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Abstract: The leachate discharges generated in sanitary landfills contain many pollutants that are harmful to
the environment; treatments are scarce and should be carried out better. The use of coagulation-flocculation
processes has been one of the most widely used, but that; Due to the complexity of the characterization of the
leachate, the dosing strategy of coagulants and biopolymers needs to be clarified. Therefore, the present study
is carried out to determine the doses of coagulants and biopolymers suitable for coagulation-flocculation
processes in the treatment of leachates by using computational models of machine learning techniques such as
Artificial Neural Networks (ANN); these allow to decrease the operations of the tests of jars in the laboratory;
optimizing resources. Through laboratory experimentation, there are real results of the effectiveness of
applying biopolymers in leachate treatments at different concentration levels. The laboratory results were
taken as input variables for the algorithms used; after the validation and calibration process, we proceeded to
estimate predicted data with the computational model, obtaining predictions of optimal doses for treatment
with high statistical adjustment indicators. It is verified that the applied coagulation-flocculation treatments
reduce the turbidity values in the leachate and contaminants associated with suspended solids. In this way, the
jar tests are optimized so that the operational costs decrease without affecting the results of adequate dosing.

Keywords: leachate; coagulation-flocculation; machine learning; biopolymers

1. Introduction

Leachate is a liquid from the decomposition of solid waste that is generally found in landfills
where precipitation in the area has an impact, producing an infiltration that affects the soil and bodies
of water [1]; it is necessary that the leachate is purified before dumping to avoid environmental
problems and achieve a better operation of the landfill taking advantage of the use of biogas [2].
Within the characterization of landfill leachate, organic, inorganic, and heavy metal compounds can
be found; according to the age of the landfill, the leachate becomes more alkaline and present a high
concentration of dissolved solids product of inorganic compounds, anions such as chloride, nitrate
and phosphates and cations such as sodium, magnesium, calcium, and iron [3], these pollutants upon
reaching water bodies are a clear tracer of landfill leachate, for such reason processes are proposed
to eliminate them in their generation.

Leachate discharges to water bodies is a problem that has been considered for some years,
several treatment alternatives have been proposed, often using techniques for wastewater treatment
[4], such as biological processes, but these have their limitations due to the low concentration of
biodegradable compounds, the BOD5/DQO ratio as the lifetime of the landfill passes is increasingly
lower, and if to this is added the presence of toxic compounds that inhibit the treatment biological
processes do not give good results in individual, so composite processes that integrate aeration,
coagulation-flocculation and membrane treatments such as reverse osmosis have been tested [5][6].
The coagulation-flocculation process has been widely accepted because of the characteristics
possessed by the leachates and because of its relative simplicity in both application and evaluation
by measuring turbidity as a result of the process [7]. Perhaps the initial complexity of a jar test is the
biggest problem for the application of this method since the characteristics of the leachate evolve with
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the passage of time and external characteristics, which is why the jar test must be recurrent and
periodic.

Primary treatment is a chemical treatment used in leachate treatment to enhance the removal of
suspended solids, organic matter and nutrients. In the process, chemical coagulants are usually
added to primary sedimentation. This process can help reduce the loading rate of solids and organic
matter in biological treatment, treatment infrastructure requirements and total cost [8]. Efficiency in
a primary treatment facility depends on the type and dosage of coagulant, pH level, temperature and
alkalinity [9]. For these reasons, it is essential to know the age of the leachate depending on the
sampling location within the landfill and the initial characteristics before applying the treatments.
Coagulation-flocculation as a primary treatment can be effective removing COD, color, turbidity and
metals depending on the type of coagulant/flocculants and on the contaminants to remove [10]-[12]

Environmental processes are commonly represented by non-linear behavior which leads to
applying non-linear complex models, due to analytical solutions are not capable to solve them.
Mathematical models in wastewater treatments allow processes to become predictable and at the
same time these can be optimized saving money and time. Recently, studies have been conducted to
model water and wastewater treatment processes using machine learning (ML) data-driven models,
such as decision tree (DT), artificial neural network (ANN), support vector machine (SVM), and
Random Forest (RF) methods [13]-[21] This highlights the great use that can be made of these
techniques to optimize processes focused on water treatment.

Machine learning models mostly used to model wastewater treatments are ANN. ANN has been
widely used in environmental disciplines, this technique is an effective data drive tool that helps to
model different environmental processes [22,23]. ANN is trained to be capable to simulate non-linear
relations between input and output variables based on experimental data [24] to give results close to
the output target variable [25]. On the other hand, SVM is categorized as a new neural network
algorithm used for forecasting, it is applied for classification and regression problems as a nonlinear
and kernel-based modeling approach [26]. Also, SVM can simultaneously minimize estimation
residuals, minimizing the upper limit of generalization error by improving the generalizability of
traditional models [26]. Likewise, KNN is one of the easiest and simplest learning algorithms, it
works with regression and classification as supervised learning approaches, the classification process
is done using the highest vote of the k closest training points [27].

This research experimental proposes an alternative to optimize the jar test and decrease the test
application time through the use of machine learning techniques such as: Artificial Neural Networks,
Support Vector Machine and K-nearest neighbor. For this purpose, the leachate treatment process is
simulated by adding coagulant in various concentrations. To then apply statistical methods in the
validation of the models applied, with the purpose of simplifying the subsequent treatment process.

2. Materials and Methods

2.1. Study Area

The leachate sample was taken at the "Pichacay" landfill. The Pichacay Land(fill is located in the
Santa Ana parish, in the town of Pichacay, 21 km from the city of Cuenca, in the province of Azuay,
since 2001. Figure 1 shows the location of the landfill where the samples were collected.
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Figure 1. Location of the landfill where samples were obtained for treatment tests.

This landfill operates under public administration and serves seven of the 15 cantons of the
province of Azuay: El Pan, Sevilla de Oro, Guachapala, Sigsig, Chordeleg, Gualaceo and Cuenca,
burying approximately 92.7% of the total solid waste [28].

2.2. Leachate sample

The samples were collected directly in the North 2 phase, the leachate generated in the cells
reaches a pipe, which is easily accessible. About 10 gallons of leachate sample was collected to
provide sufficient quantity for multiple tests. They were then taken to the HYDROLAB water quality
laboratory at the Catholic University of Cuenca, stored at 4 -C prior to further testing and analysis.
Table 1 shows the raw leachate characterization values. The parameters analyzed indicate an alkaline
leachate, with pH values above neutral (>7). The values for COD, BOD and nutrients are not as high
as those reported by other studies such as Patel [29], in this context it is necessary to analyze the age
of the leachate, which is a fundamental parameter in the composition of the liquid.

Table 1. Characteristics of Raw Leachate Samples. .

Parameters Value
Hexane soluble compounds (mg/L) 232+£32.2
Alkalinity (mg/L) 1251 +22.1
Cadmium (mg/L) 0.012 +£20.0

Chemical oxygen demand (COD) (mg/L) 2014 + 8.8
Biological oxygen demand (BODs) (mg/L)  1300+9.3

Total Phosphorus (mg/L) 28+134
Total Nitrogen Kjedahl (mg/L) 90+13.5
Suspended solids (mg/L) 398 +5.3
Total solids (mg/L) 2388 +3.2

pH 7.1
Temperature (°C) 177+ 1.8

For the process of coagulation and flocculation of the leachate we work with hexahydrated ferric
chloride (100.3%) and as a control parameter of the efficiency we have measured the turbidity in
NTU. This coagulant was chosen because it is industrially accepted and widely applied in water and
wastewater treatment in primary treatment. Stock solutions of the coagulants were prepared and
stored at 4 °C for experimental use. The concentration of prepared stock solutions of ferric chloride
was 8.5 g/L. Application of stock solution is preferred compared to adding solid coagulant for testing
since the dissolved coagulants can mix rapidly compared to the solid coagulant [30].
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In addition to working with ferric chloride, the use of a biopolymer obtained from cassava starch
is also being tested.

2.3. Experimental setup

The objective is to perform a Jar Test that mimics the treatment conditions, obtain the best dosing
parameter, and run the machine learning turbidity as the control parameter because of its ease of
implementation in the laboratory and low cost.

The rapid mixing is carried out at 70 rpm for one minute. After the time required for the quick
mixing, the agitation speed was decreased to 30 rpm for 20 minutes. The coagulant and the
biopolymer were added to guarantee the union of the small flocs formed in the coagulation. After
this, a sedimentation test was carried out for 30 minutes.

2.4. Application of artificial neural network (ANN)

Linear and nonlinear algorithms have been used to analyze the best prediction method. Within
the linear algorithms, linear regression models (LM), generalized linear models (GLM), and
penalized linear models (GLMnet) have been tested. For the nonlinear algorithms we have worked
with support vector machines (SVM), classification and regression trees (CART), k nearest neighbors
(KNN).

The laboratory test data are organized for use and processed in the R Studio program. R Studio
is used to validate the data set to confirm the final model's accuracy; a percentage is allocated for
training data (80%) and validation data (20%). For a better evaluation of the data set, we will use the
10-fold function for cross-validation, which will allow us to evaluate the linear and non-linear
regression algorithms that will work for this case; the algorithms will be evaluated using the MAE,
RMSE, and R2 metrics.

The set of algorithms (linear and nonlinear) used details the interactions that must be fulfilled
for the ANN process so that the best process will be presented and thus replicate the neural network
to predict the estimated data. Finally, laboratory tests will be repeated to validate the predicted
results.

3. Results

3.1. Relation of water quality parameters

Turbidity, pH, and suspended solids parameters were measured in the initial tests and related
to the dosage of ferric chloride and organic polymer.

The control parameter for treatment efficiency has been turbidity, which is related to the
suspended solids in the leachate. This has made it possible to evaluate the removal efficiency
according to the dosage applied to have a basis for analysis to test the neural networks.

The initial and final turbidity measurements show non-linear changes, meaning they do not offer
a consistent behavior since the initial turbidity values were 1000 NTU, the highest value read by the
turbidity meter, and the lowest turbidity value obtained was 2.39 NTU. The removal percentages
give an idea of how effective the process was, as follows are some examples of the removal
percentages in the leachate experiment (Table 2). The equipment used for the determination is HACH
model 2100Q.

Table 2. Percent removal of solids measured as turbidity. .

Initial turbidity = Initial turbidity Percentage of removal Ferric chloride dosage

(NTU) (NTU) (%) (mL)
300 212 29,33 0,5
300 161 46,33 1

300 35,2 88,26 3
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5
300 28,4 90,53
300 5,05 98,31
300 2,96 99,01
300 571 98,09 11
300 28,4 90,53 13

According to the table above, it is evident that the lowest efficiency is achieved at the lowest
coagulant dosage (0.5 mL), the best removal percentage (99.01%) is performed with 9 mL, and then
the removal begins to decrease, indicating a non-linear relationship, if not with an adequate dosage

zone.

3.2. Relationship of the parameters with the dose of coagulant.

A matrix of correlations between the variables considered for the Jar Test trials is presented
below (Figure 2). This matrix is calculated to use the input or output variables for the ANN
subsequently.
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Figure 2. Correlation matrix of water quality variables measured in leachates with coagulant
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m

dosage.

One of the highest correlations observed is between turbidity and coagulant dosage, which is
why this parameter is used to test the neural network. All the relationships are in numerical form; for
a better analysis, they are detailed in the Table 3.

Table 3. Numerical ratio of ANN parameters.

Chloride Starch Turbidity Solids pH Dilution
Chloride 1 0,512 -0,444 0,203 -0,571 0,305
Starch 0,512 1 -0,814 -0,203 -0,55 -0,01
Turbidity -0,444 -0,814 1 0,399 0411 0,159
Solids 0,203 -0,203 0,399 1 0,259 0,433
pH -0,571 -0,550 0,411 0,259 1 0,154

Dilution 0,305 -0,017 0,159 0,433 0,154 1
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According to the table above, the parameters that in their intersection have a number closer to a
positive or negative one are the ones that have the best relationship between them, both directly
proportional (+) and indirectly (-). It can be seen that the best correlation is the turbidity with the
dosage of organic polymer (-0.814), which indicates that the higher the dosage of the polymer, the
lower the turbidity in the leachate.

The relationship between turbidity and dosage of the coagulant is relatively high compared with
the other parameters and, like the previous one, is negative (-0.444), indicating a decrease in turbidity
according to the dosage of ferric chloride.

3.3. Results related to observed data, simulated data and ANN algorithms

As mentioned in the methodology section, linear and nonlinear algorithms have been tested to
train a neural network to obtain optimal dosing of the coagulants to obtain the best turbidity
parameter, optimizing the leachate treatment jar test. Simulations have been run for each proposed
network to verify the best fit.

Table 4 presents the metrics used to validate the best-fit algorithm. Mean absolute error (MAE),
root mean square error (RMSE) and root mean square error (Rsquared) were tested.

Table 4. Metrics of adjustment to identify the best algorithm.

MAE RMSE Rsquared

LM 3.33 4.01 0.68
SVM 1.85 245 0.88
GLM 3.32 4.01 0.68

GLMNET 3.32 3.99 0.68
CART 273 3.56 0.74
KNN 244 3.26 0.79

The nonlinear CART and KNN algorithms appear to be in similar results and show slightly bad
errors, and these algorithms have the best fit to the data in their R measures.

SVM has the lowest MAE and RMSE metrics and a higher Rsquared, indicating that it is the best-
fitting algorithm, so it will be used to predict data. Figure 3 shows the observed and simulated data
using the SVM application.
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Figure 3. Analysis of simulated data by application of the SVM algorithm.
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As already indicated by the previous metrics analyzed, the best fit is for the SVM algorithm; it
can be seen in the figure above that there is also a specific zone in the dosing of the coagulants where
the fit is the best. This gives a fundamental criterion to optimize the test since it allows us to know in
which dosages the turbidity (and associated contaminants) will be the lowest.

A new experiment is proposed to validate the use of the artificial neural network, working with
dosages that gave the best adjustments, according to Figure 3. A working range from a dosage of 0.1
mL to 22 mL is presented, classified in three experiments with several proposed trials. The fields of
the experiments are 0.5 - 13 mL, 3 - 17 mL, and 8 to 22 mL. Figure 4 shows the turbidity results for
each of the ranges proposed.

200
5- 3} Turbidity depending on
- A chloride dosage {from 8 to
Z 10 \‘: 22 ml).
[ ",
Z 100 O R s Test1{NTU)
3z — —_—— Test 2 [NTU}
O
50 - | i
5 v e : :k"‘* 4 Test 3 [NTU)
- n T—— —a— Test4{NTU)
10 15 20 25
Dosage Ferric chloride (ml)
200
- b} Turbidity depending on
E chloride dosage {from 3 to
150
z L 17 ml}
Py —k\ —i = Test 1[NTU)
= 100
o \\'ﬂ\ —t— Test2{NTU)
£ Su
3 s \ N Tast 3 {NTU)
Il‘\‘\-\‘ --.-ﬁh'“m-..
o ! L= ]
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Figure 4. Tests carried out with the dosages chosen in the best fit of the artificial neural network.

In the Jar Test trials carried out about the optimum dose, multiple results were achieved about
the chloride dosage and the final turbidity. Figure 4 shows the results obtained in the experimentation
with final turbidity ranging from 5 to 3 NTU. They were being the best experiments and
demonstrated that the optimal doses varied in different milliliters for the coagulation to be effective
and obtain a good leachate quality.
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3.4. Verification of the SVM

To verify that the SVM works and predicts the estimated values, we work with different data
between the ranges already obtained in the laboratory tests. These observed data are changed to
calculate predicted values, i.e., the chloride dose is estimated as a function of the input variables.

Table 5 shows the input data to the neural network according to the ranges previously obtained.
By changing the observed data, we estimate predicted values; this means that the chloride dose is
calculated as a function of the input variables.

Table 5. Input variables for chloride dose estimation.

Test Starch dosage Turbidity Solids pH  Dilution
(mL) (NTU) (mg/L)
1 5 84.5 7475 6.61 0
2 5 177 7295 6.7 9
3 5 140 10435  6.67 9
4 5 67.5 6190 6.21 4
5 5 45 14520  6.38 2.33
6 5 475 7480 7.64 1
7 5 41.6 6045 6.64 1
8 5 5.9 5935 6.21 1
9 5 5 5630 5.86 1

The dosage of starch, turbidity, solids, pH, and dilution are the input variables taken by the
algorithm to estimate the doses of ferric chloride necessary for the treatment; with the input data, the
neural network is run again with the algorithm that obtained the best adjustment, which was SVM.
Table 6 shows the estimated chloride data for the different variables.

Table 6. Ferric chloride dose values obtained with the use of the artificial neural network.

Ferric chloride
dosage (mL)
11.52
10.50
11.32
16.67
13.29
4.26
7.53
11.18
14.16

Test

O 0 NI O O B W N -

4. Discussion

Landfill leachate has a characterization depending on the age of the leachate and the parameters
that characterize it; this is already an indicator of the type of treatment to which it can be subjected.
According to the parameters obtained in the characterization before the experiment, it can be
assumed that it is medium-aged leachate [31]. The parameters of COD, BOD, BOD/CBD ratio, pH,
and suspended solids indicate that the leachate may have an age of about 5 to 10 years, according to
what Teng [32] reports.
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Although the efficiency of the study is tested by measuring turbidity because it is a quick and
inexpensive parameter since several data are needed to validate the algorithm, this parameter
indicates a high efficiency in the leachate treatment. In the study conducted by Cheng [33], an
efficiency higher than 58% is achieved in COD removal by applying polyaluminium ferric chloride.
In the research developed by Lee [34], the efficiency in the removal of suspended solids is tested by
measuring turbidity, in that investigation, the turbidity value decreased with increasing coagulant
dosage. The turbidity value decreased steadily at 5 g/L dosage, and 10 g/L dosage approaches the
turbidity value (25 NTU). These results indicate that the optimum dosage required to precipitate the
fine soil particles is 10 g/L. In this research, the optimal ferric chloride dose was 0.1 - 22 mL with a
concentration of 40 g/L, a relatively higher value. Still, the matter can be justified when working with
leachates with high concentrations of solids.

In the study presented by Patel [30], it tests several coagulants, including ferric chloride for
leachate treatment, showing significant decreases of several pollutants such as total organic carbon
and COD.

The application of artificial intelligence techniques to optimize leachate treatment processes has
been used in recent years. Biglarijoo et al [35] introduced ferric chloride as a suitable catalyst
compared to iron sulfate using the AHP method, applied neural networks together with genetic
algorithms to introduce optimal models and conditions. Azadi et al [36] applied an artificial neural
network (ANN) to model the temporal variations of landfill leachate COD in the temporal variations
of COD of landfill leachate in the photocatalytic treatment process. Different ANN structures were
developed, trained, validated, and tested using data from 150 experiments. The optimal ANN
structure was determined based on three performance measures MAPE, NRMSE, and R.

Some authors have applied coagulation-flocculation as a primary treatment and used Machine
Learning (ML) algorithms to estimate some efficiencies of the treatment. Beshrati [16], used Alyssum
mucilage and Polyaluminium chloride as coagulants on oily-saline wastewater and applied ANN
and Adaptive Neuro Fuzzy Inference System (ANFIS), to predict COD removal efficiency based on
input parameters (pH, coagulant dose and contact time), obtaining high accuracy in both models for
predicting COD removal. Adaobi [17] used Picralima Nitida Extract (PNE) on landfill leachate and
applied Response Surface Methodology (RMS) and ANN using coagulation-flocculation variables
like pH, PNE dosage, and time as inputs to estimate the COD reduction process, obtaining superior
accuracy on ANN. Also, Igwegbe et al [17] used Luffa cylindrical as a biocoagulant in the coagulation-
flocculation process to treat dye-polluted wastewater and applied RSM and ANN to predict color,
total suspended particles, and COD removal based on bio coagulant-dosage, pH and stirring time as
input variables in the model, obtaining better results in ANN. The mentioned authors had better
results with ANN models, however in our case, SVM gave better results.

Some authors have also predicted turbidity removal efficiencies by applying Machine Learning.
Kusuma [18] tested coagulation-flocculation on synthetic turbid wastewater and predicted turbidity
removal efficiency by applying RSM and ANN with input variables like initial turbidity, coagulant
dosage, mixing time, and mixing speed, showing that ANN performed better than RSM. Whereas,
Adeogun [20] also used RSM and ANN to predict COD, total dissolved solids, turbidity, and energy
consumption based on input variables like pH, time, and current density obtaining better results for
ANN. Likewise, Ezemagu [19], applied RSM and ANN to predict turbidity removal efficiency using
dosage time and temperature as input variables. The authors mentioned above showed good
efficiency in ANN models to predict turbidity removal efficiency however in our case the best model
was SVM.

5. Conclusions

Suspended solids in the leachate were successfully removed using a combination of organic and
inorganic coagulants. Through the present work, it was proved that by mixing cassava starch
(coadjutant agent) and ferric chloride (coagulating agent), a great potential effect in coagulation-
flocculation was achieved, which greatly helps in the treatment of leachates to clarify the liquid in
question with the removal of almost 98.31% and thus also reduce its pollutant load.

doi:10.20944/preprints202306.2185.v1
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The effectiveness of the ML will depend a lot on the definition of the input variables that directly
influence the prediction of the data, also on the quantity and quality of data that are available for the
training and validation set for the respective dose prediction, and on the algorithms to be executed,
since these will determine that the results are presented with the lowest error metrics and are more
accurately predicted results.
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