engineering K\
proceedings MD\Py
Proceeding Paper

A Python-Based Tool for Real-Time Reverse Osmosis Data

Normalization in Desalination Applications

T

Nitin Prasad (¥, Abhilasha Maheshwari *(”, Ganesh Kumar Pandian ? and Vijaysai Prasad 2

check for
updates

Citation: Prasad, N.; Maheshwari, A.;
Pandian, G.K.; Prasad, V. A
Python-Based Tool for Real-Time
Reverse Osmosis Data Normalization
in Desalination Applications. Eng.
Proc. 2024, 69, 98. https://doi.org/
10.3390/ engproc2024069098

Academic Editors: Stefano Alvisi,
Marco Franchini, Valentina Marsili

and Filippo Mazzoni

Published: 10 September 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

—

Department of Chemical Engineering, IIT Jodhpur, Jodhpur 342037, India; prasad.3@iitj.ac.in

L&T ECC, Chennai 600089, India; pgkumar@Intecc.com (G.K.P.); vijaysai.prasad@Intecc.com (V.P.)
Correspondence: abhilasham@iiti.ac.in

Presented at the 3rd International Joint Conference on Water Distribution Systems Analysis & Computing and
Control for the Water Industry (WDSA /CCWI 2024), Ferrara, Italy, 1-4 July 2024.

[N]

Abstract: This work presents the development of a Python-based data normalization tool designed to
facilitate RO performance monitoring The tool generates normalized metrics, including salt rejection,
pressure difference, and permeate flow rate, providing a clear and consistent baseline for performance
evaluation. To validate the tool’s efficacy, a single-stage RO system was modeled using the WAVE
Water Treatment Design Software. The RO was simulated under various operating conditions, and the
dataset derived from these simulations was processed using the Python tool, demonstrating its utility
in generating and visualizing significant normalized results for effective RO performance monitoring.

Keywords: water treatment; smart water desalination; data normalization; reverse osmosis

1. Introduction

In the current context of global water scarcity, brackish water is one of the important
sources of freshwater via the desalination process, mainly in arid regions. Reverse osmosis
(RO) is a membrane-based demineralization technique used to separate dissolved solids,
such as ions, from solution [1]. The complex nature of RO systems in desalination plants
makes it difficult to interpret observed performance accurately, as fluctuations may not
necessarily indicate membrane-related issues. Data normalization has emerged as a crucial
tool to address this challenge, enabling the comparison of performance over time by
decoupling the effects of external factors such as temperature, pressure, and water quality.
This helps in eliminating any effects of temperature, pressure, and water quality so that
the only changes in the normalized performance are due to membrane fouling, scaling,
and degradation.

This paper aims to develop a Python-based tool to monitor RO performance by
normalizing the RO data. For this, an RO model was developed using WAVE Water
Treatment Design Software [2], which was simulated for different operating conditions to
generate datasets. These generated data were then processed by the Python tool to obtain
the normalized metrics, demonstrating its utility in generating and visualizing significant
normalized results for effective RO performance monitoring. Taken together, this tool
provides a soft-computing resource for true RO performance monitoring, which is crucial
for reducing the additional energy spent if the RO is cleaned or replaced timely. Thus, helps
in estimating the optimal cleaning time for the RO membranes.

2. RO Modeling and Simulation

To develop an RO model, we used the WAVE Water Treatment Design Software. A
single-stage RO model was designed, which had 1 pressure vessel and 7 elements per
pressure vessel; the element type was “BW30-365”, and the water type was “Municipal
Water”. This RO design was simulated for different cases of operating conditions, including
feed flow, feed temperature, feed TDS, feed pressure, and flow factor. In each case, one
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of these parameters was varied, keeping the other parameters fixed. This was performed
to understand the effects of the varying parameters on RO performance. These cases are
mentioned in Table 1.

Table 1. Different cases of parameters which were used to generate data.

Feed Flow Feed Temperature @ Feed TDS  Feed Pressure

Cases Flow Factor

(m3/Day) O (mg/L) (bar)
Case 1 162-183 25 1978 6 1
Case 2 162 25-45 1978 6 1
Case 3 162 25 1978-2181 6 1
Case 4 241 25 1978 2-10 1
Case 5 162 25 1978 6 0.6-1

3. Python Tool Development

The objective of the Python script is to take RO data and return the normalized perme-
ate flow rates, normalized salt passage, and normalized pressure difference along with the
plots. To develop this, the following equations were used as a normalization algorithm:

3.1. Normalized Permeate Flow

Qpn = Qpo X (NDPr/NDPo) x (TCFr/TCFo) 1)

Here, Q,n represents the normalized permeate flow, Qy, is the operating permeate flow,
NDP, is the reference driving pressure, NDP, is the operating net driving pressure, TCF,
is the reference temperature correction factor, and TCF, is the operating temperature
correction factor.

3.2. Normalized Differential Pressure

DP,, = (DPy x ((Qp + Qer) /") /(Qpo + Qeo)/2)"7 (2)

Here, DP,, represents the normalized differential pressure, DP, is the operating differential
pressure, Qfo is the operating feed flow, Q, is the operating concentrate flow, Qf, is the
reference feed flow, and Q,; is the reference concentrate flow.

3.3. Normalized Salt Passage

70SPy = %SP, X (on/Qpr) X (Cfr/cfo) X (Cfr_uvg/cfo_uvg) X (TCFV/TCFO) (3)

Here, SP, represents the normalized salt passage, Cy, is the operating feed salinity, Cy is
the reference feed salinity, Cy,_ sy is the operating log mean feed salinity, and Cg g is the
reference log mean feed salinity.

4. Results
4.1. Case 1: Feed Temperature Variations

Figure 1 shows the Effect of feed temperature variations.
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Figure 1. Effect of feed temperature variations. (a) Normalized and permeate flow; (b) normalized
and raw differential pressure; (c) normalized and raw salt passage.

4.2. Case 2: Feed TDS Variations
Figure 2 shows the effect of feed TDS variations.
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Figure 2. Effect of feed TDS variations. (a) Normalized and raw permeate flow; (b) normalized and

raw differential pressure; (c) normalized and raw salt passage.

4.3. Case 3: Feed Flow Variations

Figure 3 shows the effect of feed flow variations.
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Figure 3. Effect of feed flow variations. (a) Normalized and raw permeate flow; (b) normalized and
raw differential pressure; (c) normalized and raw salt passage.
4.4. Case 4: Flow Factor Variations
Figure 4 shows the effects of flow factor variations.
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Figure 4. Effects of flow factor variations. (a) Normalized permeate flow; (b) normalized differential
pressure; (c) normalized salt passage.

5. Discussion

Figures 1-3 show the comparison of normalized and raw parameters, highlighting
how normalization mitigates the effects of temperature, TDS, and flow rates. These normal-
ized values are crucial for evaluating RO membrane performance. Figure 4 validates the
normalization method, as here the x-axis represents the age of the membrane, with 1 being
a freshly installed membrane; as the age increases, the flow factor decreases, representing
fouling/scaling. We can observe that in Figure 4a, the normalized flow rate has a negative
slope, in Figure 4b, the pressure difference is increasing, and in Figure 4c, the salt passage
is increasing. All of these factors are indications of fouling/scaling in the membrane. These
results show that the proposed Python tool is effective in determining fouling/scaling in a
membrane, a prerequisite for the optimal estimation of cleaning/ replacement time, which
is a subject matter of future research by the authors.
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