustainability and agricultural productivity.
The World Health Organization (WHQ) has reported
that approximately 40,000 people worldwide die daily
due to the consumption of polluted water. Therefore, it
is imperative to assess the water quality and pollution
status (Omar et al., 2023). Effective management
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viability of agricultural practices.

The inadequate rate of progress in water and san-
itation highlights the urgent need to explore potential
solutions through partnerships and cooperation, espec-
ially as global water demand is expected to rise
dramatically. This issue of collaboration for water
management is examined in relation to agri-culture, the
environment, human settlements, industry, health, and
climate change across various regions. Over the next
20 years, water demands in sectors such as industrial,
residential, and agricultural uses are projected to
increase significantly (WWAP, 2018 and 2023). In
fact, these demands have increased six fold over the
past century (Wada et al., 2016), with a consistent
growth rate of approximately 1% per year
(AQUASTAT, 2017). As a result, the patterns of global
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water consumption are expected to shift upward.
Therefore, it is essential to expand water resources and
address the various types of wastewater generated over
the past several decades (Sallam, 2017).

Agricultural drainage water is a significant comp-
onent of the wastewater management field, defined as
the removal of excess water from the surface or
subsurface of an area (Sallam, 2017). This drainage can
have beneficial environmental effects on soil solute
transport, water flow, and plant growth, although it
may also introduce contaminants such as pesticides,
nutrients, organic wastes, and trace elements, which
can contribute to soil degradation (Brendan et al.,
2018; Nouri et al., 2013;). In the agricultural sector,
utilizing agricultural drainage water can play a crucial
role in alleviating water scarcity by providing an
additional resource for irrigation, thereby addressing
one of the significant challenges faced by farmers
(WAHBA, 2017).

To evaluate and determine characteristics of agri-
cultural drainage for reuse, several parameters are
selected, such as: pH, salinity, electrical conductivity
(EC), total suspended solids (TSS), total dissolved
solids (TDS) and nitrates (NO3") (Mahmoud and Hoda,
2015). For adequate remediation, chemical, physical
and biological techniques such as ion exchange, rev-
erse osmosis, microalgal-bacterial treatment, solar
ponds, microalgal-bacterial treatment, volatilization
and biological precipitation may be used for agricu-
Itural drainage (Kravchenko et al., 2002). As an
example of agricultural drainage, the agricultural drain-
age stream of agricultural experimental station of
Alexandria University in Abis region, Alexandria gov-
ernorate, Egypt. This station concerns with both plant
and animal production Departments researches. So, the
agricultural drainage of this station is already polluted
with several organic pollutants come from researches.

The electrocoagulation technique (ECT) is a pro-
mising wastewater treatment method that utilizes an
electrical current to treat contaminants without the need
for additional coagulation chemicals (Nawarkar and
Salkar, 2019; Allam and Negm, 2013). This technique
is not only versatile but also environmentally compati-
ble, making it an effective, cost-efficient, and straight-
forward electrochemical method for the rem-oval of
various pollutants from wastewater (Khan et al., 2023;
Bharath et al., 2018). ECT has been shown to effect-
tively reduce contaminants such as heavy metals,
suspended solids, and organic matter, thus contributing
to the improvement of water quality (Das et al., 2022).

The concept of this process involves passing an
electric current through a simple circuit composed of
metallic electrodes (anode and cathode) submerged in a
reactor, which generates in-situ coagulants that desta-
bilize suspended pollutants in an aqueous solution. In
the cathodic area, hydrogen gas is produced, aiding in
the flotation of these pollutants (Hashim et al., 2019).
The type of coagulant generated can be influenced by
factors such as cost, availability, and oxidation poten-
tial of the electrodes. Iron and aluminium are the most
common and effective materials used for electrodes.

Several studies have demonstrated the mechanism of
pollutant removal using electrocoagulation with iron
electrodes, as described by Lopez-Guzman et al.
(2021) in the following equations:

Mechanism |

On the anode:

4 Fe(s) — 4 Fe** (4 + 8¢

On the cathode:

8 H+ (aq) +8e —4 HZ(g)

In the solution:

4 Fe** ) + 10 Hy0q + Oy — 4 Fe (OH)) + 8
+(aQ)

Mechanism Il

On the anode side:

Fe— Fe2+(aq) +2¢

On the cathode:

2 H20(|) + 26— H2(g) +2 OH_(aq)

In solution:

Fe?* ag) + 2 OH (ag) —Fe (OH)y

In aqueous media, metal ions produced at the anode
react with hydroxide ions produced at the cathode to
produce various hydroxide species such as Fe (OH),,
Fe (OH)s, Fe (OH),+ and Fe (OH), depending on the
pH. The iron-hydroxides coagulate and precipitate to
the bottom of the system.

In this study, to determine the efficacy of ECT in
improving agricultural drainage water, multivariate
analysis such as principal component analysis (PCA)
was applied to acquire useful information from
complex datasets (Gupta et al., 2018). Some recent
studies revealed that PCA helped to effectively reduce
the number of physicochemical parameters that may
assist in the description of drainage water quality (Nasr
and Zahran, 2016). By considering physicochemical
parameters such as pH, DO, turbidity, TDS, hardness,
calcium ions, chloride ions, BOD and sulfate groups,
PCA was applied to classify the different water reso-
urces into different categories. This useful classifi-
cation enables planners and field engineers to perform
advanced ameliorative measures for preventing water
resource contamination (Eaton et al., 2005). Therefore,
this study aimed to investigate the efficacy of the
electrocoagulation technique in treating agricultural
drainage water. Principal component analysis was
performed to evaluate the quality of the water, enabling
its recycling and reducing its environmental pollution
impact.

MATERIALS AND METHODS

Water sampling

Composite water samples were collected from an
agricultural drainage stream at the Agricultural exper-
imental station of Alexandria University in Abis
(Latitude 31° 12" 41.25" North and Longitude 29° 59’
16.54" East), Alexandria, Egypt. Figure (1) shows the
location map of this station. According to the standard
methods for the examination of water and wastewater
(Eaton et al., 2005), samples were collected in 20 L
polyethylene containers and preserved in an icebox at
4°C during transportation to the laboratory.
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Figure (1): Location map of the agricultural ex|

Performance of the electrocoagulation set
Schematic design for the electrocoagulation unit
Figure (2) shows a schematic diagram of the
electrocoagulation unit established by the authors of
this work and used experimentally with the following
specifications: width: length: height of 40: 30: 50 cm
and 12 Fe/Fe electrodes connected in monopolar
parallel mode with an inert distance of 2 cm. These
electrodes were used as anodes and cathodes and each
electrode has dimensions of 27 x 14 cm. This unit was
powered by a CS - 300 V- C’S cleaver Scientific LTd,
UK power supply for variable DC current and voltage
values. For recording water samples as electrolytes,
this unit was supplied with a multiprobe meter (model
Aquaprobe AP-7000, England).
Application of the designed electrocoagulation unit
By using the last designed electrocoagulation unit on
the captured water samples and by testing different
values of DC (Am) and voltage (V) (3 V- 0.45A, 5 V-
045 A, 12 V- 0.01 A and 12 V- 17 A) a suitable
pollutant removal efficiency was reached, which was
translated into a decrease of water parameter measure-
ements. Starting at 10 min and possibly up to 60 min,
parameters were determined by using a multipara-
meter water quality meter (Aquaprobe AP-7000,
England) which were listed as follows: Temp°C,
oxidation reduction potential (ORP mv), pH, dissolved
oxygen (DO) mg/l, EC ps/cm, TDS mg/l, salinity %,
NO;3;” mg/l and turbidity NTU. Zero-time analysis of the
water samples before treatment was considered as
control measure.
Application of the designed electrocoagulation unit
By using the last designed electrocoagulation unit on
the captured water samples and by testing different
values of voltage (V) and DC (Am) including: 3 V-
0.45A, 5 V- 045 A, 12 V- 0.01 A and 12 V- 17 A
Suitable pollutant removal efficiencies were achieved,
as indicated by a decrease in the measured water qua-
lity parameters. Measurements were taken at intervals
starting from 10 mins and extending up to 60 mins. The
parameters were assessed using a multiparameter water
quality meter (Aquaprobe AP-7000, England) and
included the following: temperature (°C), oxidation-
reduction potential (ORP, mV), and pH, dissolved oxy-
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gen (DO) mg/l, EC us/cm, TDS mg/l, salinity %, NO5
mg/l and turbidity NTU. Zero-time analysis of the
water samples before treatment was considered as
control measure.
Statistical analysis

Principal component analysis (PCA) shows the
correlation structure of a data matrix X, approximating
it by a matrix product of lower dimension (T x P,
called the principal components (PCs), plus a matrix of
residuals (E) (Costa et al., 2009). This procedure can
be formulated by the following equation:

X =(@1xx)+(TxP)+E

Where, T is a matrix of scores that summarizes the
X-variables (scores) and P is a matrix of loadings that
indicates the effect of the variables on each score. The
term (1xx’) represents the variable averages. The
second term, the matrix product (TxP"), models the
structure. The third part, E, includes the deviations
between the original values and the projections. PCA
was conducted using the following procedures: (a) the
correlation matrix was calculated, (b) the eigenvectors
and eigenvalues were estimated, (c) the eigenvalues
were sorted in descending order and (d) the eigenvector
with the highest eigenvalue was considered the most
dominant principal component of the dataset; i.e., PC1

Figure (2): Schematic diagram of the designed and used
Electrocoagulation unit for water treatment. 1, Power supply; 2,
Anode; 3, Cathode; 4, Aqua probe apparatus; 5, Recorder; 6, Iron
plates; 7, Glass jar; 8, Pump; 9, Outlet; 10, Inlet.
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and (e) PC2 were computed under the constraint of
being orthogonal to PC1 and having the second largest
variance (Awolusi et al., 2018).

The functions PCA and PCACOV in MATLAB
software were used to perform the PCA and to estimate
the PC coefficients. Basically, PCA rotates the set of
records around their mean to form a new and
orthogonal coordinate system, known as the principal
component (PC) and it also means ordinations accor-
ding to the studied water parameters. The first principal
component (PC1) is the new axis that describes the
highest possible variance in the dataset (Mackiewicz
and Ratajczak, 1993).

The second principal component (PC2) accounts for
the direction perpendicular to PC1 and it corresponds
to the next highest variance. Correlation analysis is
another statistical technique that can be employed to
understand the performance of an electrode (ECT)
(Nasr and Zahran, 2016). The Pearson correlation
coefficient is an estimation of the linear correlation
between two variables. It provides a value between +1
and -1, where 1 is a total positive correlation, 0 is no
relationship and -1 is a total negative correlation
(Gupta et al., 2018).

RESULTS

Evaluating the designed electrocoagulation unit for
water sample treatment

Results obtained from Table (1, i, ii, iii and iv) well
declare variations in Temp (°C), ORP (mv), pH, DO
(mg/l), EC (uS/cm), TDS (mg/l), Sal % and Turbidity
(NTU) under different values of voltage (V) and DC
(Am). Table (1, i and ii) show a decrease in salinity,
ORP, EC, and TDS values over the course of the test in
descending order. Table (1, iii and iv) demonstrated
sharply rising DO values throughout the course of the
experiment. The last four ECT unit application trials
have demonstrated the effectiveness of ECT- designed
units in eliminating pollutants from agricultural
drainage water.
Correlation analysis

The correlation matrix of the measured parameters
provides valuable insights into the relationships
between various water quality parameters (Table 2)
which demonstrates that the measured temperature and
dissolved oxygen (DO) showed perfect positive
correlation (1.0). This result indicates that as
temperature increases, dissolved oxygen levels also
increase. This is somewhat counter intuitive, as higher
temperatures typically decrease DO solubility; how-
ever, this may reflect specific conditions or data
collection methods under the studied environment. In
addition, highly positive correlations (1.0) were
detected between EC and both TDS and salinity.
Meanwhile, the strong negative correlation (-0.96)
recorded, between temperature and pH, suggests that as
temperature rises, pH levels tend to decrease (Table 2).
Similar strong negative correlation (-0.91 and -0.90) of
nitrate concentrations (NOs;) were associated with
lowering temperature and DO, respectively. EC and pH

also: recorded strong negative correlation (-0.80) in
which as conductivity increases, often a sign of higher
ion concentrations pH tends to decrease. Furthermore,
positive strong correlations were observed between
time and both of ORP and DO (0.74 and 1.0, respect-
tively). Week correlations were recorded between pH
and either EC, TDS or salinity (0.46, 0,45 and 0.44,
respectively). Nitrate concentration was also recorded
week correlations with EC, TDS and salinity (0.47,
0.45 and 0.46, respectively). In general, turbidity
reported weak correlations with most parameters,
including temperature (0.31), ORP (0.00), and TDS (-
0.12).

Principal component analysis (PCA)

The data in the box plots (Figure 3) illustrates the
standardized distribution of the parameters used for the
PCA of the electrocoagulation unit. Standardizing the
data to a mean of O and a standard deviation of 1
ensures all variables, including time (min), DO (mg/L),
and temperature in (°C), contribute equally to the PCA,
preventing dominance by parameters with larger scale
values. Figure (3) illustrates the parameters used to
develop the PCA for the tested electrocoagulation unit.
The median values for most parameters were centered
around zero, confirming the effectiveness of the
standardization process. Parameters such as ORP and
pH exhibit narrower interquartile ranges, indicating
lower variability, while turbidity and temperature
display wider distributions, reflecting greater varia-
bility in these metrics. Generally, greater variability in
parameters like turbidity, time, and temperature can
have a significant impact on the principal components'
loadings and their interpretation.

Table (3) indicates that the first three principal
components (PCs) explained 97.62% of the total
variance. The Eigenvalues PC1, PC2 and PC3 were
greater than 1, indicating that the first three PCs could
describe the EC system. PC1 explained 67.43% of the
total variance and had high loadings on time (0.36),
temp. (0.36), ORP (0.34), pH (-0.35), DO (0.36) and
NO; (-0.33). PC1 was affected by the operational
conditions of the EC experimental setup. PC2 expl-
ained 20.24% of the variance and had high loadings on
EC (0.44), TDS (0.44) and salinity (0.45). PC2 was
influenced by the wastewater characteristics and the
EC performance. PC3 explained 9.94% of the variance
and had high loadings on NOjz (0.32) and turbidity
(0.86).

PC3 described the turbidity removal efficiency.
Additionally, Table (3) illustrates that the reaction time
was distributed on the positive side of PC1, whereas,
TDS, salinity, and NO3  were located on the -PC1.
Hence, an increase in reaction time improved the
removal efficiencies of TDS, salinity and NO;. ORP
was positioned on +PC1, whereas, NO;” and TDS were
located on -PC1. An increase in ORP suggested that
more positively charged ions from the EC electrodes
were released into the solution and interacted with the
negatively charged pollutants. Therefore, the neutral-
ization mechanism was responsible for pollutant
removal. Similarly, turbidity was located in the +PC2.
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Table (1): Evaluation of dynamic changes in water quality parameters of the electrocoagulation unit with varying
voltage (V) and direct current (Am): A Comparative Analysis.

Measured parameters

Time Temp ORP DO EC TDS Salinity NOs;  Turbidity
c (min) (°C) (mv) pH (mg/1) (us/cm) (mg/1) (%) (mg/l) (NTU)
j 0 28.8 438.5 4.41 4.97 1744 1132 0.86 - 144
g 10 28.9 264.6 4.24 4.97 1619 1054 0.80 - 272
° 20 28.9 -111.6 5.13 4.97 1512 982 0.74 - 198
; 30 28.9 -284.4 6.63 4.97 1502 975 0.71 - 185
fz 40 28.9 -185 6.68 4.97 1431 932 0.68 - 247
f. 50 28.9 -280 6.79 4.97 1484 962 0.7 - 275
60 29 -368 7.18 4.97 1478 961 0.7 - 225
Time Temp ORP DO EC TDS Salinity NO;  Turbidity
S (min) o) (mv) pH (mgfl)  (usicm)  (mg/l) (%) (mg/)  (NTU)
e E 0 29.6 206.6 8.35 4.98 467 303 0.15 - -
g Z,*— 10 29.6 96.7 8.53 4.98 464 301 0.15 - -
5 = 20 29.7 -479 8.97 4.98 430 227 0.14 - -
% i 30 29.7 -513.2 9.4 4.98 413 267 0.13 - -
S - 40 29.8 -502.3 9.11 4.98 419 271 0.13 - -
‘é‘ i 50 29.8 -539.3 9.38 4.98 404 262 0.13 - -
z 60 29.9 -569.7 9.56 4.98 416 258 0.13 - -
% Time Temp ORP DO EC TDS Salinity NOs;  Turbidity
é, g (min) (°C) (mv) pH (mg/1) (us/cm) (mg/1) (%) (mg/1) (NTU)
§ g 0 28.6 127.4 7.55 4.96 319 207 0.1 - 157
ot o 10 29.1 -20.6 7.43 4.97 274 178 0.09 - 79.0
E g 20 29.6 -30.6 7.43 4.98 255 163 0.08 - 57.6
w > 30 30.0 -46.0 6.93 4.98 252 163 0.08 - 26.9
S 40 30.4 -50.4 6.78 4.99 242 161 0.08 - 72.8
< 50 - - - - - - - - -
= 60 - - - - - - - ; -
Time Temp ORP DO EC TDS Salinity NO;  Turbidity
= (min) (°C) (mv) pH (mg/l) (pus/cm) (mg/l) (%) (mg/l) (NTU)
i: 0 29.1 -1.3 8.48 4.96 1387 891 0.65 4.87 257
_‘; 10 30.4 19.1 8.44 4.98 1161 754 0.55 5.19 281
8 20 31.6 21 8.39 5.0 1060 689 0.5 2.6 130
z 30 32.6 22.6 8.41 5.01 1047 680 0.5 30 59.4
g 40 336 235 8.36 5.03 1099 715 0.52 2.25 914
= 50 34.6 24.6 8.32 5.04 1241 811 0.59 161 117
60 35.1 232 8.25 5.05 1072 692 0.51 1.9 859
-, Not detected.

Table (2): Pearson correlation matrix among the designed electrocoagulation unit parameters.

Parameters  Time Temp. ORP pH DO EC TDS Salinity NOj  Turbidity
Time 1.00

Temp. 099"  1.00

ORP 074 079  1.00

pH 096" -094" -0.68 1.00

DO 1000 1000 077 -095"  1.00

EC 047 050 -0.80 046  -047  1.00

TDS 045 -049 -0.77 045  -045 1000  1.00

Salinity 044  -048 -078 044  -044 100  1.00" 1.00

NOy 089 091" -070 085 -090° 047 045 046  1.00
Turbidity 040 031 000 -056 034 -009 -0.12 0.09  -0.10 1.00

%
Strong correlation.
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direction, while, ORP was positioned on the—PC2 axis.
The negative correlation between the ORP and
turbidity revealed that an increase in ORP (more +ve
charge) caused a decrease in the solution turbidity,
which is referred to as the neutralization process. Both
reaction time and turbidity were distributed on the
+PC1 axis, suggesting that as time increased, turbidity
also increased. The wastewater characteristics of TDS,
salinity, and EC were located on the +PC2 axis,
indicating that these parameters increased together
Both reaction time and DO were distributed on +PC1,
suggesting that an increase in reaction time caused an
increase in DO.

Turbidity | ‘ [ — L
NS | e E—
Salinity [ 1 " -ee————— |
os | e e R :
= e — N ’
vo | SRR o e S
B —— — —
ORP | + |CD—|
Tomp. f Oy T E— S
Timo | o Se— m—
2 1S -l -0.5 o 0.5 1 1.5 2

Figure (3): Standardized box plots of parameters used in principal
component analysis of electrocoagulation unit performance

Table (3): Eigenvalues, variances and loadings for the
first three principal components from PCA of the
designed electrocoagulation unit parameters at 12 V
and 17 A

Parameters PC1 PC2 PC3
Time 0.36 0.26 -0.05
Temp 0.36 0.22 -0.13
ORP 0.34 -0.18 -0.21
pH -0.35 -0.28 -0.14
DO 0.36 0.25 -0.11
EC -0.29 0.44 -0.13
TDS -0.29 0.44 -0.17
Salinity -0.29 0.45 -0.14
NOz -0.33 -0.18 0.32
Turbidity 0.12 0.29 0.86
Eigenvalue 6.74 2.02 0.99
Variance (%) 67.43 20.24 9.94

Cumulative (%) 67.43 87.67 97.62

DISCUSSION

From table (1, i and ii) decreasing in salinity, ORP,
EC, and TDS values may be resulted by a decrease in
the positive charged ions that were produced by the
electrodes of the ECT designed unit. However, DO
remains a steady figure but in table (1, iii and iv) this
increasing in DO values may be because some water
molecules dissociated, releasing oxygen gas into the
electrolyte, which would enhance the oxidation process
for the ECT unit's anode electrodes (Moneer et al.,
2016).

As pollutants have been minimized via application
of this ECT; it was found in other studies, an ECT unit
equipped with Fe electrodes demonstrated a high
removal efficiency of heavy metals such as Cu, with a
percentage value that may eventually reach 100%

(Moneer et al., 2016). In terms of correlation analysis,
the linear relationship between two variables is
quantified by Pearson product moment correlation
analysis (Mackiewicz and Ratajczak, 1993). The
established correlation coefficient is the strength of the
association in the same direction (positive values) or
the opposite direction (negative values), and it ranges
from negative to positive (Khambete and Christian,
2014).

When the coefficient is nearer the absolute value of
one, a strong positive or negative link is found. A weak
or nonexistent link between two variables is shown by
coefficients that are closer to zero. As shown in table 2,
plausible bivariate relationships were found by
applying Pearson product moment correlation analysis
to each pair of proposed electrocoagulation unit
parameter datasets. While correlation analysis is a
valuable technique for classifying the relationships
between two variables, its ability to evaluate the
relationships between multiple variables at once yields
restricted findings (Rastogi and Sinha, 2011).
However, PCA can be performed to study the
interrelationships between a broad collection of
variables (Lebart et al., 1979).

PCA is a useful method for reducing a large number
of initially associated variables to a small number of
uncorrelated variables. Through this dimension
reduction process, the derived components of this
dimension  reduction  procedure represent the
information of the entire dataset (Alberto et al., 2001).
As much of the variation that cannot be explained by
the former component is captured by each of the
components that are obtained. This methodology has
been effectively implemented for water and wastewater
data across multiple research domains (Lee et al.,
2006). According to PCA as well, the electrolytic
dissociation of water molecules, which may result in
tiny bubbles of oxygen gasses, could be the cause of
DO readings rising with time as explained in the
following equation:

2H,0 — 4H" + 0,(q) + 4e”

The advantages of O, gas are threefold: (a) it
improves pollutant removal via flotation mechanisms,
(b) it prevents the anaerobic (or septic) conditions of
wastewater and (c) it enhances the oxidation process.
The ORP and temperature were both on +PC1, which
may be because a higher temperature promoted
electrode dissociation, which resulted in the release of
additional +ve charges and an increase in ORP
(Rastogi and Sinha, 2011).

Furthermore, the concentration of hydrogen ions H*
in water is expressed by the pH value. Because it
regulates the kind and speed of reactions between
various pollutants in water, pH is a crucial water
quality measure. This study's rising pH average values,
particularly at 3V and 5 V, are resulted by the
electrolysis reaction's ongoing process, which alters the
electrolyte's composition and raises pH. This could be
because of the release of H*, as Equation 7 states, or it
could be because of the release of OH and H, gas,
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depending on the electrode material (Rusdianasari et
al., 2021).

Since operation time is important for the ECT
process, this study found that the optimal time was
about 40 min, which had the highest removal efficiency
for TDS at 5 V and 0.45 A. However, other studies
found that the optimal time was 30 min, and that an
additional 30 min of treatment time had negligible
improvements in the removal efficiency for the
parameters under study (Saleem et al., 2011). Recent
findings showed that increasing of voltage causes
increasing of ECT removal efficiency of NOj3
(Rusdianasari et al., 2021), which appeared in current
work at 12V that NOj3 average values decreased by
approximately 60% at the end of the experiment. Other
researches proved that increasing electrode inert
spacing may minimize ECT efficiency (Bukhari,
2008). (Saleem et al., 2011) found that efficiency of
ECT in turbidity removal increased as the electrode
inert spacing decreased from 8 cm to 5 cm, which is
proved at this study, the spacing between electrodes
was 2 cm which pushes towards high efficiency which
appeared in decreasing turbidity average values at trail
of 12V and 0.01 A.

CONCLUSIONS

In this study, principal component analysis (PCA)
was effectively applied to evaluate the interrelation-
ships among physicochemical parameters of agricul-
tural drainage water treated using electrocoagulation
technology (ECT). The analyzed parameters included
temperature, oxidation-reduction potential (ORP), pH,
dissolved oxygen (DO), electrical conductivity (EC),
total dissolved solids (TDS), salinity, nitrate (NO3),
and turbidity. PCA results demonstrated strong positive
correlations between operational conditions (DO and
time, temperature and ORP) and water quality metrics
(EC and TDS, EC and salinity, TDS and salinity),
emphasizing the interconnected nature of these
parameters in the treatment process. Conversely, strong
negative correlations were observed between time and
NO3, ORP and TDS, in addition to ORP and salinity,
highlighting the inverse relationships that influence
pollutant removal efficiency. The PCA findings
revealed an organized relationship between pollutants,
providing insights into their behavior during
electrocoagulation treatment. This study underscores
the efficacy of ECT in removing agricultural drainage
water pollutants and demonstrates PCA as a robust
analytical tool for understanding and optimizing water
treatment processes.
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