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Abstract

Internal concentration polarization (ICP) is currently a major bottleneck in the forward
osmosis process. Proper modelling of the internal concentration polarisation is therefore vital
for improving the process performance and efficiency. This study assessed the feasibility of
several machine learning methods for internal concentration polarisation prediction,
including artificial neural networks, extreme gradient boosting (XGBoost), Categorical
boosting (CatBoost), Random forest, and linear regression. Among the many algorithms
evaluated, the CatBoost regression outperformed other methods in terms of coefficient of
determination (R?) and the mean square error. The CatBoost algorithm's prediction power
was then evaluated using non-training (user-provided) data and compared to solution
diffusion models. The results indicated that the machine learning algorithms could predict ICP
in the process with high accuracy for the provided dataset and excellent generalizability for
future testing data. Furthermore, machine learning algorithms may offer insights into the

input features that majorly affect ICP modelling in the forward osmosis process.

Keywords: Forward osmosis (FO), internal concentration polarization (ICP), machine learning

modelling, artificial neural network, and wastewater treatment

1. Introduction

Forward osmosis (FO) membrane-based desalination has attracted tremendous attention due
to its numerous advantages over pressure-driven membrane processes, particularly for
treating complex wastewaters [1, 2]. The FO process advantages include low membrane
fouling and a high-water recovery rate [3, 4]. However, the process being driven by osmosis
or concentration differences between the feed and the draw solutions, is hindered by the

problem of concentration polarization (CP) [5-7]. In the FO process, two types of CP co-occur,
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viz. external concentration polarization (ECP) and internal concentration polarization (ICP) [5].
The ECP has been reported in all membrane processes, whereas the ICP is unique to the
forward osmosis process. Both ICP and ECP lead to a decrease in the concentration at the
boundary layer near the membrane surface compared to the actual concentration in the bulk
solutions, leading to a decrease in the net osmotic driving force in the FO process [5].
However, ECP is not a severe issue compared to ICP in the FO process since ECP can be

mitigated by varying hydrodynamic conditions.

Earlier studies on the FO process revealed that ICP accounts for about 80% of flux reduction
in the FO process [7-9]. Since CP is such a significant issue in the forward osmosis process,
modelling water flux behaviour in the presence of the CP is of utmost importance to
understand the process performance and possible optimisation. Several models for CP
measurements and predictions have been reported in the literature [10-15]. The first FO
water flux model incorporating concentration polarization was proposed by Lee et al. [16].
The model has been revised and witnessed a lot of improvements by several researchers over
time. This model was later updated by McCutcheon and Elimelech [10] by considering
external and internal CPs on both sides of the FO membrane. This model was widely used in
the FO literature; however, the impact of reverse salt flux ( RSF) from the draw solution to the
feed solution, osmotic swelling of the FO membrane, as well as the mass transfer resistance
provided by the support layer was neglected. Yip et al. [13] presented an updated model for
FO transport in the presence of external and internal CPs along with the impact of the RSF.
Details equation of these models is presented in the methodology section. Several other
models are also presented in the literature, such as Bui et al. [15] model, resistance in the

series model by Nagy [14], empirical model by [17] and several new models based on CFD
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(computational fluid dynamics)[18], and two dimensional-FEM (finite element analysis)

models [19-21].

Each model given in the literature has limitations and was developed based on certain
assumptions or ideal circumstances. The measurement, prediction and estimation of
concentration polarization, water flux and RSF are based on iterative procedures in these
models. Furthermore, these models are based on exacting methodologies, are
mathematically sophisticated and are time-consuming. Despite these drawbacks, these
models are still widely employed in FO studies; however, there is a lack of universality since
each model is limited to a certain range of parameters. For instance, if the draw solution is
changed from NaCl (sodium chloride) to a mixture (e.g. NaCl + MgSOa4 (magnesium sulphate)
+ MgCl; (magnesium chloride)), most FO flux models would be inaccurate because the
diffusion coefficient for the mixture would have to be determined separately through a
lengthy series of exhaustive experiments. Recently, there has been a surge in ML modelling
due to their high precision and accuracy [22-24], and ML algorithms have recently been used
for FO's performance in several studies [23, 25]. ML is the study and interpretation of patterns
and structures in data to automate learning, reasoning, and prediction [23]. Further, ML
enables users to feed massive amounts of data to a computer algorithm, then analyses and
makes data-driven recommendations and predictions based entirely on the input data.
Moreover, unlike solution diffusion models, ML models can model complex and non-linear

systems with high accuracy [26, 27].

Very few studies have investigated ML techniques to model forward osmosis performance.
For instance, Jawad et al. [23] employed artificial neural networks to predict forward osmosis

permeate flux. K et al. [28] employed artificial neural networks and ANFIS (Adaptive-Neuro
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Fuzzy Inference System) to model forward osmosis treatment of textile wastewater.
Hosseinzadeh et al. [29] employed ANN and the ANFIS to model water flux in an osmotic
membrane bioreactor. The prediction of all of these studies is limited to water flux prediction,
which otherwise can also be predicted accurately using solution diffusion or empirical models.
Fundamentally, the problem is with the prediction of internal concentration polarisation,
where solution diffusion models or empirical models have limitations. As a result, the use of

ML techniques can be a viable tool to predict the ICP in the forward osmosis process.

This research aims to assess and compare various ML models for ICP prediction and compare
the prediction to solution diffusion (SD) models. ML predictions can be superior to SD models
since ML algorithms can learn from the input data, find hidden patterns and predict the
output with high precision and accuracy. On the other hand, using solution diffusion-based
models, for example, if (NH4)HCO3 (ammonium bicarbonate) or Ca(NO3)2 (calcium nitrate)
is used as a draw solution, the diffusion coefficient of these compounds is not accessible in
the literature, and the solution diffusion model would fail to estimate the severity of the ICP.
Furthermore, when draw solutions mixture is employed, calculating the diffusion coefficient
becomes difficult. As a result, we propose and analyse several ML models for ICP prediction
based on various inputs and FO process parameters for the first time. By applying different
ML algorithms to the dataset, two critical questions will be addressed; which ML algorithm is
the most effective for the prediction of ICP modulus, and what is the potential of ML models,
in general, to give insights into the most important features that impact ICP on the FO process.

For assessing the modulus of ICP, the findings are compared to the SD model.

2. Theory and methods
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2.1. Study design

Initial data were collected from published papers that reported values for K (solute resistance
to diffusion), "S," predicted water flux using SD models, and experimental water flux. The rest
of the data for input parameters were gathered from the experimental design and results of
each study after the published studies were chosen (Appendix Figure A.3 and A.4, heatmaps)
[5, 8, 11-15, 17, 30-33]. ML modelling was done in Python using Google Collaboratory or
Google Collab on the Google research platform, a free Jupyter notebook in the Google cloud.
Modelling was done following each ML algorithm-specific methodology without major

feature engineering.

2.2. Data collection and pre-processing

The data collected for the ML models included a total of 438 instances and 19 features,
including output features for CICP (concentrative internal concentration polarization) and
DICP (dilutive internal concentration polarization) [10, 17, 34-36]. The total number of data
points for DICP were 351 instances and 19 features (Heatmap is shown in Figure A.3, Appendix
A. On the other hand, the total number of data points of CICP was 84 instances and 19
features (Heatmap shown in Figure A.4, Appendix A). To the best of our knowledge, no study
recommends a minimum quantity of data for the ANN and other ML algorithms to perform
well; however, some studies have reported good performance even with datasets ranging
from 20-80 data points [37, 38]. The data from images were extracted using an online
software known as “WebPlotDigitizer 4.5”. The data included all the input parameters that
impact internal concentration polarization in the FO process, except reverse salt flux (RSF)
since RSF data was scarce in the published studies. The forward osmosis system used
throughout all the studies was operated in the FO mode, also termed the AL-FS mode, and

the PRO mode, also known as the AL-DS mode (Table 1). The crossflow velocities ranged from

6
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0.0192 m.sec! to a maximum of 1.22 m.secl. Recent studies have revealed that flow
arrangement impacts the ICP [15]; thus, it was also considered an input parameter. Most of
the data were collected using commercial CTA, TFC and NaNoH,0 membranes provided by
different suppliers of FO membranes. All of the studies' pure water permeability A value, salt
rejection R-value, and salt permeability B value were collected. Later, rejection rate data were
not considered in the input since most studies reported a similar rejection for the FO
membrane. The osmotic pressure data calculated by OLI software was taken directly from the
studies or calculated by Van’t Hoff equation when it was not directly available. The data was

normalized in Python by utilising the data's minimum and maximum values.

Xse = = min (1)

Xmax—Xmin

Table 1: Input and output parameters for the collected data

Input/output Mean Maximum value Minimum value Standard deviation
Parameters
Flow arrangement  N/A N/A N/A N/A

(Cocurrent or
counter current)

Membrane N/A N/A N/A N/A
orientation

AL-FS

Membrane N/A N/A N/A N/A
orientation

AL-DS

FS cross-flow 0.21 122.22 0.56 26.64
velocity (CFV)

DS CFV 0.21 122.22 1.92 26.26
FS molarity 0.13 0.21
FS Osmotic 6.59 52.02 0 10.76
Pressure

DS molarity 1.36 M 9 0.04 1.03




140
141
142

143

144

145

146

147

148

DS osmotic 71.98 1.96 483.14 54.71
pressure

FS type N/A N/A N/A N/A

DS type N/A N/A N/A N/A

FS temperature 300.98 K 323 273 6.61

DS temperature 300.98 K 323 273 6.23

DS Molecular 67.47¢g 119.02 47.60 12.02
weight

Osmotic pressure 71.98 atm 0 472 52.54
difference

Membrane pure 3.01E-07 7.12E-07 1.1E-07 1.24E-07
water permeability m/sec.atm

(A) value

Membrane salt 6.24E-07 m/s 9.8E-08 5E-08 4,18E-07
permeability (B)

value

Water flux 3.92E-06 m/s 2.1E-05 2.7E-10 3.41E-06
DICP (output) 0.38 1 0 0.33
CICP (output) 5.72 1 147.10 19.26
Mass transfer 2.81E-05 6.3E-05 1.7E-05 1.93E-05
coefficient (k)

Solute resistance 2.6E05 3.5E05 2.5E05 3.1E05

to diffusion (K)

*RSF data was not available for most studies in the literature and CP models, therefore was excluded.

Data for solution diffusion and empirical model

The ICP modulus calculation requires the value solute resistance to diffusion. The k value
(mass transfer coefficient of the FO channel) and K (solute resistance to diffusion) must be
calculated for the SD model. This was either taken directly from the studies where it was
available or calculated accordingly to the two models of [10] and [13]. According to [10],
water flux in the FO process operating in the PRO mode (active membrane layer faces the
draw solution) is given by Equation (2). For the FO membrane operating in the FO mode

(active membrane layer faces the feed solution), water flux is presented by Equation (3).
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Where J,, is the experimental flux, mp,and Tz, are the bulk feed concentration of draw and
feed solution, respectively, k is the convective mass transfer coefficient, and K is the salt
resistivity. Unfortunately, the proposed model neglects the effects of salt transport and the
external mass transfer resistance on the support layer [14]. Yip et al. [13] presented a
modified mathematical model in Equations (4) and (5) for the FO and the PRO orientation,

respectively.

FO _ Tpb exp(_]wK)_”Fbexp(]Tw) ()
wo 1+%{exp(]Tw)—exp—(]WK)}
PRO __ Db exp(_]%)_”F,b exp(JwK) (5)
w N 1+%{exp(]wk)—exp(—]%)}

The mass transfer resistance at the porous support layer, on the other hand, was not
considered in equations (4) and (5), but it's by far the most widely used model for the
calculation of K value. The experimental flux was taken as reported directly from the studies.
The modelling studies considered the initial water flux (30 minutes), and constant draw
solution concentration is maintained, or the dilution of draw solution is ignored and not

considered.

2.3. Design settings and performance evaluation metrics

Two different models were designed and evaluated for DICP and CICP, respectively (Table 2).
The former CP occurs in the AL-FS mode and the latter CP in the AL-DS mode, and both do not
occur simultaneously in the FO process, so one was made redundant when modelling for the
other parameter. The efficacy of the constructed ML models can be determined using the

correlation coefficient (R?), which is defined as:
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Where P; denotes the predicted output of the ML model, ¥, denotes the mean of the sample
data, and y; represent the actual output. In general, R-square values range from 0 to 1, with
a higher R-squared value indicating a better model. The MSE (mean square error) for each

model was calculated using equation (7).
1
MSE = —¥(y; — P;)? (7)

The MSE indicates how close the regression model line (or fit) is to the data. The MSE of the
training data in supervised ML shows how good is the model in detecting the anomaly in the
dataset. However, it is the MSE of the test data, which indicates the performance of the ML
model. In this study, the MSE for the test data was considered the performance indicator of
the predictive power of the ML models. In general, the higher the R? value and lower the MSE,
the better the model's predictive power. The different models were built and run on the
Google Colaboratory platform using Python (Python 3.9) using the built-in libraries. Python
offers numerous advantages over MATLAB for ML as Python is free, open-source and has
various inbuilt libraries for ML such as NumPy, Matplotlib, Keras and Pandas. Further, the
back-end libraries in Python, such as TensorFlow, chose the best and efficient way to define
and train an ML model with a few lines of code. The model's input data comprised the FO's
independent variables, and the output layer consisted of either CICP or DICP based on the

membrane orientation.

Table 2: Different ML approaches used in this study

Model Name Output Validation method Python Library

ANN CICP/DICP R square/MSE TensorFlow

10
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Extreme Gradient CICP/DICP R square/MSE XGBoost
boosting (XGBoost)

CatBoostRegressor CICP/DICP R square/MSE CatBoost
RandomForestRegressor CICP/DICP R square/MSE Sklearn.ensemble
Linear regression CICP/DICP R square/MSE Scikit-Learn

2.4. Artificial neural network

This study designed a neural network in Python, using the Keras (A Python library for neural
networks). After loading the dataset, the model was one-hot encoded to create dummies
from all the categorical variables such as flow arrangement (countercurrent or co-current
flow), membrane orientation (AL-FS or AL-DS), types of FS and DS. This method of encoding
was chosen as there was no direct relationship between the categorical input variables.
Customized models were trained for both datasets of DICP and CICP. In the datasets, various
categories of input variables were processed into dense layers after the sequential model was

implemented.
2.5. Gradient Boosting Models Theory

Three gradient tree boosting models were employed in this study, known as extreme gradient
boosting or XGBoost, Categorical boosting or CatBoost and RandomForest. The most common
functions (predictive learners) used in the Gradient Boosting framework are Decision Trees
[39]. Let’s say we have a set of input variables x = {xl, X X3 eeevee e e xp}. The Decision Trees
are built in a greedy manner, with the best split points chosen based on purity scores such as
Gini or to minimise the loss. In this model, we have all the parameters which have an impact

on ICP as input variables. Our output variable y is either CICP or DICP. In Gradient Boosting

11
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models, a single terminal tree is used to create an initial basis function F, (x) given by

equation (9) [40, 41].

Fo (x) = argming Y7, L(yi, B) (9)

In equation (6) L(y;, B) represents the loss function, 8 represents the set of split points for
the tree’s internal nodes, and n represents the number of input and output variables. Using
some samples from a training dataset, the goal is to find the values of § that minimize the
loss function to the minimum. Detailed methodology and equation derivation can be found

in [40].

3. Results and Discussions

In the FO mode or the AL-FS orientation, the DS is diluted inside the support layer leading to
DICP output for the ML model. On the other hand, when the membrane orientation is the AL-
DS mode, the model's output is the CICP. The modulus of ICP is always less than 1, whereas
the modulus of CICP is always greater than 1. The “K” value reported for SD models is usually

higher in the AL-DS mode than the AL-FS mode.

3.1. Prediction of DICP and CICP using ANN

A neural network using a deep learning approach was designed in Python to predict DICP and
CICP, respectively. Since there is no linear relationship between the input and output
parameters, to create an efficient neural network, we must carefully choose the appropriate
or the optimum number of layers, the learning rate of the algorithm, and the number of
training epochs. For instance, if the hidden layer contains insufficient neurons, the ANN will
not reflect nonlinearity in the training data and lead to inaccurate predictions. Initially, setting

the hidden layers to one, the optimal number of hidden layers was determined through trial

12
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and error. An initial neural network was designed by considering all the input parameters
listed in Table 1 without hyperparameter optimisation. The designed neural network had an
input layer, three hidden layers, and an output layer (for CICP or DICP, depending on the
membrane orientation). The neural network exhibited good predictive power for the CICP;
however, it was found that this neural network was prone to overfitting and didn’t exhibit
good predictive power for the DICP dataset (Fig.A.1 for DICP and Fig.A.2 for CICP (Appendix

A.1)).

Further optimisation was performed by selecting appropriate inputs to the ANN model based
on the correlation matrix indicated in Fig. A.3 and Fig.A.4 for the DICP (blue) and CICP (pink),
respectively (Appendix A.1). It was found from the heatmap that several parameters have
correlated to each other with a correlation factor of 1, such as the correlation of FS CFV with
DS CFV and FS molarity with FS osmotic pressure. It meant one of those should not be
considered as input and should be removed from the input dataset, which may increase the
ANN model performance. As a result, FS CFV and FS molarity were removed from the main
dataset. In general, DS CFV has more impact on the ICP than FS CFV, and FS osmotic pressure
is generally considered in all ICP equations rather than molarity. The hyperparameters tuning
of the ANN model was further performed through Grid search (GridSearchCV in Python),
leading to selecting the best parameters for the model performance. Additionally, batch
normalisation was added after the activation functions for the normalisation of the output of
each layer. The resulting optimised neural network had an input layer, eight hidden layers,
and an output layer (for CICP or DICP, depending on the membrane orientation). It should be
noted that the optimal number of hidden layers was determined through trial and error.
Using Python Scikit learn, 80 % of the input data was used as the training set for the neural

network, 10% was used to validate the data, and the rest of the 10 % was utilized for testing
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269

the ANN for the prediction of DICP and CICP. The ANN was implemented using the TensorFlow
Sequential API, and the Relu (rectified linear activation function) and LeakyRelu activated
function was chosen for the DICP and the CICP models. The categorical data include
membrane orientation (AL-FS or AL-DS), flow arrangement (countercurrent or cocurrent), FS
types such as NaCl, DI water, KCI, DS types and membranes in the dataset was transformed
into numerical values using Python “LabelEncoder”. To reduce the learning rate and avoid
overfitting of the model, “early stopping” was implemented. After some trial and error with
the number of epochs based on the validation R square and mean square error, the neural

network with the best possible results was chosen and presented here in this study (Fig.1).
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Figure 1: ANN network for prediction of DICP and CICP

For each phase of the simulation, the R? value was calculated for the training, validation,
testing, and all data. For the DICP model, The R? values for training and test data are 0.90 and
0.88, respectively (Fig 2a and 2c). The testing data R? (0.82) shows a good performance of the

optimised ANN compared to the initial one (reported in Appendix A.1).
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Figure 2: Predictive power of the ANN using R? square metric for the prediction of DICP, a)

For training data, b) For validating the data, c) for testing the data, d) for all data.

Since the R? value for the testing set is rational, the neural network shows good
generalization overall for the prediction of DICP using the given dataset (Fig 2c). The MSE
for the testing data was calculated to be 0.075, which shows the model good performance for
the DICP prediction for the testing data. The MSE of the training data for the DICP model was

0.0029. Thus, the test MSE reveals that the model has good generalisation ability and can

predict output variables of the test data with good accuracy.

Compared to the DICP, the neural network for CICP gave a high R? value for the training,
validation and testing data (Fig. 3a, 3b, 3c). Overall, the R? value for all the data was quite

high (0.99), as presented in Fig. 3d. The R?value for the training data was almost closer to 1;
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on the other hand, the R?value of the testing data (0.9730) was higher than that of the DICP

prediction for the neural network. The MSE for the CICP test data was evaluated to be 5.07.
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Figure 3: Predictive power of the ANN using R square metric for the prediction of CICP, a) For

training data, b) For validating the data, c) for testing the data, d) for all data.

On the other hand, the MSE of the training data for the CICP model was 2.74. The higher MSE
for the CICP may be due to the smaller data points for the CICP dataset than the DICP. Since
CICP is more prevalent in the PRO mode [42], ANN can be a viable tool to predict the CICP in
the FO process with great accuracy In the PRO mode. Further optimisation can improve the
accuracy of the ANN by minimising the number of inputs further to the neural network.
However, further optimisation was not performed in this study. Although ANN can be a

powerful tool and can predict CICP with high accuracy, it should be noted that the ANN
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network consists of ten thousand neurons with hidden relationships between the input and
output functions. With such modelling, users can get no insights into which feature of the
data has a high or low impact on shaping the neural network's output. Further, a major issue
in the ANN is the overfitting of the model [43]. Overfitting occurs when the model's training
data shows good performance but has poor predictive power for the test data, especially for
larger datasets. It should also be emphasised that the modulus of the ICP in the FO process
does not give much information alone unless we know what input parameters to the FO
process affect its severity. Therefore, it is important to evaluate other advanced models to

better predict the ICP in the FO mode and the CICP in the PRO mode.

3.2. Prediction of DICP and CICP using Gradient tree Boosting models

Different tree-based models were also evaluated in this study for the prediction of DICP and
CICP data. In tree-based machine learning models, the residuals are utilised to correct the
previous prediction at each iteration of gradient boosting, allowing the stated loss function
to be optimised [44]. Three different tree-based models, XGBoost, CatBoost and Random
Forest, were evaluated to predict DICP and CICP modulus, respectively. The initial model was
implemented using Extreme Gradient boosting, also known as XGBoost, to predict DICP and
CICP and compared to the optimised ANN. The same dataset was used for the tree models
like the one used for optimised ANN (removing FS CFV and FS molarity). XGBoost is an
ensemble learning algorithm that uses boosted trees, and by weighting, the learning rate aids
in shrinking the boosting process, making fitting more conservative [45]. The main advantage
of using this algorithm is that XGBoost can provide insights into the importance of various
inputs that impact the ICP in the FO process. The XGBoost algorithm also offers several other
advantages in ML, such as cross-validation, high flexibility and speed of operation compared

to the neural network approach. For XGBoost, 80 % of the data was used for training, and the
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remaining 10 % was used for validation and testing (10% for validation, 10 % for testing). The
models were trained on the training set and the parameters were adjusted based on their
performance on the validation set. The predictive power was evaluated based on the metrics
of validation and test data R? and MSE. The results from the XGBoost simulation
demonstrated that the model using this dataset is rational for predicting DICP with an R? value
of 0.94 for the training data, 0.92 for the validation data and 0.81 for the test data (Fig.4a).
The MSE for DICP prediction on the test data was 0.076, confirming the model's efficient
predictive power for the DICP data. On the other hand, the R? value for the prediction of CICP
was 0.92 for the validation data and 0.88 for the test data (Fig.4b). For the prediction of the
DICP data, the XGBoost shows almost similar predictive power as the ANN in terms of R and
MSE; however, the test data R? for this model for the CICP model was lower than the neural
network modelling for the CICP, and hence it was not optimised any further. It should be
noted that XGBoost performs better than ANN generally in terms of computational time.
Furthermore, XGBoost requires less coding and hyperparameter tuning compared to the ANN

program implemented in this study.

A slightly different approach to XGBoost is the categorical boosting, also known as the
CatBoost algorithm, which was evaluated to predict DICP and CICP in this study. The main
advantage of Categorical boosting or CatBoost over other models is that it can learn from its
mistakes during the learning phase of the simulation. Furthermore, it is easy to implement,
has good stability, has less computational requirements and workload [46], and can
sometimes outperform XGBoost in terms of accuracy. Furthermore, we do not have to pre-
process any categorical variables such as membrane orientation, types of draw and feed
solutions, flow arrangement and membrane types. The basic idea behind boosting is to

combine numerous weak models sequentially and create a strong competitive predictive
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model via greedy search. Unlike other models, this ML method does not require large data to
learn from and perform efficiently, even with a smaller dataset. Similar to the XGBoost
simulation, the data was split into 80 % training data, and the remaining 10 % was used to
validate and test the model on a dataset not seen by the model. It should be noted that the
model simulated here was done using minimal feature engineering. Fig. 4c and Fig.4d show
the model performance for DICP and CICP, respectively. For both the CICP and DICP, the
learning rates of the models were set to default. For CICP, the learning rate obtained from the
program was 0.17065, whereas for the DICP model, the learning rate was 0.2142. The best
performance was obtained for DICP predictions with an R% value of 0.99 for the training data,
0.95 for validation data, and 0.92 for the test data. The MSE for the DICP model was 0.049,
which shows the model superiority over the Xgboost algorithm and the ANN. The R? value of
CICP was also superior to both ANN and XGBoost (R?>=0.99 for training data and 0.99 for the
test data). It should be noted that the R? can be boosted further by doing some feature
engineering, later discussed in the next section. For both the DICP prediction and CICP, the

CatBoost provides the highest R2and lower MSE compared to the ANN and Xgboost.

To overcome the limitations of boosting ML algorithms for the prediction of ICP, the study
checked the validity of the Random Forest regressor, which uses multiple decision trees (that
is why called forest) and can perform both regression and classification tasks using a
technique known as bagging. Instead of relying on individual decision trees, the basic idea of
Random Forest ML is to combine multiple decision trees to determine the final output, in this
case, CICP or DICP. Random Forests, in general, produce better results, perform well on large
amounts of data, and work with missing data by generating estimates for it. Further, it avoids
the overfitting of the model since overfitting is one of the most serious problems in machine

learning. Still, it is rarely a problem with the random forest method. If the forest contains a
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sufficient number of trees, the classifier will avoid overfitting the model. The RandomForest
regressor was used in Python for fitting the Random Forest regression to the forward osmosis
data. The “. fit ()” function fits the training input and output data to the RandomForest
regressor. The hyperparameter of the model (n_estimators) was set to 100. This is simply the
number of trees the algorithm constructs prior to performing maximum voting or calculating
prediction averages. In general, increasing the number of trees improves performance and
increases the stability of the predictions. Fig. 4e and 4f show the R? value for the DICP and
CICP for the Random Forest Regressor with 0.81 R? for the DICP test data and 0.93 for the
CICP test data. The MSE for the DICP and CICP calculated on the test data for this model was
0.076 and 12.16, respectively. Overall, the Random Forest regression provides an acceptable
R? and MSE score for CICP and DICP; however, the DICP R? score obtained is less than the
CatBoost model. On the other hand, the MSE for the DICP of this model is also slightly higher
than the CatBoost. While the model simulation performance was almost comparable with the
Xgboost and ANN, it should be noted that if there are many trees in a random forest model,
the model's predictive power can become very slow and inefficient, hindering the model
application in the real world. For this reason, the model was not further optimised. Table 3

lists the tree-based algorithm training data R?, testing data R? and MSE of the testing data.
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Figure 4: Predictive power of the different gradient tree models using R? square metric for
validation data a) XGBoost for validating the data of DICP, b) XGBoost for validating the data
of CICP, c) CatBoost for validating the data of DICP, d) CatBoost for validating the data of CICP,
e) Random Forest for validating the data of DICP, f) Random Forest for validating the data of

CICP.
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Table 3: Tree-based algorithms R? for training, validation and testing data and MSE for testing
data

Training Data R? Testing Data R? MSE
(Test Data)

XGBoost DICP 0.94 0.81 0.0771
XGBoost CICP 0.99 0.88 13.32
CatBoost DICP 0.99 0.92 0.049
CatBoost CICP 0.99 0.99 3.61
Random Forest DICP 0.96 0.81 0.076
Random Forest CICP 0.98 0.90 12.16

3.3. Feature importance Scores for the Catboost model

Tree-based algorithms such as Xgboost, CatBoost and Random Forest can provide further
insights about the importance of the input parameters or the input features using a metric
called “Feature Importance” or Fl score. Since there are many complex relationships between
the input parameters to the FO process and the ICP, the importance of various input
parameters should be considered when building a model for ICP. This will allow us to improve
the model further for accurate predictions and only consider important input parameters.
Feature importance was evaluated for the best performing model, CatBoost. Fig. 5a and Fig.
5b present the Fl for the training data of CatBoost for DICP and CICP, respectively. For DICP,
it can be observed that the highest score is for the osmotic pressure difference (Fl score of
17.64) followed by the DS osmotic pressure ( Fl score of 14.55). The result implies that the
osmotic pressure difference and DS osmotic pressure values have a significant impact on the
model, whereas the features with the lowest Fl score values have a small impact on the
modelling performance, such as DS molecular weight and membrane type. Generally, the

highest the osmotic pressure difference between the FS and the DS, the higher the dilution
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and thus the higher the DICP value. On the other hand, the higher the DS osmotic pressure,
the higher the permeation drag of the DS enabling more water transport across the FO
membrane, and therefore, more dilution of the DS, leading to higher values of the DICP. DS
CFV and experimental flux have also a significant impact on the DICP. For instance, higher DS
CFV will result in increased flux in the forward osmosis process, and thus reducing the impacts
of DICP. Recent studies have also confirmed that increasing CFV will result in minimizing the
impacts of DICP as well as CICP [15]. For CICP (Fig.5b), the highest score is for the osmotic
pressure of the FS and is significantly higher than all the other features. Generally, when the
FS is DI water (FS osmotic pressure=0), a higher water flux is obtained in the PRO mode, as
there is no CICP on the FS of the membrane. On the other hand, when the FS in the PRO mode
is FS with high osmotic pressure, such as wastewater, the flux in the PRO mode is less than
the FO mode due to the severity of the CICP. The lowest Fl score for the CICP CatBoost was
obtained for the DS type and the DS molecular weight. The lowest Fl score for the CICP
CatBoost model were obtained for the DS type and the DS molecular weight. As CICP occurs
on the FS of the FO membrane, the DS type and the DS molecular weight may have a negligible
effect on the CICP. DS weight and the type of DS shows to have no significant impact on the
modelling of the CICP process, and hence, these can be ignored when modelling for the CICP
process in the PRO mode. This will allow for more accurate predictions of CICP in the FO

process in the PRO mode.
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432  score of the CatBoost model for CICP.
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These can be made redundant when modelling the effects of CICP on the FO process. As CICP
occurs on the FS of the FO membrane, the DS type and the DS molecular weight may have a

negligible effect on the CICP.

The CatBoost Fl score optimises the model by including the highest scores and neglecting
those with the lowest scores. This enables the ML algorithm to predict the output more
accurately. Features that are unimportant or relevant to the mode introduce noise in the
modelling process, decreasing accuracy [47]. Since ML-based predictive models do not
perform well when exposed to noisy data, particularly in the training phase. Furthermore, the
model built on noisy data tends not to generalise well to data outside the training set, possibly
leading to over-fitting the model. It is interesting to see that the feature importance of the
CatBoost model for the test data is similar to the one obtained for the training data. Fig. A.4
and Fig.A.5 (Appendix A.1) present the feature importance for DICP and CICP, respectively,
for the CatBoost model, respectively. The feature importance is an important metric in the
CatBoost model, and it tells us how much the prediction in CICP or DICP would change if any
of the feature’s change. Even though we use all of the features of the given dataset based on
self-collected user data, not all of them contribute equally to the prediction of the CICP and
the DICP. Modelling the most important features of the predictive model can lead us to a high
R? value and lower MSE for the CatBoost algorithm. The model for the DICP or CICP can be
further optimised by cleaning the data and removing the features with a very low score, such

as type of membrane and DS molecular weight.

3.4. Prediction of additional test samples for CatBoost
Fig.6a and Fig.6b present additional test samples tested on the CatBoost model for DICP and

optimised CatBoost model for CICP. The model shows very good agreement with the actual
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values. It should be noted here that the test data here was outside of the training dataset (not

used for training data or unseen data), so overall; the model exhibits very good generalisation.
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Figure 6: The predictive power of the CatBoost model using R? square metric a) For validating

the data of DICP, b) For validating the data of CICP.

3.5. Linear Regression

Linear regression was also evaluated in Python to test the prediction of the ICP. The R? value
for the DICP model for linear regression was 0.48, and the lowest R? value amongst all the
models of 0.27 was for the CICP prediction (Fig.7a and Fig.7b). This implies that the predictive
power of linear regression is very bad for the CICP prediction and is lower than CatBoost for
ICP predictions. This could be due to the linear regression model's inability to predict the ICP
with different inputs with no linear relationships. As a result, the R? is low, resulting in

inaccurate results.

26



469

470

471

472

473

474

475

476

477

478

479

480

(=]
=
(=]
=

L] V‘alic!ate Lingar DICP Data m  Validate Linear CICP Data
0.6 Fit Linear L 70 4 =Fit Linear
Linear: R2=0.6184 Linear: R2 = 0.2766
60 <
E 0.5 [ !6
-y m =
E ol u " L] LI g 50
S s i L] ;- = [ ] )}
- L I L 40 4
=4 [ ]
203 Rl e S e
-] oW .. n 5 30+
2 £F < ST g
5 0.2+ 1 - S
=] “ll.. © 20+
0.1 g
. . ™ f 10 <
00{ %= " (a) 04
0.0 01 02 03 04 05 06 0.7 0 10 20 30 40
Target for Linear Target for Linear

Figure 7: Predictive power of the linear regression model using R? square metric, a) For

validating the data of DICP, b) For validating the data of CICP

3.6.  Summary of Comparison for ML models

Amongst all the models, the best performance was obtained by CatBoost, followed by ANN.
Fig.8a and 8b show the comparison of the MSE and R? value for each model except linear
regression, which was excluded since the performance was very poor. It should be
emphasised that ANN requires data normalisation compared to CatBoost, which can handle
categorical values such as membrane orientation, DS type, FS type, flow direction and type of
membrane used in the FO study. CatBoost also has the additional ability to handle missing
values or information in the data by using estimates. Finally, in terms of execution and design,

CatBoost is much efficient and requires less computational and processing time.
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Figure 8: Comparison of mean square error (MSE) and R? value for different models for CICP
and DICP, a) MSE for CICP and DICP, b) R% value comparison for different models for CICP and

DICP.

3.7. Comparison of CatBoost vs prediction by literature models

The prediction of the CatBoost was also compared with the solution diffusion model to show
the applicability of the ML models for CP prediction. As discussed before, the CatBoost model
for CICP was optimised further to improve the accuracy. The initial CatBoost model had a
good score for the prediction of DICP and the CICP in terms of R?> and MSE. Although the
evaluation metrics can be further optimised with hyperparameter tuning and data cleaning,
the initial CatBoost model was not optimised further as the performance was efficient
compared to other models. Furthermore, major feature engineering is avoided here so that
environmental engineers do not have to apply complex codes, which otherwise would require
advanced programming skills in Python. The results are presented in Table 4 with the
absolute error between the values obtained for the solution diffusion model and the CatBoost

algorithm.
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Table 4: Additional test data for comparison against SD models.

AL-DS Mode, Temperature of FS and DS =25, CFV of FS and DS = 0.36
Concentrative ICP Modulus

DS Osmotic FS Osmotic Water flux K (experimental) K (average) CICP  CICP CatBoost

Pressure pressure m/s s/m s/m SD
atm atm

70.04 2.33 8.82E-06 2.02E+05 2.2 EO5 5.93 7.2

70.04 4.67 7.35E-06 2.12 E+05 2.2 EO5 4.75 5.18
70.04 23.35 3.11E-06 2.36 E+05 2.2 EO5 2.08 2.00
70.04 46.70 1.14E-06 2.47 E+05 2.2 EO5 1.32 1.29
AL-FS Mode, Temperature of FS and DS = 25, CFV of FS and DS = 45.3 cm/s DICP DICP

SD CatBoost

70.04 0.00 5.05E-06 2.83E05 2.7E05 0.25 0.25
70.04 3.06 4.70E-06 2.80E05 2.7E05 0.28 0.28
70.04 6.00 4.36E-06 2.81E05 2.7E05 0.30 0.30
70.04 27.11 2.59E-06 2.56E05 2.7E05 0.49 0.47
70.04 49.63 1.06E-06 2.52E05 2.7E05 0.75 0.71

It is evident that the ML method used here can predict the internal concentration polarization
based on the process input parameters. A user can simulate and predict the ICP in the FO
process, as long as the membrane's operating parameters and the A and B are known.
Changes in the operating parameters would also reflect the corresponding changes in ICP and

the process performance. This will allow for improvement in membrane design without long
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experimentation. On the other hand, with the solution diffusion model, modelling and

prediction are done using a constant value of solute resistance to diffusion “K”.

4. Conclusion

Accurate measurement and mitigation of internal concentration polarization are vital for the
FO process to compete against the existing state of the art RO and other technologies. ML
models can accurately predict ICP in the FO process based on the input variables or process

conditions. The following are the main findings from this study.

a) ML models can predict both dilutive and concentrative ICP in the FO process without the
need for structural or solute resistance to diffusion inputs.

b) The models can also be applicable where the diffusivity of the draw solution is unknown.

c) Data captured from ML models can be used to optimize the FO process at the pilot scale.

d) The CatBoost algorithm best predicts dilutive and concentrative internal polarization in
the FO process among the different ML models used in this study.

e) The feature importance score in the ML models can help select the best input variables
for modelling and redesign the model based on the score.

f) The CatBoost model can predict ICP with an R? value of 0.92 and has more predictive

power than the ANN.

The model designed here is solely reliant on the input or trained data collected from the
literature. The accuracy of the data is directly proportional to the accuracy of the model. Any
discrepancies in the methodologies of the user data from the literature studies might lead to
inaccurate predictions in the DICP or CICP occurring in the FO process. ML models also

perform well when there is a large amount of data available.
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Appendix A
Evaluation of Machine Learning Algorithms to Predict Internal Concentration Polarization

(ICP) in Forward Osmosis (FO)

Ibrar Ibrar?, Sudesh Yadav?, Ali Braytee?, Ali Altaee’ *, Ahmad HosseinZadeh?, Akshaya K.
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A.1. Prediction of DICP and CICP with ANN without optimisation

Initially, all inputs were considered without any consideration, and the ANN performance for
the training, validation data, testing data and all the data is presented here in Fig.A.1 and
Fig.A.2. For the DICP data, the neural network was prone to overfitting. However, the

performance was acceptable for the CICP data.
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