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ABSTRACT

Ensuring the supply of clean and safe water through the distribution networks necessitates
effective water disinfection and precise monitoring of key water quality parameters like pH,
Active Chlorine, conductivity, and Total Dissolved Solids (TDS) adhering to World Health
Organization (WHO) and national standards. Sustainable Development Goal 6 underlines the
global effort to supply citizens with safe drinking water, motivating the development of a multi-
parametric water quality sensor in this thesis. The sensor aims to monitor water quality and

can also aid in regulating disinfectant levels to maintain a safe water supply.

The aim of this thesis is to develop a multiparametric water quality sensor that uses Carbon
Nanotubes (CNT) based ink to measure multiple parameters. Developed as a part of an Indo-
EU Horizon 2020, project LOTUS (LOw-cost innovative Technology for water quality
monitoring and water resources management for Urban and rural water Systems in India), the
LOTUS sensor, integrates a CNT ink-based sensor head, an Analog Front End (AFE), and IoT
communication solutions for real-time monitoring. In addition to developing the sensor, a
bypass structure has been devised to protect the LOTUS sensor in the network from suspended
solids and to ensure controlled water flow for accurate measurements of pH, conductivity,

temperature, and active chlorine; facilitating easy maintenance and installation.

The developed LOTUS sensor goes through several stages of testing, from small-scale lab
experiments to a controlled water loop and, finally, a more extensive water loop similar to a
water distribution network. Based on the outcomes, the sensor was improved from a silicon
version to a plastic version that is ready for field use to meet the Indian market's needs for
real-time performance and cost-effectiveness. The silicon-based LOTUS sensor demonstrated
precision in measuring active chlorine within £0.13 mg/l, pH within +0. 12 units, conductivity
within 70 uS/cm, and temperature within +0.2°C, covering ranges from 0 to 5 mg/l for
chlorine, pH from 7.6 to 8.3, conductivity from 3000 to 5000 uS/cm, and temperature from
17.5°C to 20°C. The results obtained from the cost-effective plastic version — LOTUS PCB
(LPCB) showed accuracy in predicting active chlorine within £0.05 mg/l, pH within £0.22
units, conductivity within £68 uS/cm, and temperature within £0.7°C, spanning ranges from (0
to 5 mg/l for chlorine, pH from 7.2 to 8.2, conductivity from 200 to 2100 uS/cm, and
temperature from 10°C to 40°C. However, the LPCB's performance has not yet met the market
requirement specifications due to the challenges in the ink deposition process, where the drop-

casting printer with a 0.25 mm diameter nozzle could not deposit a consistent volume of the
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CNT ink uniformly on the chemiresistor IDEs. To further this complication, the mapping
software used in DMD100 could not maintain the gap between the nozzle and substrate when
the substrate was not uniformly flat, leading to scratches in the IDEs while depositing the ink.
These issues caused baseline resistance variations, negatively impacting the sensor
performance. On the other hand, the silicon version was printed using a dot matrix printer,

which was comparatively more precise.

The results discussed in this thesis are based on testing only 2 LPCB sensors over 130 days,
indicating that further improvements in fabrication and additional testing with more sensors
are needed to establish the generalized performance of LPCBs. Nonetheless, the preliminary
results highlight the potential of an affordable multiparametric sensor for the real-time
monitoring of active chlorine and pH in field conditions. Furthermore, lifecycle testing of the
LOTUS sensor suggests that it could sustain functionality beyond five months without
significant sensitivity loss despite minimal sensor drift. Developing robust models supported

by extensive experimental data could mitigate these anticipated challenges.

This thesis also proposes a calibration transfer technique-based methodology for the mass
production of multiparametric sensors. This methodology is assessed with 3 multisensor
datasets, which cover the transfer of calibration model among different units in the same and
different environments and the same unit after significant drift. From the assessment of 10
transfer techniques in these datasets, recalibration and direct standardization were found to
be optimal transfer techniques, and the selection between them depends on the features of the
dataset, the structure of the calibration model chosen and the availability of transfer standards.

The same techniques can be applied to the LOTUS sensor.

This thesis successfully developed and designed an optimized framework and a lab-tested

prototype for a low-cost multiparametric water quality sensor suitable for the Indian market.

Keywords: Carbon nanotubes; chemiresistors, multiparametric sensor, water quality;

calibration transfer;,
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ABBREVIATIONS
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AFE
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API
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BDD
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GEP Gaussian Error Propagation
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LOD Limit of Detection

LOTUS LOw-cost innovative Technology for water quality monitoring and water
resources management for Urban and rural water Systems in India

LPCB LOTUS PCB

LR Linear Regression

MAE Mean Absolute Error

MAFE Monarch AFE

MAPE Mean Absolute Percentage Error

MMC Multiplicative mean correction

MOSFET Metal Oxide Semiconductor Field Effect Transistor

MOX Metal Oxide

MSC Multiplicative Signal Correction

MSE Mean Squared Error

MWCNT Multiwalled CNT

NRV No Return Valve

ORP Oxidation - Reduction Potential

OSC Orthogonal Signal Correction

PCA Principal Component Analysis
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PCAT Phenyl-Capped Aniline Tetramer
PCB Printed Circuit Board
PCNT Pristine CNT

PEDOT: PSS  Poly(3,4-ethylene dioxythiophene): Poly(styrene sulfonate)

PI Polyimide

PLS Partial Least Squares

PT Procrustes Transform

PVC Polyvinyl Chloride

PVTI118 Polyvinyltriazole Polymer

RF Radio Frequency

RFID Radio Frequency Identification
RH Relative Humidity

RMS Root Mean Square

RMSE Root Mean Squared Error

RO Reverse Osmosis

SAR Successive-Approximation Resistor
SBC Slope Bias Correction

SCSS Sense-City Supervision System
SDG Sustainable Development Goal
SH Sensor Housing

SSS Single Sensor Standardization
SVR Support Vector Regression
SWCNT Single-Walled Carbon Nanotubes
TAFE Terramatics AFE

TDS Total Dissolved Solids
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TRL
TS
TSS
UAFE

UART

USB
Uuv
WDN
WHO
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Technology Readiness Level

Transfer Standards

Total Suspended Solids

Uni AFE

Universal Asynchronous Receiver / Transmitter
United Nations

Universal Serial Bus

Ultraviolet Rays

Water Distribution Network

World Health Organization

Water Quality Monitoring
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1

Introduction

Abstract: This chapter provides a comprehensive review of the importance and obstacles
of monitoring water quality, especially in the context of developing countries, and explores
the current market of water quality sensors, highlighting how multiparametric sensors

address existing shortcomings. It also introduces the LOTUS project, which forms an
integral part of this thesis work.
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Chapter 1

1 Introduction

1.1 Overview of Water Quality Monitoring

Monitoring water quality is essential for safeguarding the health and welfare of communities,
particularly in countries like India, where water shortage and pollution pose significant
challenges. Access to safe drinking water is a basic human necessity, and continuous water
quality monitoring offers vital information for effective water resource management and

timely pollution control.

The 2021 UN-Water report [1] stresses the urgent requirement to enhance water quality
monitoring to attain sustainable development objectives, especially in developing nations. It
emphasizes the obstacles posed by insufficient water quality, which can hinder endeavors
from enhancing public health, preserving biodiversity, and promoting sustainable economic
advancement. The report highlights the significance of real-time water quality monitoring
systems in swiftly pinpointing sources of pollution and facilitating prompt actions to avert
the degradation of water sources. This up-to-the-minute data is crucial for more efficient
management of water resources, guaranteeing drinking water safety, and aiding in decision-

making processes concerning water governance and policy formulation.

Furthermore, the report emphasizes the need for increased investment in innovative
technologies and infrastructure to facilitate the implementation of real-time water quality
monitoring in developing areas. It also highlights the disparity in monitoring capabilities
between developed and developing nations, as depicted in Figure 1.1. The proportion marked
in grey lack adequate real-time data for classifying water quality, with many falling into the
developing category; with 51% in Asian-African countries. This emphasizes the importance
of international collaboration in sharing knowledge, technology, and financial resources. The
goal is to equip developing countries with the necessary tools and expertise to effectively
monitor water quality, safeguarding human health and the environment. The UN-Water 2021
report ultimately calls for a unified global endeavor to prioritize water quality, proposing
that real-time monitoring could revolutionize water protection as a valuable resource for

future generations.
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Figure 1.1: Proportion of water bodies with good ambient water quality classified. Based on data
provided by UNEP, GEMStat, downloaded from the UN-Water SDG 6 Data Portal
(https://sdg6data.org/).

The United Nations' Sustainable Development Goal 6 (SDG 6) [2] is a global initiative to
ensure the availability and sustainable management of water and sanitation for all by 2030.
This goal encompasses various targets, including improving water quality by reducing
pollution, eliminating dumping and minimizing the release of hazardous chemicals,
increasing water recycling and safe reuse globally, and significantly expanding international
cooperation and support for water- and sanitation-related activities and programs in
developing countries. SDG 6 focuses not only on the physical availability of water but also
on its quality, the efficiency of its use, and the sustainability in water resource management

to prevent water scarcity and contamination.

1.2 Challenges in Water Quality Monitoring in India as a Developing
Country

Providing safe drinking water in developing nations continues to be a significant hurdle.
Despite good intentions, efforts to offer government-subsidized drinking water can
unintentionally lead to inadequate maintenance and operational efficiency of utilities [3].
Financial restrictions limit these utilities from operating, as they have minimal resources due
to the absence of regular income. Though capital expenditures (CAPEX) were initially

covered by government funding, the utilities later had to generate revenue. Also, the reduced
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price of water due to government subsidies hinders their capacity to generate reliable

income, which is essential for enhancing water quality and treatment plant facilities [4], [5].

Urban areas in developing nations are expanding rapidly, often outpacing the development
of essential infrastructure. This unplanned expansion leads to reliance on untreated
groundwater or tanker water supplies due to the absence of a centralized water distribution
network. In contrast, rural areas frequently lack any water supply system, although initiatives
like India's Jal Jeevan Mission Scheme [6] are beginning to address this gap. Utility operators
have limited access to advanced technology due to affordability constraints. The primary
sources for these emerging rural water schemes are local water bodies or, more commonly,

groundwater. The operation of these systems often relies on manual control by unskilled [7],
[8].

The Jal Jeevan Mission [6], launched by the Indian government in August 2019, aligns with
SDG 6's objectives and seeks to provide safe and adequate drinking water through individual
household tap connections to all rural households in India by 2024. The mission's strategy
involves creating a community-driven approach to water management, focusing on the
sustainability of water sources, and implementing robust water supply systems to ensure
potable water for every rural home. The Jal Jeevan Mission aims to build a resilient water
management ecosystem capable of withstanding climatic and demographic challenges by
emphasizing the management of local water resources and promoting water conservation

practices for rural India.

Under this circumstance, the challenge of ensuring safe drinking water in developing
countries, particularly India, is exacerbated by a complex paradox. On one side, governments
provide subsidized water, yet this water often fails to meet drinking quality standards.
Conversely, households face the financial burden of securing safe drinking water, incurring
exorbitant costs. The price of procuring or producing potable water at the household level
can reach around one rupee per litre, and it is significantly higher than the cost of drinking
water supplied in WDN by developed nations (for example, in the EU water price varies
between 1 — 10 euros per 1000 L [9]). This dichotomy highlights a critical inefficiency in
the current water supply model, where the potential for government-provided, quality water

could significantly alleviate household expenses dedicated to water procurement [10], [11].

Adding to the complexity is the dependence on household water purifiers and storage tanks

due to sporadic water supply. Families store water, which, despite being treated prior to
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storage, faces the risk of contamination before being consumed, requiring additional
treatment [12], [13]. This recurring process of treating and storing water compromises its
quality and imposes an extra financial strain on households. The extra layer of
filtration/treatment done at household levels does not always match the required standards

[14].

The solution lies in a radical transformation of the water supply infrastructure. The
government can achieve multiple benefits by establishing a continuous (24x7) supply of
drinking-quality water through the pipe network [15]. First, it would eliminate the need for
household-level water purification and storage practices, directly reducing the financial
strain on families. Second, discontinuing localized water treatment operations could
significantly reduce carbon emissions associated with filter manufacturing and operation.
Third, a reliable and quality water supply system could lead to increased revenue for the

government, ensuring the sustainability and maintenance of the water supply infrastructure

[16], [17].

To achieve this, deploying an appropriate water quality monitoring solution equipped with
advanced water quality sensors throughout the distribution network is paramount, as
visualized in Figure 1.2. This approach guarantees safe drinking water delivery and positions
the government to realize considerable economic benefits through increased revenue and

system stability.

Water Tank ' . ' '

Wireless Sensor

Water distribution pipeline

Figure 1.2: Schematic of a water distribution pipeline network populated with wireless
sensors to monitor the water quality. Adapted from ref [18].
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One significant and cost-determining factor in deploying optimal water quality monitoring
solutions is the availability of reliable, affordable, and scalable water quality sensors [19],

specifically in developing nations like India [20].

The table below (Table 1.1) outlines the different aspects in the scheme of sustainable

development goals 6 of the UN, and that of the Jal Jeevan mission, which is on a regional

scale.
Table 1.1 Outline of different aspects between UN SDG 6 and Jal Jeevan Mission
Sustainable Development Goals | Jal Jeevan Mission
Objective To monitor and improve the | To provide safe and adequate
global water quality by assessing | drinking water to all rural
ambient water quality parameters | households ensuring water quality
and regularity
Scope Global, focusing on broad range | National, specifically rural
of water bodies, across multiple | households and public institutions
countries and regions of India, focusing on piped water
supply
Parameters Ambient water quality | Water quantity, regularity of water
monitored parameters; chemical, physical | supply,  potability  (including
and biological parameters chlorine, pH, and TDS)
Data Data submissions from multiple | Structured and manual sampling
Collection countries approach, supported by surveys

Improvements | Enhanced global engagement | Expansion of [oT-based monitoring
with better data submission. and increased coverage of water

Capacity building in low-GDP quality testing infrastructure.

countries for better data quality. | Increased local manpower training.

Coverage Increased participation from | Focus on ensuring functional tap
Central, Southern and Western | connection and regular monitoring

Asia countries. nationwide.

Broader inclusion of diverse

water body types.
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Coverage of  water supply
infrastructure, ensuring quality and

quantity across diverse conditions.

Benefits Improved global understanding | Significant reduction in waterborne
of water quality trends. diseases through improved access to

Strengthened ability to identify safe drinking water.

and mitigate global water quality | Empowerment of local
issues. communities, especially women, in
managing and monitoring water

resources.

1.3 Current State of Water Quality Sensors

Water quality sensors are essential for ensuring the safety and reliability of water for various
purposes, such as drinking water and industrial processes like cement fuel production. These
sensors are responsible for monitoring important water quality parameters, offering vital data
to uphold specific standards for different applications. This thesis explores critical elements
of water quality sensors, such as their creation and validation, specifically emphasizing
essential parameters for potable water, the sensor technologies employed, their advantages
and disadvantages, and the economic impacts of their implementation, especially in
developing countries. Additionally, it investigates the potential of lab-on-chip technology in
transforming water quality monitoring by enabling cost-effective and efficient multi-

parameter sensing.

In the context of drinking water, the main parameters of focus include Total Dissolved Solids
(TDS), pH levels, and active chlorine concentration [21]. These parameters are crucial for

ensuring the safety and taste quality of drinking water.

TDS: Represents the total concentration of dissolved substances in water. High levels of
TDS can affect the taste of water and may indicate the presence of harmful minerals or

chemicals.

pH: A measure of the acidity or alkalinity of water. A balanced pH level is crucial for
preventing corrosion in water pipes and maintaining water's taste. An overview of the
evolution of pH measurement systems is depicted in Figure 1.3.

7
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Figure 1.3: An Overview of the evolution of pH sensors

Active Chlorine: Used as a disinfectant, its concentration is vital for eliminating harmful
pathogens while ensuring the water does not acquire an unpleasant taste or odor. The most

common detection methodologies employed in commercial sensors are either DPD-based

colorimetry or amperometry (Figure 1.4).

Amperometri¢ sensor

DPD based colorimetric sensor

HORIBA
- u Hech—DR900 Xylem — 3017m FIA
colorimeter
Syclope Horiba based DPD analyzer
Electronique .
| A . |
b ‘ "'[
L ==
= Automated Water &
| Lovibond MD100hand  Effluent - C201 Portable
Endress + Hauser — Hach — 9184sc held Chlorine meter Chlorine Metet
Memosens CCS51D

Chlorine analyzer

Figure 1.4: Most common commercial Chlorine Sensors for Water Quality
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Several sensing technologies are available for measuring these parameters, especially pH,
active chlorine, and TDS, each with advantages and limitations. They are discussed in detail

in Chapter 2, but the numerous sensor types can be generally grouped as follows:

Electrochemical sensors: These are the most conventional type of sensors and are widely
used for pH and chlorine measurements. They offer high sensitivity and specificity but may

require regular calibration and maintenance.

Optical sensors: These are employed chiefly for TDS and some types of chlorine sensors.
These sensors are known for their long life and minimal maintenance but can be more costly

upfront.

Electrical sensors: These form a relatively newer group of sensors (compared to the
traditional methods — electrochemical and optical). They are comparatively more affordable

and require less maintenance than their matured competitors.

The water quality sensing technologies vary in terms of sensor lifespan, installation
convenience, and real-time sensing capacity. Immediate monitoring is essential to quickly

identify any deviations from safe levels, enabling timely corrective measures.

The debate between using individual sensors for each parameter versus a single
multiparametric sensor encompasses considerations of deployment, cost, and benefits.
Single-parameter sensors can offer high specificity and accuracy but may increase
complexity and cost in systems requiring multiple parameters monitoring. Conversely,
multiparametric sensors simplify installation and maintenance but might compromise on

sensitivity and specificity for individual parameters [22], [23].

The cost of sensors is a significant factor, especially in the context of deploying water quality
monitoring systems in developing countries. High initial costs and maintenance expenses
can be prohibitive, limiting the widespread adoption of advanced water quality monitoring

systems.

The advent of lab-on-chip technology presents a promising avenue for reducing the cost and
complexity of water quality monitoring. By integrating multiple sensors on a single chip,
this technology offers a compact, efficient, and cost-effective solution for multi-parameter
analysis. Coupled with advancements in the Internet of Things (IoT), low-cost mobile
processors, and electronic circuits, it is now feasible to develop low-cost, high-performance
water quality monitoring systems [24]. These systems can transmit real-time data for

immediate analysis, ensuring the continuous supply of safe drinking water [25], [26].
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The need for robust, efficient, and cost-effective water quality monitoring systems is more
critical than ever, especially in the face of growing water scarcity and pollution challenges.
Advances in sensor technology, particularly through lab-on-chip and IoT innovations, are
paving the way for affordable and comprehensive water quality monitoring solutions. These
advancements are vital for ensuring the accessibility of safe drinking water worldwide,

highlighting the importance of continued research and development in this field [27].
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1.4 Classification of Water Quality Sensors

Water quality sensors can be categorized according to different criteria [28], [29], including
the parameters they monitor, their intended uses, and their technological methods (Figure

1.5). Here is a primary classification:
Based on Measured Parameters

Physical sensors measure the physical characteristics of water, such as temperature,
conductivity, and turbidity. Chemical sensors detect particular chemical attributes like pH,
dissolved oxygen, and levels of pollutants or nutrients. Biological sensors keep track of

biological markers such as chlorophyll, blue-green algae, and bacterial contamination.
Based on Application

Monitoring of Drinking Water: Sensors created to evaluate the quality of water in treatment

facilities and distribution networks

Environmental Monitoring: Utilized in rivers, lakes, and seas to analyze ecological well-

being and levels of pollution

Monitoring Industrial Processes: Employed to oversee water quality in industrial operations

and discharges.
Based on the Transduction method

Electrochemical Sensors

Electrochemical sensors operate based on the principle of electrochemistry, which involves
chemical reactions producing electrical signals. These sensors typically consist of electrodes
(conductors) that interact with specific ions or gases dissolved in water. The interaction
causes a measurable change in electrical properties, such as voltage or current, which is
directly related to the concentration of the target analyte. There are several types of

electrochemical sensors, including:

Ion-selective electrodes (ISEs): Designed to measure the concentration of a specific ion in
water, such as nitrate, fluoride, or potassium. They work by having a selective membrane
that only allows the target ion to pass through, causing a potential difference that can be

measured.
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Amperometric sensors: Often used to measure dissolved oxygen levels. They operate by
applying a voltage between two electrodes and measuring the current that flows as a result

of the oxygen reduction reaction on the cathode.

Potentiometric sensors: Measure the voltage between two electrodes without passing a
current. This method is commonly used for pH measurements, where the sensor measures

the hydrogen ion activity in water.

Optical Sensors

Optical sensors measure the interaction between light and the water sample to deduce the
concentration of certain parameters. These interactions can include absorption, fluorescence,
and scattering of light, each of which provides information about different water quality

parameters:

Absorption-based sensors: Measure the amount of light absorbed by dissolved substances or
suspended particles. This method is widely used for measuring concentrations of organic

compounds, as many absorb light at specific wavelengths.

Fluorescence sensors: Detect the fluorescence emitted by certain substances when they are
excited by light of a specific wavelength. This technique is beneficial for detecting

chlorophyll, blue-green algae, and certain organic compounds.

Turbidity sensors: Utilize light scattering to measure the cloudiness or haziness of water,
which indicates the presence of suspended particles. The sensor shines a light into the water

and measures the intensity of light scattered by the particles.

Electronic Sensors

There sensors act as passive electronic elements like a resistor, capacitor, or transistor. On
exposure to the measurand, these sensors change their nature (for instance, the conductivity).
This change in nature is measured by exciting the sensor with a signal and acquiring the
output (for instance, potential drop across the resistive device after exciting the device with
a signal). Based on the passive element they are made to represent, they are called

chemitransistors [30] or chemiresistors [31].

Other types

Mass Sensors: Typically based on piezoelectric materials, they detect the change in mass to
provide information on the target analyte in the chemical reaction. Thermal Sensors use the

heat generated by the chemical reaction to provide analytical information about the reaction.
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These sensors are typically thermistor-based and detect changes in temperature as a change
in the resistance of the sensing material. Acoustic Sensors, or sonar sensors, use sound waves
to measure various properties of water. These sensors emit sound pulses and analyze the
echo received back, which changes based on the characteristics of the water and its contents,

such as sediment concentration, where the intensity of the sound reflected to the sensor can
Temperature
Physical -{C onductivity

( Turbidity
pH
Based on Measured < Chemical {Dlssolved Oxygen
Parameters Pollutants

indicate the concentration of sediments in the water.

Disinfectants

Chlorophyll
Biological—{Blue—Green Algae

Bacterial Contamination

Drinking Water Monitoring

Classification of Based on . o
. . Environmental Monitoring
Water Quality Sensors Application
Industrial Process Monitoring
. Potentiometric Sensors
Electrochemical
Sensors .
Amperometric Sensors
Light Absorption
Optical Flourescence
Based on Sensors
Transduction Scattering
method . Chemitransistor
Electronic {
Sensors Chemiresistor

Mass Sensors
Resonant Cantilevers
Others )
Acoustic Wave Sensors
Thermal Sensors
Figure 1.5: Classification of Multiparametric Water Quality Sensors

Each of these sensor technologies offers unique advantages and is suited to specific

applications within the broad field of water quality monitoring.
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Apart from these, there are several other classification schemes for water quality sensors
considering sensor structure — macro vs micro, measurement parameters — monoparametric
(targeting only one parameter) vs multiparametric (single sensor array measuring multiple
parameters of interest), response data dimensionality — single (for monoparametric sensors)
vs. multi-dimensional (for multiparametric sensors), technological sophistication —
conventional vs. advanced, data integration and analysis — standalone vs. integrated
networks, application focus — generic vs. targeted contaminant detection, and operational
environment — in-situ vs. laboratory-based monitoring. This nuanced classification enables

tailored sensor selection based on specific monitoring needs and environmental conditions.

1.5 Overview of Multiparametric Water Quality Sensors

Multiparametric water quality sensors represent a rapidly evolving technology that provides
comprehensive and real-time monitoring of various water quality parameters. These
technologies are crucial for identifying pollutants, evaluating the efficiency of water
treatment processes, and ensuring adherence to environmental standards. This overview
outlines multiparametric sensors' primary classifications, integration methods, technological
foundations, and applications, drawing from extensive research and the literature discussed

in Chapter 2.
Integrated Single Parameter Sensing Technologies

This category combines individual single-parameter sensors into a cohesive system. Each
sensor measures water quality parameters, such as pH, turbidity, chemical oxygen demand
(COD), or heavy metal concentrations. The sensors work in tandem, allowing for the
simultaneous assessment of multiple parameters. A unified data acquisition system collects,
processes, and displays the data, enhancing monitoring efficiency and accuracy by utilizing
specialized sensors for each parameter [32]. The only downside is the bulky footprint due to

the integration of multiple sensors, as visualized in Figure 1.6.
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Figure 1.6: Industrial Integrated Multiparametric Water Quality Sensors. (a) YSI Exo
Multiparameter Sonde, (b) Eureka Manta2 Water Quality Recorder

Lab-on-Chip (LOC) Technology

LOC technology signifies a move towards the miniaturization and integration of
multiparametric sensing on a single chip [33], [34]. It combines multiple sensor functions
on a compact platform, using microfluidics to channel small water volumes across different
sensing areas. This approach is noted for its innovative chemical detection methods and the

measurement of physical properties like temperature.

Stainless steel tubing

Flow cell with microchannel (1 uL)

Contact pads

3 x Gold working electrode (400 pm) /

Glass chip (18.8 mm x 5.5 mm)

Figure 1.7: Microfluidic sensor with a flow cell and gold working electrodes. Reprinted (adapted)
with permission from [35]. Copyright 2021 American Chemical Society.

Multiparametric sensors are designed to simultaneously monitor various water quality

parameters, integrating different sensing elements into one device [36]. This integration
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facilitates real-time, continuous monitoring of water bodies, crucial for pollution detection,
ecosystem health assessment, and water resource management. Advances in sensor
technology, data analytics, and wireless communication have significantly improved the

precision, reliability, and accessibility of water quality data.

The integration of these sensors into water quality monitoring systems allows for real-time,
continuous assessment of water bodies, which is essential for detecting pollution events,
understanding ecosystem health, and managing water resources effectively. Moreover,
advancements in sensor technology, data analytics, and wireless communication have

enhanced the precision, reliability, and accessibility of water quality data.

1.6 The LOTUS Project: Aims and Progress

The LOTUS project [37], funded by the European Union's Horizon 2020 Research and
Innovation Programme and the Indian Government, aims to address India's water and
sanitation challenges through innovative, low-cost sensing solutions developed in
partnership between EU and Indian organizations. Project LOTUS, elaborated as LOw-cost
innovative Technology for water quality monitoring and water resources management for
Urban and rural water Systems in India, focuses on creating a multiparametric sensor-based
system to improve water quality monitoring in both rural and urban India, featuring tailor-

made decision support and a co-creative approach for design and production.

The sensor technology developed under LOTUS [38] will support the early detection of
water quality issues and optimize water management with continuous improvements through
real-world testing. The LOTUS sensor incorporates a multifaceted approach to water quality
monitoring, leveraging carbon nanotube (CNT) based sensing technology for measuring pH
and Active chlorine concentration alongside temperature and conductivity measurements

[39], [40], [41].

Given this comprehensive functionality, the LOTUS sensor aligns with several types in the

classification of multiparametric water quality sensors [28], [29]:
1. Based on Measured Parameters:

Chemical Sensors: They can detect specific chemical parameters like pH, free chlorine, and
Arsenic, leveraging the unique properties of CNTs and specific polymer functionalization

for target chemicals.
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Physical Sensors: The sensor's functionality to measure temperature and conductivity also
places it within this category, offering insights into the physical characteristics of water that

are essential for quality assessment.
2. Based on Application:

Environmental Monitoring: Given its target functionality to detect a range of parameters
critical to water quality assessment, the sensor would be well-suited for monitoring natural

water bodies, contributing to studies on ecological health and pollution levels.

Drinking Water Monitoring and Industrial Process Monitoring: Its capability to measure
parameters critical to water safety and quality makes it relevant for both drinking water

assessment and monitoring water in industrial processes.
3. Based on the Transduction method:

Electronic Sensors: The fundamental principle of the LOTUS sensor, particularly in its use
of CNTs for detecting chemical parameters [39], classifies it as an electronic sensor. This
technology relies on the interaction between the sensing material (CNT) and the analyte to
produce a measurable change (conductivity of the sensing material) indicative of the

analyte's concentration.

In conclusion, the LOTUS sensor embodies characteristics of both chemical and physical
sensors, leveraging electronic principles for its operation. Its design and functionality
indicate 1its applicability across environmental monitoring, drinking water quality
assessment, and industrial process oversight, making it a versatile tool in multiparametric

water quality sensors.
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1.7 Objectives of the Thesis

The brief discussion above highlights that multiparametric sensing technology for
monitoring water quality presents numerous advantages over traditional methods, which
typically rely on multiple single-parameter sensors or offline laboratory analysis. Given that
the primary goal of the LOTUS project is the creation of a multiparametric sensor, this focus

aligns perfectly with the scope of the current thesis.

Within the LOTUS project's framework, the Université Gustave Eiffel team is responsible
for developing and manufacturing sensor chips based on carbon nanotubes to measure pH,

active chlorine, temperature, and conductivity.

The core objective of this thesis is to create a comprehensive, integrated sensor platform
designed explicitly for monitoring water quality, utilizing these sensor chips. From this

perspective, the following research objectives were formulated:

1. Development of the Sensor Platform: Achieving full integration and demonstrating
consistent functionality of a multiparametric water quality sensor that employs

Carbon Nanotubes (CNTs).

2. Development of the Calibration Model: Formulating experimental procedures and
developing calibration models for the CNT-based multiparametric sensor to optimize

its long-term performance.

3. Optimization and Streamlining of a Mass Calibration Process: Employing
Calibration Transfer Techniques on Multiparametric sensors to facilitate efficient

and rapid calibration processes on a large scale.

1.8 Outline of the Thesis

Chapter 1: Introduction: This chapter offers a brief examination of the significance and
challenges associated with water quality monitoring, particularly within the framework of
developing nations. Subsequently, it delves into a brief discussion on the existing landscape
of water quality sensors in the market and describes how multiparametric sensors could
tackle the prevailing deficiencies. Additionally, this section also provides a brief introduction

to the LOTUS project.
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Chapter 2: Literature Review and Research Objectives: This chapter aims to review the
literature on several vital areas thoroughly: the historical evolution of water quality
monitoring technologies, the progress and challenges of monoparameter sensors for chlorine
and pH, the state of multiparametric sensing technologies for water quality, and detailed
considerations on calibrating these sensors, including the use of calibration transfer
techniques. Within the context of the LOTUS project's multiparametric water quality sensor,
significant research gaps have been identified that have informed the objectives of the

current study, with these insights discussed towards the end of the chapter.

Chapter 3: Sensor Platform Development: This chapter presents the end-to-end integration
of the LOTUS sensor from the sensor chip to the final data visualization platform. It also
explains the development, fabrication, and assembly of the LOTUS multiparametric water
quality sensor. This chapter also describes the evolution of the data acquisition (DAQ)
system developed for activating and acquiring data from the LOTUS sensor and the
optimized methodology to use with the DAQ system to improve the reliability of sensor

response.

Chapter 4: Sensor Characterization and Calibration: This chapter details the experiments
carried out on the sensors and the sensor characterization. This chapter also elaborates on
the calibration model development for target parameters: Temperature, Conductivity, Active
chlorine, and pH. The comprehensive analysis and outcomes derived from the experiments
conducted are also presented at the conclusion of this chapter. The results showing the
performance of CNT-based sensors on par with those reported in the literature and much

better than those for real-time deployment are also discussed in this chapter.

Chapter 5: Calibration Transfer: This chapter discusses the need for calibration transfer and
highlights the calibration transfer techniques that can be applied to LOTUS sensors. This
chapter assesses the 10 most common calibration transfer techniques discussed in the
literature by applying them to 3 different gas sensor datasets, each with a different scenario
invalidating the initial laboratory calibration. Based on the results, the calibration transfer

technique applicable to the LOTUS sensor is discussed.

Chapter 6: Conclusion and Scope of Future Work: This chapter outlines the key conclusions
drawn from the dissertation work. This chapter concludes by highlighting potential areas for

future exploration in the context of current work.
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Literature Review

Abstract: This chapter aims to conduct an in-depth review of water quality monitoring
technologies, examining the progress and limitations of monoparameter sensors for chlorine
and pH detection, including calibration practices, and exploring the state-of-the-art
multiparametric sensing technologies along with their calibration and calibration transfer
techniques. Based on the findings of the literature survey and within the context of the
LOTUS multiparametric water quality sensor, significant research gaps were identified,
which served as the basis for establishing the objectives of the current research work.
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2 Literature Review

2.1 Evolution of Drinking Water Quality Monitoring

The evolution of drinking water quality monitoring has transitioned significantly from
traditional methods to advanced sensor-based technologies, marking a profound shift in how
water quality is assessed and managed. Initially, water quality monitoring relied heavily on
offline sample collection followed by laboratory analysis, a time-consuming and labour-
intensive process [42], [43]. This method, while accurate, posed limitations in terms of the
frequency and speed of data collection, making it challenging to detect and respond to water
quality issues in real time [44]. Maintenance and equipment requirements are also expensive,
especially for developing nations, where large-scale monitoring is mandatory for significant
impact. These highlight the inefficiency of traditional methods for water quality monitoring

[19], [45].

The development of in situ sensors began to change this landscape, offering the ability to
continuously monitor water quality parameters such as pH, turbidity, dissolved oxygen, and
various chemical contaminants directly at the source. However, these advancements were
initially limited by the need for manual data retrieval and the lack of integration into broader
monitoring networks. The introduction of Internet of Things (IoT) technologies has
significantly enhanced sensor-based monitoring, enabling real-time data collection, analysis,
and remote access to water quality information [46], [47]. This integration has facilitated a
more dynamic approach to water quality management, allowing immediate responses to
potential contamination events and providing a comprehensive overview of water quality

trends over time [48], [49].

The water quality parameter can be grouped under physical (color, taste, odour, temperature,
conductivity, turbidity, etc.), chemical (pH, active chlorine, dissolved oxygen, COD, BOD,
presence of heavy metals, etc.), and biological parameters (algae, bacteria, viruses etc.).
World Health Organization (WHO) has developed guidelines, with the latest version being
the fourth edition of 2022, that summarize the health implications and provide the standards

and permissible limits of water quality parameters [50].

The primary parameters for water quality across regions and countries mostly align with
WHO standards, with few adjustments based on water availability and specific usage
scenarios [51], [52]. Temperature, conductivity, and turbidity are among the most significant

physical parameters of potable water quality, each providing critical information on the
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physical and chemical characteristics of water bodies [50], [53], [54], [55], [56].
Temperature is a fundamental parameter that influences the solubility and reaction rates of
chemicals in water, affecting biological activity and the ecosystem's health. It is a primary
indicator of thermal pollution and can signal water quality changes affecting aquatic life.
Conductivity, measuring the water's ability to conduct electrical current, is directly related
to the concentration of ionized substances or total dissolved solids (TDS) in the water. This
parameter is essential for assessing the overall ionic content of water, indicating the presence
of dissolved salts, which can be pollutants or vital nutrients. The Bureau of Indian Standards
(BIS) has set an acceptable limit of TDS to be 500 mg/L and a permissible limit of 2000
mg/L (if an alternate drinking water source is available) [57]. Turbidity, which measures the
clarity of water, can indicate the presence of suspended particles, including industrial
discharge, sediment, or microbial growth, affecting the aesthetic and safety aspects of water.
It is also directly related to the presence of microorganisms. For potable water, 5

nephelometric turbidity units (NTU) is the threshold set by the WHO as well as the BIS.

On the other hand, several chemical parameters are recommended by the WHO, starting with
pH, hardness, biological oxygen demand (BOD), chemical oxygen demand (COD), total
suspended solids (TSS), dissolved oxygen (DO), residual disinfectant, i.e., active chlorine,
presence of other elements, contaminants, ions, heavy metals, drugs, and other pollutants,
etc. WHO and BIS standards (in the Indian context) provide a maximum permissible limit
for each of these (and several other) contaminants commonly found in drinking water.
Within the spectrum of chemical parameters, both pH and chlorine stand out as critical
indicators due to their profound implications for both environmental health and human
safety. pH, a measure of the acidity or alkalinity of water, is pivotal in regulating the
solubility and biological availability of chemical compounds, including metals and nutrients.
Its value affects the toxicity of pollutants and microbes [58] and aquatic life health, making
it a foundational though indirect parameter for water quality assessment [59], [60]. Active
chlorine is a primary disinfectant that plays a crucial role in controlling microbial
contamination in drinking water [61], [62], [63]. However, monitoring its levels is vital to
ensure they remain within safe limits to prevent harmful by-products. The balance between
adequate disinfection and minimizing chemical hazards emphasizes the significance of

chlorine as a water quality parameter.
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2.2 State of the Art on Monoparametric Sensors for pH and Active Chlorine

As discussed in Chapter 1, Water Quality sensors can be generally classified as Optical,
Electrochemical, and Electrical (and others) based on their transduction method. The

significant differences among the 3 types are outlined in Table 2.1.

Table 2.1: Difference between the 3 types of Water Quality Sensors

Optical Electrochemical Electrical

Operation Relies on interaction | Involves a current | Measures changes in
with  photons and | flow between | conductivity or
changes in the | working, reference, | resistance directly due
electronic structure of | and counter electrodes | to analyte interaction.
receptor molecules. in an electrolytic

solution.

Types Absorbance, Potentiometry, Chemiresistors, Gated
fluorescence, voltammetry, field-effect devices
luminescence, light | amperometry, (ChemFETs),  Gate-
scattering, electrochemical less field-effect
colorimetry. impedance devices.

spectroscopy.

Commercial | Widely available for | Commonly available, | Emerging, with some

availability both personal and | especially for | applications in gas
professional use. parameters like pH, | phase sensing and

dissolved oxygen, and | portable devices.
ORP.

Typical use | Personal care, | Water quality | Water quality

case healthcare monitoring, monitoring, gas
applications (e.g., | Environmental sensing, and
pregnancy tests, | monitoring, industrial | environmental
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diabetes monitoring), | processes, and | monitoring are
water quality testing. | healthcare potentially in smart
diagnostics. textiles and wearable

devices.

Cost Varies; disposable | Moderate;  requires | Potentially lower due
indicator strips are | reference and counter | to simpler geometry
low-cost, but | electrodes but can be | and no need for
precision sensors and | miniaturized. reference  electrodes;
optoelectronic cost-effective for large-
devices can  be scale deployment.
expensive.

Advantage Can measure multiple | Highly specific and | Simple and robust;
parameters sensitive; it  can | does not require a
simultaneously; easy | measure a wide range | liquid electrolyte or
to deploy and use by | of analytes directly | reference  electrode,
non-experts. involved in | allowing for simpler

electrochemical sensor designs.
reactions.

Disadvantage | Potential interference | Needs a stable | Requires direct contact
from deposits, | reference  electrode | with the analyte; some
turbidity, or other |and is prone to | types may have
colored species may | maintenance and | increased complexity
require visual | frequent calibration. or require more
interpretation. expensive electronics.

Water quality monitoring has traditionally relied on colorimetric (optical) and
electrochemical sensors or large laboratory instruments, each with limitations such as the
need for reagents or reference electrodes [28]. Chemiresistors, in contrast, offer a reagent-
free, low-maintenance alternative that does not require reference electrodes, overcoming the
common drawbacks of existing technologies [64]. However, chemiresistors are not without
their challenges, which include adapting them to aqueous environments, like preventing
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electrical shorts through the water and maintaining low sensing voltages to avoid unwanted
electrochemical reactions or causing water splitting, as most literature discusses their
application in gas sensing. Nevertheless, their potential for simple and economical
fabrication and the affordable cost of operation and maintenance position them as a
promising solution for continuous, online water quality monitoring. Though much of the
sensing literature focuses on ChemFETs (the most common type of electrical transduction
category), where an applied gate voltage modulates the active layer's conductivity to
elucidate sensing mechanisms, most of the sensing is performed at zero gate voltage [65]

effectively simplifies a ChemFET to function as a chemiresistor.
2.2.1 Monoparametric Sensors for pH

The pH value of an aqueous solution is calculated as the negative decimal logarithm of the
hydronium ion concentration (-log [H30+]). The drinking water pH usually falls within the
range of 6.5-9. The pH also influences the disinfection capability of disinfectants (most
having better disinfection capability at lower pH), increases the corrosion rate of metal
pipelines at acidic pH levels, and affects the ecosystem of aquatic organisms [51]. The
predominant methods for measuring pH in water quality monitoring traditionally rely on pH
meters equipped with electrodes initially developed as glass electrodes by F. Haber and Z.
Klemensiewicz in 1909 [66]. These meters were conceptualized by Arnold Beckman in 1934
and brought to the market in 1936 [67]. Over the subsequent decades, various pH sensors
have been developed, falling into categories such as chemo-mechanical, electrochemical,
and optical sensors, with glass-membrane-based electrochemical electrodes remaining the
most widely utilized even in contemporary applications [68]. Despite their affordability,
these instruments require frequent maintenance and calibration, and are fragile, thereby

rendering them expensive to maintain in continuous real-time monitoring.

In the literature, the pH sensors (those without glass electrodes) can be grouped into different
categories based on the transduction mechanism like optical [69], electrochemical [70], [71],
voltammetric [72], impedimetric [73], diode-based [74], potentiometric, ISFETs (Ion-
Sensitive Field-Effect Transistor) [71], [75] and chemiresistive [28], [76] based sensors. A
standard potentiometric pH sensor comprises a two-electrode structure, with one electrode
designated as the sensing electrode and the other as the reference electrode, wherein
Ag/AgCl is the most frequently used in micro-scale pH sensors [77], [78], [79]. Compared

to slightly complex design structures like optical, diode-based, or ISFET, these sensors are
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simple in configuration and provide a response in the mV range. They are widely used in

conjunction with a commercial voltmeter on a laboratory scale.

The Ion-Sensitive Field-Effect Transistor (ISFET) was introduced by Bergveld [71] in 1970
as a metal-oxide-semiconductor field-effect transistor (MOSFET) with its gate physically
separated from the chip by the solution under examination. In this configuration, a reference
electrode replaces the gate metal, and the dielectric layer significantly influences sensing
performance [80], [81], [82]. The pH variation can be determined by recording the threshold
voltage or drain current changes for thin-film transistor-based ISFETs and Ion-Sensitive
Potentiometric Transistors (ISPETs). These devices, commonly fabricated on doped silicon
substrates, utilize insulation materials such as metal oxides and semiconductor-based

ceramics for the pH-sensitive layer.

Based on a chemiresistor, a pH sensor is a two-terminal device featuring a pH-sensitive
material deposited between two electrodes. The sensing material's intrinsic electrical
resistance/conductance undergoes alterations upon exposure to solutions with varying pH
values, as illustrated in Figure 2.1. Notably, the chemo-resistor has a straightforward
physical structure and does not necessitate a reference electrode, making it conducive to
sensor miniaturization. A suitable voltmeter/DAQ system measures this change in resistance

and correlates it to the sample's pH.

Lee et al. (2009) [83] developed a chemo-resistor with Pd-resistors and gold electrodes,
wherein, based on the pH level, the concentration of hydrogen gas produced varies, which
in turn influences the formation of Pd-H hydride. This increases the resistance, which is
measured to estimate the pH level. Similarly, Lee et al. (2014) [84] used TiO> nanowires at
the surface of Ti/C nanofibers, wherein the presence of H30+, the depletion layer reduces,

giving rise to a change in conductivity.
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Figure 2.1: Outline of a Chemiresistive pH sensor and its sensing mechanisms.
Source: Qin et al. 2015 [85].
Kwon et al. (2006) [86] demonstrated the spray method for fabricating SWCNT-based pH
sensors, displaying amperometric responses in buffer solutions across various hydroxyl ion
concentrations. This sensor exhibited lower sensitivity for pH below 6 than above ( 3.4%
/pH for pH < 6 and 9.3%/pH for pH > 6) and was active throughout the range of 1 to 11 pH
units. However, the testing was done by dropping the pH buffer solutions on top of the sensor

rather than inserting the sensor into a water beaker or stream.

Li et al. (2011) [87] developed a pH sensor with dielectrophoresis-aligned SWNTs, which
showed linear sensitivity with a minimal change in the sensitivity over 10 days of testing.
They report a sensitivity of 0.253 %/pH units over the range of 5 — 9pH, with the response
time varying between 2 to 24 seconds depending on the pH level (higher pH, longer response
time). The authors also discuss the problem of developing identical sensors with the same
resistance between batches. The problems, like depositing an exact amount of ink onto the
sensor each time to match the quantity of SWCNTs is not easily achievable, and the
uncertainty of the film composition adds to the differences among the sensors. The authors
included sensor response normalization into the data preprocessing to alleviate these issues.
However, this adds to another uncertainty as in the literature, different authors use slightly
different formulae to normalize the resistance, and choosing a consistent baseline in real-
time is especially difficult when the baseline has to be varied each time. However, this

negates the effect of batch-batch differences as well as sensor drift to a great extent.
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Lei et al. (2011) [88] reported the fabrication and characterization of graphene-based
chemiresistors as pH sensors (Figure 2.2). The sensor was tested with pH buffers between 4
and 9, and it showed linear sensitivity of -0.157 %/pH units and minimal hysteresis of ~2.3%
for the average slope of 3.48 kQ)/pH, though the sensitivity is lower than that of a 3-terminal
field-effect transistor type (FET type) sensor with the same material. As this article focused
on fabrication and characterization, the sensors' long-term stability and continuous testing
were not discussed. Liao et al. (2011) [89] studied the effect of pH on the one-dimensional
nanofibers of SWCNT — polyaniline composites (which shows a linear response between 4

— 12 pH) for developing a gas chemosensor with tuneable conductivity.

Lei et al. (2012) [90] developed a carbon nanotube (CNT) based pH sensor on a filter paper.
The authors discuss the potential applications of paper-based microfluidics with CNT-based
sensors, which realize more bio-assays. As this development was focused on bioassay, the
sensing framework is micro-exposure to the analyte rather than stream immersion as
required for water quality monitoring. Jung et al. (2014) [91] synthesized a pH sensor with
MWCNT doped with Nickel particles. Though the fabrication process was simple, the pH
sensing properties relied heavily on the size of Nickel particles, a complex parameter to
maintain during upscaling. On the other hand, Gou et al. (2014) [92] developed an in-vivo
pH sensor based on oxidized SWCNT functionalized with a conductive polymer. This sensor
was designed as an implantable sensor with a passive RFID tag that transmits the pH data

through the skin.

Qin et al. (2016) [93] inkjet printed SWCNTSs onto a glass substrate (Figure 2.3) and
demonstrated fast response, linear sensitivity (of 48.1 mV/pH), small hysteresis (of 8% of
48.1 mV/pH), and stable pH sensing even after 14 days of inactive storage, highlighting the
potential of using SWCNT for pH sensing. Goh et al. (2018) [94] reported fabricating a pH
sensor CNT-based ink deposited on silver electrodes. The sensor exhibits outstanding

biocompatibility essential for human skin-based applications.
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Figure 2.2: Fabrication process of the Graphene-based chemiresistive type pH sensor.

Source: Lei et al. (2011) [88].
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Figure 2.3: Schematic of the fabrication process of a SWCNT-based pH sensor.
Source: Qin et al. (2016) [93]
Jeon et al. (2020) [95] demonstrated the real-time application of a flexible pH sensor
developed from nanocomposites of SWCNTs and Nafion, which was added to make the
SWCNTs more robust to irreversible physical damage that could be caused by bending. The
sensor's sensitivity varied from 0.018 units/pH to 0.035 units/pH for alkaline and 0.019
units/pH to 0.039 units/pH for acidic pH conditions, where the variation depended on the
number of layers of ink deposition. The authors demonstrated the sensor's real-time
applicability but integrated it with a drone-based water pH monitoring system to monitor pH
at any location in the stream. Nevertheless, the authors did not establish the stability and
robustness of sensing in continuous water streams. Emami et al. (2021) [96] developed a
flexible pH sensor for wound monitoring, using the CNT — Polyaniline nanocomposites as a

chemiresistive sensor. They reported linearity in the 2 — 10 pH range, with a sensitivity of
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2.72 Q/pH and a response time of 70 seconds. Though this article does not discuss other
applications for the pH sensor, the repeated usage of CNT-based chemiresistors for pH
sensing in this as well as in the previous articles, in situations demanding flexibility and
affordability as well as reliability, shows the potential of CNT-based chemiresistive sensor
for pH sensing application as well as highlights the significant gap in affordable pH sensing

in water quality monitoring.

The currently commercially available technologies face notable hurdles related to stability,
consistency, and degradation of materials, both physically and chemically. Factors such as
the physical breakdown of sensing components due to increased water flow rates and
chemical changes induced by substances like chlorine pose significant challenges.
Microfabricated pH sensors have emerged as pivotal tools in water quality monitoring, albeit
facing considerable challenges that hinder their broad utilization [85], [97], and
chemiresistive type sensors offer more flexibility in adoption into water quality monitoring
applications due to their simpler fabrication process; affordable fabrication, assembly,

maintenance, and DAQ systems; lower operation cost; and easy scalability [64], [98], [99].
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Table 2.2: Summary of details of Current pH Sensing Technologies

Types Market Sensitivity and Stability and Durability Cost and Ease of Reference
Availability Selectivity Production

Glass Electrode Widely High sensitivity and High durability but requires Moderate cost. Production is [66], [67],

pH Meters Available selectivity. It can measure a | careful handling due to well-established but involves [68], [100],
wide pH range without fragility. Requires frequent sophisticated glasswork. [101]
interference. calibration.

ISFETs Available Good sensitivity and Good stability. Performance Higher cost due to [71], [75],
selectivity. Less affected by | can degrade over time due to semiconductor fabrication [80], [81],
external ions compared to surface fouling. processes. Moderate ease of [82], [102]
glass electrodes. production.

Optical Sensors Limited High sensitivity and good High. It is not prone to High cost. Production can be [69], [103],
selectivity, especially with electrical interference and has | complex due to the need for [104]
specific dyes and indicators. | no direct contact with the specialized equipment.

sample.

Voltammetric and | Limited High sensitivity. Selectivity | Good stability, but it can be Moderate to high cost. [72], [73],

Impedimetric depends on the electrode affected by the buildup of Production complexity [105]
material and setup. substances on the electrode. depends on electrode material

and design.
Diode-based Research Stage | Potentially high sensitivity. | Early stages of development, Currently, high cost and [74]

Selectivity may be enhanced
with specific designs.

so long-term stability is not
well-established.

complex production due to
being in the research and
development phase.

Metal Oxide- Limited Good sensitivity and Good, but performance can be | Moderate cost. Production [106], [107]
based Sensors selectivity can be achieved influenced by environmental involves standard materials

with specific metal oxides. conditions and chemicals. but requires precise control.
Chemiresistor Emerging Good sensitivity and Good stability, and Moderate cost and simpler [83] - [95]

type Sensors

selectivity can be improved
by using specific sensing
materials

reproducibility, but long-term
studies are not well-
established.

fabrication techniques.
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2.2.2 Monoparametric Sensors for Active Chlorine

Active chlorine (or total chlorine) sensor measures the concentration of either hypochlorous
acid (HOCI) or the hypochlorite ion (OCl) (or total chlorine). Colorimetric and
electrochemical methods are widely utilized compared to many reported analytical methods
for active chlorine detection. Other analytical techniques used for selective application are
iodometric titration [108], chromatography [109], chemiluminescence [110], amperometric
[111] and voltammetric [112], and potentiometric two-terminal (chemiresistors) and three-

terminal (chemFETS).

The colorimetric method-based sensors rely on a chemical reagent's colour change after a
reaction with chlorine. In contrast, electrochemical sensors measure the current generated
by the redox reaction of chlorine across the electrode. The choice of sensor for a given
application often depends on factors such as sensitivity, specificity, operational complexity,
ability to measure in real-time installation at the pipeline, and the cost associated with the

monitoring process.

The colorimetric method, particularly absorptiometry using DPD (N, N-diethyl-p-
phenylenediamine) [113], is favoured for its high-sensitivity application. This method
operates on the principle that active chlorine oxidizes DPD to produce a magenta compound
whose intensity indicates chlorine concentration and is photometrically measurable. The
DPD-based method is the standard analytical technique approved by the United States
Environmental Protection Agency for chlorine monitoring [56]. This reagent-based
methodology is typically confined to manual operations or laboratory settings due to its
reliance on reagents, which also introduces specificity issues in the presence of multiple
redox-active species. Methods like titration (iodometric or amperometric) and
chemiluminescence are unsuitable for continuous monitoring, and unaffordable when

scaling up, because of the use of specialized instruments.

Electrochemical methods offer a more straightforward approach, eliminating the need for
reagents and generating direct electrical signals that support autonomous and continuous
monitoring. However, electrochemical sensors require frequent calibration to compensate
for flow rate variations and electrode aging. The significant size of the complete system of

a conventional electrochemical sensor deters their use in online water quality monitoring
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solutions despite their reliability and widespread use in laboratory conditions. This prompts

the need for more compact and integrated solutions.

However, electrochemical methods that eliminate a few of these problems and improve the
pre-existing solutions have been actively researched for decades. Starting with, Pletcher et
al. (1991) [114] studied the response of platinum and gold electrodes to changes in chlorine
concentration in an aqueous phosphate buffer. This study demonstrated an excellent linear
relationship for lower concentrations of chlorine with respect to output current. Still,
extensive testing for deployment in water quality analysis was not discussed, while Berg et
al. (1993) [115] fabricated a 3-electrode silicon-based active chlorine sensor for water
quality monitoring. This sensor utilized a chloridized silver electrode as the silver electrode,
and the sensor did not suffer from the interference of dissolved oxygen. However, the authors
did not provide information on the effect of pH or TDS on the sensor response. They also

did not discuss continuous monitoring of chlorine in flowing water.

Kodera et al. (2005) [112] demonstrated a free chlorine sensor based on voltammetry using
platinum, gold, and glass carbon electrodes having detection capability in agreement with
iodometric titration with a range of 4 — 400 mg/1, while Campo et al. (2005) [111] improved
the free chlorine sensing by replacing platinum electrodes with gold electrodes. In this study,
the authors also demonstrated 7 days of continuous free chlorine measurement in tap water,
wherein the gold electrode performed better than the platinum electrode. They demonstrated
the functionality within the limited range of 0 to 0.5 mg/l but with a detection limit of 0.22
(£0.09) mg/1 without electrochemical cleaning and 0.08 (= 0.08) mg/l with electrochemical

cleaning of the sensor.
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Figure 2.4: Schematic of Electrochemical (Amperometric type) Active Chlorine Sensor and its
working principle. Source: Qin et al. 2015 [85].

Pan et al. (2015) [116] devised a low-cost free chlorine sensor using pencil lead as the
electrode, using ammonium carbamate to modify its surface electrochemically. Though the
faster response time and negligible hysteresis prove the feasibility of this sensor for real-

time monitoring, the authors did not provide an extensive analysis of its long-term stability.

Qin et al. (2016) [117] introduced a paper-based hand-drawn electrochemical free chlorine
sensor with stability, reusability, and wider sensing range. The chemiresistive type sensor
had poly(3.,4-ethylene dioxythiophene): poly(styrene sulfonate) (PEDOT: PSS) as the
conductive ink that is deposited within silver electrodes. The authors identified a variation
of less than 15% in sensitivity after 30 days of storage, leading to the question of long-term
storage contributing to the degradation of the sensor. Also, the authors did not discuss
continuous monitoring of flowing water. Davis et al. (2007) [118] developed a disposable
sensor to determine free chlorine and total chlorine using microelectrodes rapidly. Though
they provide a faster response time and resolution of 0.02 mg/1 within a usable range of 0 —
20 mg/l, this sensor cannot be used for continuous chlorine concentration monitoring as they

are developed for single-use applications.

Yen et al. (2020) [119] improved the PEDOT: PSS inked paper-based sensor developed by
Qin et al. (2016) [117] by doping the PEDOT: PSS with graphene. This nanohybrid sensor
demonstrated a LOD of 0.18 mg/l in the 0.1 to 500 mg/l range. The authors also established
the real-time application of the sensor by interfacing it with an electrical readout that
provides the chlorine concentration to a smartphone via Bluetooth. Although this provides a

low-cost, compact solution, extended testing on its long-term stability was not discussed,
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and the methodology is not suitable for continuous real-time monitoring of chlorine

concentration.

Murata et al. (2008) [120] employed Boron-doped diamond (BDD) electrodes alongside
voltammetry to quantitatively assess active chlorine, revealing a nearly linear correlation
with chlorine concentration. However, the high costs of sensor production and the data
acquisition system, the necessity for a pretreatment process, and the limited research
supporting this method hinder its application for continuous real-time monitoring of chlorine
levels. Yang et al. (2009) [121] demonstrated the potential for an electronic-grade CNT-
based active chlorine sensor in an integrated microfluidic chamber. The sensor exhibits a
detection limit lower than Sppb, with a longer response time (in minutes) and even longer
recovery time (in hours) at room temperature. This acts as a bottleneck when deploying this
sensor for real-time chlorine monitoring applications. Also, the authors did not provide

information on the sensor's sensitivity to the water sample's pH.

Olive-Monllau et al. (2010) [122] demonstrated the use of composite electrodes with
MWCNTs within a Flow Injection Analysis (FIA) system for low-level free chlorine
detection in various water samples, including swimming pool and tap water, maintaining
stability over 30 days. However, the widespread application for real-time monitoring across
water distribution networks is hindered by the cost-effectiveness of the measurement system.

This limitation suggests the need for further development to reduce the sensor cost.

Senthilkumar et al. (2014) [123] developed a disposable active chlorine sensor based on a
polymelamine-modified screen-printed carbon electrode, which provided a wider linear
dynamic range of 0.5 to 300 mg/l and 0.3 mg/l LOD, which is better than using graphite or
platinum or BDD or gold microelectrodes as reported in the previous studies. This
technology can be used for routine analysis of active chlorine in tap water and swimming

pools but cannot be used for continuous monitoring.

Hsu et al. (2015) [63] doped SWCNTs with phenyl-capped aniline tetramer (PCAT) to
develop a simple active chlorine sensor (Figure 2.5) with a range of 0.06 to 60mg/1, where
the sensor exhibited a linear response for the range of 0.06 to 6 mg/I1. The response to chlorine
is due to the oxidation of the PCAT, so the authors proposed an electrochemical reset before
each subsequent measurement. The authors demonstrated the potential applicability of

SWCNT-based sensor for continuous real-time chlorine monitoring by experimenting with
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this sensor for 30 hours. The authors also reported the need for further investigation to assess
potential interference from other oxidant species; nevertheless, the sensor remains suitable
for measuring free chlorine in the water distribution network, where only free chlorine is

allowed as the oxidant species.

Carbon Nanotube
Test Liquid

Inlet/Outlet

=7 %

3 PDMS Microchannel

Glass Substrate

‘ Gold electrode

Figure 2.5: Outline of a Chemiresistive Chlorine sensor (PCAT-SWCNT type).
Source: Hsu et al. (2015) [63]
Building on the previous work with PCATs and pencil lines, Mohtasebi et al. (2017) [124]
and Hoque et al. (2017) [76] used PCAT-doped pencil lines to measure active chlorine in
water, improving on the methodology developed by Hsu et al. [63]. This sensor showcases
a broad detection range for aqueous free-chlorine from 0.06 mg/L to 60 mg/L, with a stable
and nearly linear response unaffected by common interferences. Its design eliminates the
need for electrochemistry or a reference electrode, making it robust, cost-effective, and ideal
for applications with limited resources. However, the need for a reset procedure after every
measurement (to bring the sensor back to sensing condition) affects its feasibility in

continuous chlorine concentration monitoring.

Wilson et al. (2019) [125] elaborately reviews different chlorine sensors, specifically in the
context of continuous monitoring in water quality applications. The author argues that
compared to reagent-based techniques (colorimetric, luminescent, and fluorescent methods),
the electrochemical techniques, specifically the amperometric methods, are ideal chlorine
sensors because of being reagent-free, accurate, easy to use, and low maintenance. The
review also highlights the issues of current electrochemical sensors (commercial sensors and

reported in the literature), like the degradation of precious metal electrodes, microfouling by

37
TH-3536_186107106



Chapter 2

organisms, mineralization, and instability in long-term use. The authors conclude by
defining an ideal chlorine sensor as one that should have the simplicity and reagent-less
operation of electrochemical sensors while being equally robust as the offline analysis. These
sensors should be tested in actual distribution network conditions to ensure their stability

and robustness. They should also be easily deployable, with minimal maintenance.

Alam et al. (2021) [126] discussed a reagent-free, reusable active chlorine sensor using gold
electrodes, which, being a robust and stable sensing material, provided comparatively
superior performance in actual samples of tap water and swimming pool water than the
graphite-based alternatives. Apart from superior performance, the authors reported
immunity to common interferents, low drift, and low pH dependence between pH 7 and 8.
However, the sensor measurement was performed with stable water in beaker tests; it was

not subjected to continuous water monitoring.

On the other hand, Zubiarrain-Laserna et al. (2022) [127] identified the need for continuous
real-time chlorine monitoring and demonstrated a graphene-like carbon film (functionalized
with PCAT) based chlorine sensor that operates without any reset procedure for continuous
monitoring. Though the sensor range is limited to 0.01 — 1.4 mg/l, the limit of detection of
<1 pug/l and the absence of a resetting process enables the usage of this sensor in continuous

chlorine concentration monitoring, with the only caveat being the longer response time.

Siddiqui et al. (2023) [128] extensively reviewed several carbon-based electrochemical
active sensors for active chlorine concentration measurement. The authors presented the
limited methodologies with affordable fabrication as the major bottleneck in adopting

carbon-based chlorine sensors for water quality monitoring.

The simple design of chemiresistive sensors and low-cost materials used in the fabrication
highlight chemiresistors-based chlorine sensors as the solution for affordable chlorine
monitoring systems. Other concerns, including reversibility, interference, sensor
degradation, and fouling, will have to be addressed to fully realize the continuous chlorine
monitoring with a chemiresistive sensor instead of offline sampling or electrochemical-

based chlorine sensors currently in use.
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Table 2.3 Summary of key aspects of each sensor transduction methodology with respect to
affordable water quality monitoring

T Affordability | Robustness | Ease of | Real-time Scalability
es
P deployment | monitoring

Colorimetric (DPD-

NA 4

based) ® *® ®
lodometric Titration @ ) 4 NA ® %
Chemiluminescence > 4 o ® ® ®
Amperometry ® ® 4 ® ®
Electrochemical > 4 o ® ® ®
CNT-based ® ® PS ® o

electronic sensors
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Table 2.4: Summary of details of Current Active Chlorine Sensing Technologies

Typical Device Cost &
Market
Types range and Ease of Ease of Installation Major concerns Reference
Availability
LOD Production
Colorimetric (DPD- | Available 0to 5 ppm, Low-cost reagents Manual measurement, Continuous monitoring is | [113],
based) 4 ppb and devices, Easier Increases operational cost | not possible, and higher [129],
production operational costs [130],
[131],
[132]
Iodometric Titration | High (Lab 1 to 15 ppm, Low, primary costis | Laboratory setting Not suitable for real-time | [108]
use) 150 ppb for reagents infield monitoring
Chemiluminescence | High 0 to 28 ppm, Increased cost due to | Requires specialized Not suitable for [28], [133]
18 ppb the use of expensive | equipment in most cases continuous monitoring
light sources and
devices
Amperometry High 0 to 20 ppm, Moderate to high Subject to system design Known interference with [111],
5 ppb depended on the for integration, requires metal ions, oxidants, [122],
materials used for the | test cells, deters compact biofilms, and scale [134],
fabrication of installation [135]
electrodes
Electrochemical High 0.1 to 400 Moderate to high Subject to system design Frequent recalibration, [111],
(General) ppm, depended on the for integration, requires high dependence on flow | [112],
20 ppb materials used for the rate, aging of electrodes [114],
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Typical Device Cost &
Market
Types range and Ease of Ease of Installation Major concerns Reference
Availability
LOD Production
fabrication of test cells, deters compact [115],
electrodes installation [120],
[129]
Electrochemical Varied 001to1.4 Low-cost materials, Often requires microfluidic | Long-term stability and [127]
(Graphene-based) ppm, compact design channels continuous monitoring are
1 ppb questionable, limited
lifetime of coated
membrane
Electrochemical Prototype 0.5 to 50 ppm, | Low production cost, | Often requires microfluidic | Long-term stability and [116],
(paper-based) 500 ppb compact design channels continuous monitoring are | [117],
questionable, limited [118],
lifetime of coated [119]
membrane
CNT-based Research 0.05 — 60 ppm, | Low production cost, | Easier than an Information on long-term | [63], [121],
electronic sensors 60 ppb compact design electrochemical stability and continuous [122],
counterpart monitoring is scarce in the | [124]

literature
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2.2.3 Focusing on CNT-based chemiresistive sensors

Chemiresistive sensors stand out as the optimal technology for pH and active chlorine
detection in water quality analysis due to their fundamental attributes of simplicity,
durability, affordability, and cost-effective manufacturing and operational processes [136].
These sensors circumvent the necessity for reference electrodes, a requirement in
electrochemical sensors, and present an efficient, economically viable solution as opposed
to optical sensors that necessitate complex and expensive setups for accurate readings. Their
operation involves direct contact with the analyte, thereby facilitating real-time monitoring.
This direct interaction mechanism enables chemiresistive sensors to provide more consistent

and reliable measurements for critical water quality parameters like pH and active chlorine.

Carbon Nanotube (CNT) based sensors are increasingly recognized in water quality
monitoring, particularly for pH and active chlorine sensing, thanks to their exceptional
electrical, chemical, and mechanical properties [137]. Compared to other carbon-based
materials like graphene, CNTs exhibit unique advantages, including higher surface area-to-
volume ratios and distinct electron transport characteristics, which enhance sensitivity and
selectivity towards specific analytes. These properties make CNTs especially adept at
detecting subtle changes in water quality through chemiresistive changes. The operating
principle for Active chlorine and pH sensing is based on chemo-physisorption and is mostly
reversible [97]. For broader water quality monitoring, CNTs' versatility in functionalization
allows for detecting a wide range of pollutants beyond pH and active chlorine, including
heavy metals and organic compounds, positioning them as comprehensive tools for ensuring

water safety and compliance with environmental standards.

Integrating CNTs into chemiresistive sensors significantly enriches the pH and active
chlorine monitoring methodology, providing a synergistic approach to water quality
assessment [138]. The high sensitivity of CNTs to chemical changes enables the detection
of minute concentrations of contaminants, while their rapid response times facilitate
immediate water quality assessment. This combination ensures that CNT-based
chemiresistive sensors can offer detailed and dynamic insights into water quality, surpassing
the capabilities of conventional sensors. Moreover, the ability of CNT sensors to operate
effectively in complex water matrices without the need for frequent recalibration or reagent

replenishment underscores their practical advantage for continuous monitoring applications.
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Despite the promising advancements and detailed literature surrounding CNT-based
chemiresistive sensors for water quality monitoring, the transition from research to real-
world application faces significant hurdles, primarily due to the scarcity of commercial
solutions that utilize CNTs. This scarcity underlines a significant gap between technological
innovations and their market realization, necessitating augmented research, development,
and commercialization efforts to facilitate the transition from laboratory achievements to

effective field deployment.

Compounding these challenges is the lack of long-term stability data and comprehensive
monitoring studies under real-world conditions, which are critical for assessing the sensors'
performance and reliability. The existing literature primarily focuses on short-term
laboratory experiments. So it often falls short of providing essential insights into the sensors'
behavior in varying water environments, like their maximum saturation limits for diverse
analytes, and the factors affecting their stability and sensitivity like (but not limited to) type
and concentration of analytes, the pH and temperature of the water, the functionalization and
alignment of CNTs, the electrode material and configuration, and the presence of interfering
substances or biofouling. Addressing these gaps through detailed research on the long-term
durability, optimal operational parameters, and calibration techniques of CNT-based sensors
is crucial for advancing water quality monitoring technologies and eventually unlocking the

full potential of CNTs to safeguard public health and the environment.
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2.3 State of the Art on Multiparametric Sensing Technologies for water

quality monitoring

Water quality monitoring (WQM) involves assessing various parameters like chlorine, pH,
temperature, and conductivity to ensure the safety and suitability of water for use.
Traditionally, this has been achieved by utilizing individual sensors for each parameter to
collate and analyze the data. This method works well for monitoring specific locations or for
straightforward applications, offering a direct approach to gathering necessary water quality

data.

Vijayakumar et al. (2015) [32] designed a simple water quality monitoring system by
combining several individual sensors for measuring pH, temperature, conductivity, turbidity,
and dissolved oxygen into a single unit. A Raspberry Pi was used as a core controller to
collect data from all these sensors, process them, and upload them to a cloud platform. So,
any user with a smartphone could connect to the cloud platform and monitor these
parameters in real-time. However, this system was limited to a particular area, and upscaling
can become exponentially cumbersome due to too many components being interfaced, which
can also exponentially increase the associated costs. Ilie et al. (2017) [139] utilized a
commercially available smart water kit (Libelium Smart water kit [140]) to configure a
wireless sensor network by integrating 3 smart kits, each having electrodes to measure pH,
Oxidation-Reduction Potential (ORP), conductivity, and temperature. This article discussed
the advantages and problems faced with integrating multiple electrodes with a sensor node
kit and the ease of upscaling facilitated by Libelium. However, using electrodes increased
the cost of the unit and the price for upscaling, apart from requiring regular maintenance and

calibration.

Several such systems are reported in the literature, focusing on combining individual sensors
for each parameter into a single WQM unit. Cui et al. (2018) [141] demonstrated a WQM
unit that collected data from sensors for free chlorine, pH, conductivity, and ORP, as is then
transmitted wirelessly to a primary station where the real-time values are displayed; He et
al. (2021) [142] developed an alarm system that alerts the farmers about the degradation of
water quality, estimated as water quality index derived from the measurement of
temperature, pH, dissolved oxygen, turbidity, ammonia, nitrogen, and lead. The system
integrated electrode-type sensors for each of the above parameters; Okpara et al. (2022)
[143] provided a detailed review of several such related works in the literature where the
improvement is done to upscale the WQM units over a water distribution network via
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wireless sensor networks. However, all the WQM units are based on a combination of several
individual sensors. As an alternative to the electrode type, microfabricated sensors were
used, as proposed by Gimenez-Gomez et al. (2015) [144]. Here, platinum thin film

electrodes were used to develop sensors for conductivity, ORP, and temperature sensors.

This conventional method of multiple sensor systems has several limitations, including its
bulkiness, high cost, and complexity, which pose challenges for scaling up and deploying
across extensive water distribution networks. These drawbacks have prompted the
exploration of more innovative approaches, such as developing electronic tongues.
According to IUPAC, an electronic tongue is an analytical tool comprising an array of non-
selective chemical sensors with partial specificity and a pattern recognition system designed
to identify the qualitative and quantitative makeup of both simple and complex solutions

[145].

Electronic tongues represent a promising alternative for water quality monitoring, offering
a more compact and cost-effective solution than traditional methods. Their simpler
fabrication process, affordability, and flexible integration into larger water distribution
networks make electronic tongues especially appealing for modern water quality assessment
needs. The oldest and most significant work in the development and application of electronic
tongue in water quality can be traced back to the work done by Legin et al. (1999) [146],
where they developed the electronic tongue with 29 potentiometric chemical sensors to
classify between mineral waters, between contaminated and pure water, and between
samples of wines from different vineyards. Though this was a qualitative analysis, several
applications for quantitative analysis in different domains were already discussed in the
literature, like the work done by Vlasov et al. (1996) [147], in which they developed a
multisensor system to estimate the concentrations of heavy metal cations in multi-component
aqueous solutions. Witkowska Nery et al. (2015) [148] presented a paper-based, affordable
electronic tongue that can classify tap and lake water from 11 mineral water samples using

PCA.

Electronic tongues, in general, can be classified based on the sensing mechanism of the

sensors into voltammetric, potentiometric, amperometric, and chemiresistive.

Carbo et al. (2018) [149] developed a voltammetric electronic tongue comprising electrodes
of iridium, rhodium, platinum, and gold to quantify the pH and concentrations of nitrate,

sulphate, fluoride, chloride, and sodium. Whereas, Cuartero et al. (2022) [150] utilized 6
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potentiometric electrodes to classify between different samples of natural mineral water, as
well as quantify the concentration of significant ions like chloride, nitrate, sulphate,
bicarbonate, magnesium, sodium, and calcium. Kirsanov et al. and team developed various
potentiometric electronic tongues for several applications ranging from quantification of rare
earth mixtures [151] to water toxicity assessment [152], [153], [154], water quality control

[155], [156].

With the exponential usage of smartphones (a computing device), the technology stack for
interfacing with multiparametric sensors has become more adaptable [157]. Alam et al.
(2021) [158] discusses a multiparameter water quality monitoring system that measures pH,
temperature, free chlorine concentration, and bisphenol A on-demand and transmits the data
via Bluetooth to a mobile application. Alam et al. (2022) [36] improved the electrochemical
sensor array for in-situ water quality monitoring by fabricating sensors for pH, free chlorine,

and temperature onto glass slides.

With advancements in chemiresistive sensor technology, electronic tongues are increasingly
becoming viable for widespread application, demonstrating the significant potential for
enhancing water quality monitoring infrastructure. Several articles have reported the
application of chemiresistive sensors for electronic nose systems in environmental
monitoring, as discussed in the reviews by Chiu et al. (2013) [159], Moon et al. (2014) [160],
and John et al. (2021) [161]. However, very few articles discuss the usage of chemiresistive-
based electronic tongues for water quality applications. Darestani-Farahani et al. (2022)
[162] proposed using a solid-state chemiresistive sensor array to quantify nitrate, nitrite, and
ammonium ion concentration in water. They demonstrated that these sensor arrays are
equally sensitive and more selective than equivalent potentiometric sensors. Since
chemiresistive sensors do not require reference electrodes, they are more robust for

continuous water quality monitoring.

Chemiresistive sensors, with their simplistic design, present a cost-effective and scalable
solution for water quality monitoring. Their affordability makes them accessible for
widespread use, potentially allowing for an extensive network of monitoring stations. This
scalability is crucial for covering large distribution systems ensuring comprehensive water
quality assessment across diverse geographical areas. Unlike more complex and expensive
technologies, chemiresistive sensors can be easily deployed and maintained, making them
ideal for resource-limited settings. Their simplicity does not compromise their effectiveness;

these sensors can provide accurate and reliable data, essential for informed decision-making.
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As aresult, chemiresistive sensors stand out as a practical choice for expanding water quality
monitoring efforts, making them an attractive option for environmental scientists and
policymakers alike. Their high sensitivity, selectivity, and simple fabrication process
positions CNT-based sensors as prime candidates for developing electronic tongues[138],

[163].
2.4 Overview of Calibration and Calibration Transfer

The development of multiparametric sensors demands the formulation of highly accurate
calibration models to correctly identify and measure each analyte based on the sensors'
response. This calibration is crucial for the sensors to perform effectively, especially when
dealing with various substances in an environment that could interfere with accurate
detection. To build such calibration models, it is important to design calibration experiments
specifically tailored to address these challenges, aiming to minimize the influence of
environmental disturbances on the sensor's accuracy. We can improve the sensor array's
performance, validate sensor reliability, and ensure precise data collection through optimal
experiment designs [164], [165] with respect to the sensor application, range, and

environment.
2.4.1 Sensor Calibration

Calibration is an essential process involving the development of a mathematical model
known as a calibration model that effectively maps the sensor's output signal to a specific
target parameter. The development of a calibration model in sensor technology is guided by
two fundamental approaches [166], [167], [168]: the classical approach and the inverse
approach. The classical approach constructs the model by defining the sensor response (y)
as a function of the target parameter (x), typically through a simple linear regression model
such as y = aix + b1, where b represents the measurement error associated with the sensor.
Conversely, the inverse approach models the target parameter as a function of the sensor
response, expressed as X = ay + ba, where bz denotes the error in measuring the target

parameter (by the reference sensor).

In either approach, two distinct calibration models, physics-based or first principles based
and data-driven, can be developed. Physics-based models derive from the fundamental
principles governing the sensor's operation, aiming to capture the underlying physical
relationships through calibration [169], [170], [171]. This approach models the sensor's

behavior based on its design and operating conditions, providing a theoretically grounded
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understanding of its outputs. These models are specific in nature and can be utilized only
with those sensors whose underlying behavior can be explained as per the principles
assumed. Here, the model structure is predefined, and only the coefficients are estimated

from the sensor response data.

Conversely, data-driven models focus on identifying the mathematical function that best fits
the calibration data, without requiring prior knowledge of the system’s internal workings.
These models learn from data to establish relationships between inputs and outputs,
prioritizing empirical accuracy over theoretical understanding. They leverage statistical
techniques and machine learning algorithms, such as linear regression, support vector
machines, and neural networks, to optimize performance [172],[173], [174]. The calibration
process typically involves fitting the data to several models and selecting the best-
performing one based on criteria like prediction accuracy, robustness, and interpretability.
This approach offers flexibility and can be applied broadly across various sensor types,
making it a robust choice for diverse calibration tasks. The selection between physics-based
and data-driven methodologies depends on the specific requirements of the calibration task,
including the nature of the sensor, the target parameter, and the desired level of accuracy

[175].

Monoparametric sensors, characterized by their ability to measure a single parameter,
typically utilize univariate calibration to map a single sensor response vector to a
corresponding target vector. This approach predominantly employs simple linear regression
(y = mx + c¢) as its foundational technique, although the model can be adjusted based on the
specific physics underlying the sensor's operation. The literature on univariate calibration is
extensive [176], [177], covering both specialized models tailored for particular types of
sensors and more generalized approaches for model development. The developed calibration

model is essential for effectively using monoparametric sensors across various applications.

In contrast, the calibration of multiparametric sensors, capable of measuring multiple
parameters simultaneously, encompasses a wider range of techniques that vary in
complexity. The simplest among these is multiple linear regression, which extends the
concept of linear regression to accommodate multiple inputs and outputs. However, as the
complexity of the sensor responses increases, more sophisticated linear/non-linear methods
are employed. These advanced techniques include projecting the sensor response onto a
hyperplane and developing a regression model based on those scores, unfolding the data to

introduce extra dimensions, or utilizing computational approaches like neural networks
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[178], [179], [180], [181], [182], [183]. These methods are designed to capture the
relationships between multiple sensor responses and their corresponding target parameters.
The diversity of calibration techniques for multiparametric sensors reflects the challenges
and opportunities in harnessing their full potential for comprehensive and nuanced data

analysis.
2.4.2 Calibration Transfer

Calibrating multiparametric sensor systems is an intricate, time-intensive process that
demands considerable resources. The calibration models produced are closely associated
with the specific sensors and the environmental conditions during the calibration process.
When these sensors are introduced to new environments, or as their performance naturally
declines over time—a phenomenon known as sensor drift—the original calibration models
become less precise and eventually outdated [184], [185], [186], [187]. This issue is
compounded by intrinsic factors, such as changes within the sensor units themselves,
including alterations in the sensing layer [188], [189], the binding of inhibiting substances
to metal oxide layers [190], and the transformation of parts of polymers into non-conductive
states due to redox reactions [191]. These factors contribute to the difficulty of applying a
calibration model developed for one multisensor system based on a calibration experiment

to a new sensor.

The complexity of creating a universal calibration model, which would be applicable across
sensors developed in the same or different production batch, is substantial. To address this,
calibration transfer techniques have emerged in chemometrics, offering strategies to adapt
calibration models for use across different sensor units and settings [192]. These methods
were initially crafted for spectral data, facilitating the standardization between primary and
secondary spectroscopic instruments to reuse calibration models [193], [194], [195], [196],
[197], thus lowering the costs of recalibration and accelerating sensor deployment. However,
the application of these techniques to non-spectral, multisensor data remains relatively
unexplored in the scientific literature, with existing studies focusing on specific sensor types
and their novel applications, such as electronic noses/tongues[186], [198], [199], [200],
[201], gas sensor arrays [202], and potentiometric sensors [185], [203], without examining

their broader applicability.

In the context of CNT-based chemiresistive sensors, ensuring the selectivity and sensitivity

of chemiresistors across different production batches to meet the stringent requirements of
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calibration models often necessitates advanced CNT ink deposition technologies. This
requirement can significantly increase the fabrication costs. An alternative strategy involves
adapting the calibration model to accommodate variations between batches through minor
modifications. This process, known as calibration transfer, allows cost-effective calibration
adjustment without repeating the extensive experiments performed for initial model
development. By leveraging calibration transfer, manufacturers can maintain sensor
performance across batches more economically, mitigating the need for high-end fabrication

processes.
2.4.3 Need for Calibration Transfer for CNT-based Chemiresistors

Calibration model development for a CNT-based chemiresistor sensor array is not
straightforward. Fabrication of CNT-based chemiresistors does not yield identical sensors in
all the batches [87], [88] unless advanced ink deposition technologies are utilized. The
primary characterizing feature of CNT-based chemiresistors is their baseline resistance and
minimal capacitance effect. Due to various reasons like the variations in the CNT during ink
preparation, non-homogenous mixture of CNT in the ink volume deposited, uneven ink
spreading onto the substrate, microscopic variations in the ink during deposition and drying,
environmental effects, etc accelerate the variations among the chemiresistors within the
batch [90]. Between each batch, a few more factors like ink age, conditions during ink
storage and transport, minute variations within the substrate, variations in the printer
between batches, etc, also add to the differences in the chemiresistors. These differences
ultimately lead to each chemiresistor having a signature baseline resistance, which may or

may not be within the negligible range.

Therefore, the best-fit model developed for one chemiresistor sensor array may not
necessarily be the best-fit model for another set or batch of sensor arrays. This highlights the

need for calibration transfer applications in chemiresistor-based sensor arrays.

For a monoparametric sensor, a simple slope and offset correction would have been
sufficient to eradicate all the above-discussed differences, but for a multiparametric sensor,
that is not feasible. Especially in the case of a CNT-based chemiresistive type sensor, which
responds to the target analyte with different gains and may provide a differential response in
the presence of interferents, multiparametric calibration model development is significantly
challenging. The complexity of this challenge grows exponentially unless curbed by

calibration transfer.
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2.4.4 Different Approaches to Calibration Transfer

The calibration transfer methodology typically involves three approaches: model updating,

transfer based on signal processing, and standardization.

In the model updating approach, the calibration model undergoes retraining through the
incorporation of new samples or data derived from a secondary sensor developed in a new
batch [203], [204], [205]. The success of the updated model hinges on the secondary data's
quality and ability to accurately reflect the variability observed across the entirety of the
secondary sensor's data. This method of implementing updates to the model is notably more
straightforward than other calibration transfer techniques, making it a preferred choice for
addressing issues of sensor drift by leveraging the relationship between the datasets of the
primary and secondary sensors. As time progresses, these newly added data samples begin
supplanting older samples within the model's training dataset, as illustrated in Figure 2.6 (b),
where the primary calibration model is retrained with the new samples. Nonetheless, this
strategy falls short in more complex scenarios, such as those involving non-linear
relationships, where the need for an increased volume of secondary sensor data necessitates
a full recalibration of the sensor. Additionally, the requirement to compute a distinct model
for each sensor unit—due to each model's specific association with its respective unit—poses
a significant challenge, particularly when the model computation is computationally

demanding.

Signal processing-based calibration transfer methodology involves various pre-processing
techniques to eliminate variations specific to the sensors or their operating environments,

thereby highlighting the variations pertinent to the samples or targets.
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Figure 2.6: Calibration Transfer Methodology: Model Updating

Techniques range from fundamental operations such as baseline correction, scaling,
smoothing, noise reduction, and sample normalization to more sophisticated methods like
finite impulse response (FIR) filtering, generalized moving window multiplicative signal
correction (MSC) [206], [207], orthogonal signal correction (OSC) [208], [209], [210], and
wavelet-based pre-processing [211]. Following this preparatory stage, the calibration model
is constructed using the processed signals (Figure 2.7 top), which helps insulate the model

from discrepancies stemming from different sensors or environmental conditions. Once the

calibration model is developed

with any other sensor can be made with the same calibration model after repeating the same

signal processing steps.
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Figure 2.7: Calibration Transfer Methodology: Signal Processing
Nonetheless, the challenge of precisely pinpointing and segregating these sensor-specific
variations limits the applicability of this strategy, confining its use to scenarios where such

differences can be accurately identified and quantified.

Standardization techniques involve the adjustment of the secondary sensor's response to
align with the characteristics of the primary sensor's response. This alignment is achieved
through modifying sensor responses or model predictions via mathematical operations. The
standardization process is executed in two phases: initially, a mapping is created between
the responses of both the primary and secondary sensors through the application of transfer
standards (Figure 2.8). Subsequently, this established relationship is employed to predict the

measurand value based on new outputs from the secondary sensor.
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Figure 2.8: Calibration Transfer methodology: Standardization
Within the scope of multisensor systems, the direct standardization approach is frequently
discussed for transferring calibrations [185], [186], [198], [202], [203]. Developed methods,
including single wavelength(sensor) standardization [185], [186], model adjustment through
sample weighting, Tikhonov regularization, joint Y-partial least squares regression [203],
the application of transfer learning (transfer sample-based coupled task learning) [201],
Spectral space transformation [212], and Variable Penalty dynamic time warping method
[213] have been tailored to the unique aspects of their respective applications. These
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techniques, however, often lack the universality required for broad application across
different sensor systems, highlighting the ongoing challenge of achieving effective

calibration transfer in diverse sensing scenarios.
2.5 Identification of Literature Gaps and Future Directions
The literature review identifies several vital gaps in the field of water quality monitoring:

e Due to high initial and operational costs, current pH and active chlorine sensing
technologies on the market are expensive for widespread implementation within
water distribution networks, particularly in developing nations like India.

e While academic research has proposed more affordable sensors, there is a noticeable
lack of information on their long-term stability, deployment outcomes, and capability
for sustained operation, making their immediate real-world application uncertain.

e There is significant research interest in developing sensors based on carbon nanotube
(CNT) technology for monitoring active chlorine, pH, and other water quality
indicators, showing an apparent inclination toward utilizing CNTs for water quality
assessment.

e However, the literature on CNT-based chemiresistive sensors predominantly focuses
on individual water quality parameters, with a minimal exploration into their
potential as multiparametric sensors for a holistic approach to water quality
monitoring.

e No commercial versions of these comprehensive multiparametric sensor systems (on
CNT-based chemiresistors) have been developed or made available in the market.

e Developing a universal calibration model for multiparametric sensor systems poses
difficulties due to differences between units produced in the same batch, highlighting
an urgent need for methods that allow calibration models to be applied across various
multiparametric sensors.

e There is limited discussion on using Calibration Transfer Techniques for systems
with multiparametric sensors, and this discussion typically focuses on individual
types of sensors, indicating a lack of comprehensive analysis and application in this

arca.

The core research objective can be established as the intersection of continuous and real-
time monitoring of water quality parameters using a Multiparametric sensor based on

chemiresistors made out of carbon nanotubes, visualized in Figure 2.9.
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Y

Figure 2.9: Visualization of the core research objective

Research Objective

In the context of the project LOTUS, Sensor chips are developed and fabricated by the
LOTUS project team at Université Gustave Eiffel [39], [214]. Developing an End-to-End
integrated sensor platform for the sensor chip for water quality monitoring constitutes the
primary intent of this thesis. From this perspective, based on the literature survey conducted
on the current water quality monitoring technologies, the following research objectives were

formulated:

1. Development of a Sensor Platform with the LOTUS sensor chip:

e End-to-end integration of the LOTUS sensor chip — a CNT-based
chemiresistive sensor for pH and Active chlorine sensing

e Improving the pre-existing data acquisition system (DAQ) to interface with
the chemiresistive sensor, considering the typical issues pertaining to
electrical sensing in water

e Development of software tools to interface with the DAQ to collect the data,
process the data, and provide a minimal data visualization platform for user

interface
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e Designing, developing, and validating the deployment strategy of using a
bypass structure to protect the sensor from fouling and provide easy

installation

2. Characterization and Calibration of LOTUS sensor:

e Formulating the experiment protocols for laboratory setup and in a water loop

representing a typical water distribution network

e Developing calibration models for the LOTUS sensor based on the generated

experimental data

e Characterizing the sensitivity, accuracy, and uncertainty associated with the

sensors and calibration model

3. Optimizing and Streamlining Mass Calibration Process:

e Assessing the Calibration Transfer techniques reported in the literature for
use with multiparametric sensors, using available gas sensor datasets to
identify the optimal strategy for application to LOTUS sensor

e Developing a methodology for deploying the identified calibration transfer
technique to LOTUS sensor aiding in Mass Calibration
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Sensor Platform Development

Abstract: This chapter presents the end-to-end integration of the LOTUS sensor — a
multiparametric sensor with several CNT-based chemiresistors that can measure active
chlorine and pH, thermistors that can measure temperature, and capacitive sensors that can
measure conductivity. The chapter introduces the sensor chip, explains the fabrication and
assembly of the chip into the sensor, and discusses the evolution of the DAQ system
developed explicitly to optimally acquire response from this chip and transfer it to a
connected host system. This chapter concludes with a brief discussion of the minimal
dashboard developed for data visualization.
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3 Sensor Platform Development

3.1 Introduction

The sensor platform of the LOTUS project comprises three main components, each playing

a crucial role in the functionality and data collection process of the system (Figure 3.1):

Sensor Head: This component houses the assembled sensor chip. The sensor chip is the core
element responsible for detecting and measuring the various parameters related to water
quality. It is designed to accurately sense the water conditions based on Active chlorine, pH,

conductivity, and temperature.

Sensor DAQ: The Sensor (Data Acquisition) DAQ is the intermediary electronic card
connecting the sensor head to the host system. Also known as Analog Front End (AFE), this
DAQ is a microprocessor-driven data acquisition system that communicates with each
sensor device in the sensor head. The AFE triggers the sensors, gathers their outputs, and
pre-processes the data before sending it to the host system. The precision of the data collected

significantly influences the sensor performance.

Host System: The Host System is the central hub for data transmission and user interaction.
The Sensor DAQ communicates the collected sensor data to the host system through a
USB/UART interface. Depending on the specific application or use case, the host system
serves as the user interface for end-users, allowing them to monitor and analyze the water
quality data in real-time. The host system can also function as a data transmitter, sending the

collected data to the cloud for storage, analysis, or further processing.

Microprocessor

Sensor Head Analog ADC DAC || Memory UsSB Host system
3 Mux interface i

Figure 3.1: LOTUS sensor system - Block diagram
The sensor casing is a crucial component of the sensor unit, protecting the internal
components from water (as the sensor will be immersed in a continuous water stream) and
houses the sensor chip and the AFE system. The sensor casing is divided into parts made
from PVC material: the sensor head casing and the sensor body casing. The sensor head
casing, as shown in Figure 3.2 on the left, is where the substrate is attached. In contrast, the

sensor body casing, depicted on the right in Figure 3.2, encloses the AFE responsible for
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gathering data from the sensor. This sensor unit is designed to be exposed to water flow,
enabling real-time monitoring of water quality parameters. The casings are designed for ease

of installation and maintenance.

Figure 3.2: Sensor casing: left = sensor head casing and right = sensor body casing
In brief, the LOTUS project's sensor platform comprises the sensor head for assembling the
sensor chip, the sensor DAQ (i.e., AFE) for acquiring and processing data, and the host
system for transmitting data and facilitating user interaction. These elements collaborate
harmoniously to guarantee precise data gathering, analysis, and monitoring of water quality
parameters. The sensor resulting from this platform is referred to as the LOTUS sensor,

which aligns with the project's title.
3.2 Development of Sensor Head

The fundamental unit of the LOTUS sensor is a chemical resistor, which is developed by
depositing a sensing material on top of a pair of inter-digitated electrodes (IDEs). This
sensing material interacts with the environment and changes the resistance or conductance.
This change is measured by a data acquisition system which transmits the data for further

processing.

In the case of the LOTUS sensor, the sensing material is made of Carbon Nanotube (CNT)
inks — either pristine (non-functionalized) or functionalized with a polymer. This
functionalization modifies the sensitivity of the ink to specific analytes, thereby leading to

detecting different analytes.
3.2.1 Overview of Chemiresistor Fabrication
The fabrication of the chemiresistor can be summarised as follows:

1. Synthesis of functionalization polymer (e.g., FFUR or PVT118)
2. Preparation of carbon nanotube ink and FFUR functionalized CNT ink
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3. Deposition of the ink onto the IDEs in the sensor chip.

Lebental et al. (2017) [214] discuss the procedure for synthesis of the CNT ink and its
functionalization. Pristine CNT and FFUR (Polyfluorene) inks were initially developed as
part of the Proteus project, a predecessor to the LOTUS project, and further improved
throughout LOTUS. Based on the results from Proteus project (deliverable 5.3) [215], the

selectivity of the chemiresistor (ink type) to the target is mentioned in Table 3.1.

Table 3.1: Summary of Ink selectivity with respect to target parameters

Ink type pH | Active Chlorine
Pristine CNT | High | Low
CNT + FF-UR | Low | High

The PVT118 (Polyvinyltriazole) was introduced as part of the LOTUS project through a
partnership with the LCPO laboratory (CNRS/Universit¢ de Bordeaux). They are
demonstrated to have selective sensing capability primarily for arsenic and then for active
chlorine and pH. The ink printing on the chemiresistor substrate/chip was done via manual
drop casting [216] for initial testing. This technique, though unreliable in providing
reproducible electrodes, did provide a quick-to-test option that was then evaluated in the
laboratory environment. The ink deposition was then done using an industrial ink printer for

the field-testing version.
3.2.2 Sensor chip vl - Silicon version

The first version of the LOTUS sensor chip consists of a sensor array with 20 CNT
chemiresistors, of which 10 are pristine CNT (labelled as 1A to 1E and 2A to 2E in Figure
3.3)) and 10 are functionalized with a polymer FFUR (labelled as 3A to 3E and 4A to 4E).
This polymer was identified to be more selective to pH than the pristine CNT-based devices
[40], [41], as will be discussed in detail in Chapter 4. This difference enabled quantifying
the pH and active chlorine concentration using only the two inks. Ink deposition onto the
IDEs to fabricate the chemiresistors was carried out with Dimatix Materials Printer DMP —
2850 [217]. The number of layers of the ink to be added was determined by having the IDEs

exhibit a resistance level below 100 kQ.

In addition to the 20 sensors mentioned, the chip incorporated two temperature sensors (T1
and T2 in the diagram) and three conductivity sensors (C1, C2, and C3). The temperature
sensors were designed in a serpentine shape using metal-based thermistors, while the
conductivity sensors were constructed as parallel-line capacitance sensors. The variations in
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sample conductivity were indicated by changes in the dielectric constant, resulting in
alterations in capacitance. This shift, detected as a modification in potential difference, was
directly linked to the sample's conductivity level. The sensor response for chemiresistor and
thermistor is in resistance (ohms) and the same for conductivity sensor is in voltage

difference (mV), for practical reasons.
The target specifications for each type of sensor are summarized in Table 3.2.

Table 3.2: Requirement Specification for Sensor Chip v1 - Silicon version

Parameter Chemiresistor Temperature Conductivity sensor
sensor
Response range 1 kQ to 100 kQ 940 Q to 1200 Q 0.5 mV to 7mV
Target range Chlorine: 0 — Smg/l | -20°C to 60°C 500 uS/cm to 10
pH: 5 — 10 units mS/cm
Response precision | ~0.1% full scale ~0.02 Q ~70 uv
Target precision 0.01 mg/1, 0.1 pH 0.1°C 100 uS/cm
Measurement 2-wire probe, DC 4-wire probe, DC | 4-wire probe, AC
projpepl 5 WA signal, 10 ms | 125 pA signal, 10 | 0.8V, SkHz signal for
duration ms duration 3 seconds
63
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Figure 3.3: Sensor chip - Overview
In this initial version of the sensor chip, sensor array components, such as chemiresistors,
temperature, and conductivity sensors, were developed on a silicon substrate and
subsequently mounted onto a support Printed Circuit Board (PCB) for wire bonding. This
wire bonding enables the sensor DAQ to interact with each of the 25 devices and collect the
sensor response. A glob-top was necessary to protect the wire bonding from continuous
water exposure and other minute particles (Figure 3.4). The support PCB can be directly

connected to the sensor DAQ system via the head casing.

Figure 3.4: Silicon version sensor chip: Left - Top view showing wire bonding of the chip onto the
support PCB, right
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3.2.3 Sensor chip v2 — Plastic version

Originating from a silicon chip, the original LOTUS Sensor concept was devised to integrate
essential electrodes for CNT-based chemiresistors and sensor circuits for conductivity and
temperature measurements. While effective, this design faced various limitations mainly
attributed to the expensive raw material cost of the silicon chip, the requirement of a support
PCB and wire bonding, and glop topping. These increased the sensor's overall complexity
and manufacturing expenses, necessitating multiple quality control protocols to ensure the

product's quality.

The LOTUS team replaced the silicon chip with a plastic substrate to solve these challenges.
This new version uses gold-nickel-copper lines for the sensor electrodes, developed onto a
single polyimide (PI) sheet, significantly streamlining the assembly process [218]. This
advancement permits integrating sensing elements and connectivity on a singular substrate,
enabling straightforward attachment to the sensor head with epoxy resin. Consequently, this
innovative approach not only simplifies the manufacturing process but also substantially
reduces the need for additional components and processes, such as PCBs and wire bonding,
thereby enhancing product reliability and lowering production costs by up to 10 times (as
the bare chip cost for silicon version is estimated to be above 10€/cm? and below 1€/cm? for

the plastic version).

The transition to a plastic chip was executed in two distinct phases, beginning with the
production of substrates that feature single chemiresistors consisting of pairs of interdigitated
electrodes coated with CNT inks, referred to as single-electrodes, with manual drop-casting
of CNT ink (illustrated in Figure 3.5 (a)). In the initial stage of plastic chip manufacturing,
the compatibility of the metal utilized in creating the chemiresistor was fine-tuned to enhance
resistance to chemicals in water environments and ensure robust mechanical strength. This
preliminary phase was supported by collaborations with external vendors and technology
licensing partners, aiming to evaluate the new design's performance and reliability in the lab

and real-world environments.

These single electrode devices were assembled into sensor heads of 2, 3, or 6 devices (Figure
3.5 (b)) and subjected to various experiments to assess their performance. Based on the
results from lab scale experiments, the final field-ready version was developed (Figure 3.5

(¢)), integrating temperature and conductivity measurements with multiple chemistors.
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This field-ready version (referred to as LPCB) consists of 12 CNT-based chemiresistors,
wherein pristine CNT ink was deposited on 4 of them and two different functionalized inks
were deposited on four sensors each. As illustrated in Figure 3.6 (a), the first column from
the left, which has four chemiresistors (labelled as R11, R12, R13, and R14 from top to
bottom), has pristine CNT ink deposited. The two functionalized inks, FFUR — CNT and
PVTI118 — CNT, are deposited in the following two columns (R21 to R24 and R31 to R34,
respectively). Additionally, this version has two temperature (T1 and T2) and two

conductivity sensors (C1 and C2).

The ink deposition onto the chemiresistor IDEs were performed by the DMD 100 drop
casting printer with a nozzle size of 0.25 mm diameter. This higher diameter nozzle dispersed
the ink improperly over the chemiresistor IDEs. Secondly, the gap between the nozzle and
the substrate was controlled by the mapping software used in DMD100 printer, but due to
incompatibility the software tool was not able to maintain the gap accurately, which lead to
needle tapping as depicted in Figure 3.6 (b). Therefore, some chemiresistors were damaged

due to the needle tapping, yielding a higher unstable resistance for those.

2-device and 3-device i
configuration

goh TN T EE R R e e

Figure 3.5: Sensor chip v2 - Plastic version iterations
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@) 12 chemiresistors (b)

=1 2

Figure 3.6: Sensor chip v2 - Field ready version (LPCB). (a) Showing the individual sensor types,
(b) highlighting the needle tapping on IDEs.

3.2.4 Sensor head assembly

Each single electrode device (after ink deposition) was soldered with cables to connect to
the Sensor DAQ for the sensor head assembly. After the wire connection, the electrodes were
placed onto the sensor head casing based on the design requirement (2-device, 3-device or
6-device). Then, an epoxy adhesive is used to secure the devices onto the sensor head, as
seen in Figure 3.7 (a). The sensor head and the plastic substrates were further strengthened
by filling the interior of the sensor head with epoxy as well, as shown in Figure 3.7 (b).
After the required curing time, the sensor heads were employed for experiments to measure

water quality.

The assembly of the LPCB chip into the sensor head is much simpler compared to the
individual electrodes case (2-device, 3-device, or 6-device), as this is a single plastic sheet
that is firstly glued to the sensor head (Figure 3.8 (b)) and then as discussed before, epoxy is

poured inside the sensor head (Figure 3.8 (c)) to complete the assembly.
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Figure 3.7: Sensor head assembly: (a) after glueing the single-electrode sensors to the sensor head,
(b) after adding epoxy to the sensor head

= 4

Figure 3.8: Sensor head assembly - LPCB. (a) Blank sensor head casing, (b) LPCB glued to the
sensor head, and (c) Epoxy filled sensor head

3.3 Analog Front-End (AFE)

The sensor DAQ system, named Analog Front End (AFE), consists of a microprocessor at
its heart, which activates each sensor using a specific signal and measures the response via
an analog-digital converter (ADC). The microprocessor connects to each sensor via a
multiplexer, thereby reducing the microprocessor's need for multiple input-output (I10)
channels. This AFE then transmits the data to a host system, processing and visualizing the

final data.

3.3.1 Sensor Excitation signal

As discussed earlier, the sensor chip consists of 3 types of sensors: chemiresistors,
thermistors, and capacitance-based conductivity sensors. Accordingly, each type had

limitations and specifications and required its excitation signal and data acquisition protocol.
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An overview of the specifications for each sensor is summarised in Table 3.3. For the silicon
version, the excitation signal for chemiresistors and thermistors was a constant DC pulse of
5 pA and 125 pA, respectively, for 1 second. The AFE measured the voltage drop across
these resistive sensors and was then converted to resistance. This value is then utilized as the
sensor response for further processing. On the other hand, a sine wave of 5kHz frequency
and 0.8 V peak-to-peak amplitude is used as an excitation signal for the conductivity sensor.
This signal is applied to the external electrode of the sensor, and the voltage across the
internal electrodes is measured (referring to Figure 3.3, for sensor C2, pin numbers 29 and

32 correspond to external electrodes, and pin numbers 30 and 31 correspond to internal

electrodes).
Table 3.3: Sensor Type Specifications
Chemiresistors Thermistors Conductivity
Sensors

Sensing parameter | Active chlorine, pH | Temperature Conductivity
Nominal range 1 kQ to 100 kQ 1kQ to 1.5 kQ 5 uF to 50 uF
(Silicon version)
Activation signal DC, <5upA DC, <lmA AC Voltage, 0.8V
(Silicon version)
Nominal range 1 kQ to 100 kQ 10 Q to 50 Q 20 nF to 5 pF
(Plastic version)
Activation signal Rectangular wave, | Rectangular wave, | AC Voltage, 0.8V
(Plastic version) <SpA <ImA

The optimized excitation conditions are determined by evaluating experiments in laboratory
settings over short and long durations. Further information on establishing these optimal

conditions is detailed in Chapter 4.

The response from the sensor is deemed of good quality when it has very low noise, which
is characterized by a coefficient of variation (CoV) below 0.1%. The CoV is calculated as
the ratio of standard deviation to the mean of the data, which in the present case is considered
as the sensor response for a 10-minute window. Initially, the excitation signals developed

for the silicon version were used in the plastic version, but these proved harmful to the
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sensors as the excitation signal consists of applying a constant DC across IDEs, which may

induce electrolysis.

Apart from the general constraint of using current < SpA for chemiresistors, the voltage
across any sensor should not exceed 1V as it causes water splitting [219]. The AFE utilizes
a constant current source, so higher resistance (> 200 kQ) at the sensors, as well as
mechanical damages in the IDEs ( ~ open circuit), will also cause water splitting. The
prolonged exposure to 5 pHA current also accelerates this issue apart from damaging the

CNTs.

The water splitting is harmful because the gases formed as a result oxidise the nickel layer,
exposing the copper lines, which corrodes in water, leading to a green deposition (Figure 3.9

(b)), which increases the sensor resistance and leads to the death of the sensor.

(a) (b)

Figure 3.9: Sensor chip before (a) and after (b) corrosion due to overvoltage
After several iterations, the excitation signal that provided much better CoV was a sine wave
and rectangular wave compared to a constant DC pulse for chemiresistors. The signal
improvement may be attributed to the dynamic nature of the signal (which prevents the
capacitance saturation — since the CNT-based chemiresistor is a resistive sensor with

minimal capacitance). Further investigation is required to confirm this.

For preliminary testing, the rectangular wave was chosen as the excitation signal, and five

parameters were chosen to define the rectangular wave, as visualized in Figure 3.10.
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quf

Figure 3.10: Sensor excitation signal: Rectangular wave

Table 3.4 shows the default values of the rectangular wave used for chemiresistors and
thermistors in further testing and experimentations. The selected excitation signal for the

conductivity sensor is a sine wave (0.8V, 0.8kHz).

Table 3.4: Sensor Excitation signal: Rectangular wave parameters

Parameter Chemiresistor Thermistor
On current, Ion 5 pA 1 mA

Off current, Iorr 0A 0A

On current duration, Ton 2.5 ms 2.5 ms

Off current duration, Torr 2.5 ms 2.5 ms
Total acquisition duration, Ttor Is Is

3.3.2 Sensor Response Signal

Chemiresistors exhibit characteristics beyond mere resistive behaviour, including a
noticeable capacitance effect. This capacitance influence is evident in the sensor's response
signal, as depicted in Figure 3.11. The signal's steady-state region is distinguished by a
segment where the measured values remain within 2% of the calculated average. This
identification of the steady state is critical for accurate analysis and interpretation of the

sensor's response data.
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Figure 3.11: Sensor response signal

Signal acquisition for both chemiresistors and thermistors is conducted at predetermined
intervals, with the silicon-based sensors collecting data throughout their activation period
(since the signal is a constant DC) and the plastic-based sensors gathering data during their
ON current phases (since the signal used is a rectangular wave with ON and OFF phases).
In the conducted experiments, 100 data points were collected from the silicon version, while
the plastic version yielded 200 for each excitation cycle. These numbers are fixed based on
the different versions of AFE, as discussed in the next section. The approach to calculating
the sensor response varies by sensor type. For thermistors, the response is determined by the
potential drop across the device, calculated as the average of the last 10 data points measured

at the thermistor's terminals during signal excitation.

For chemiresistors, the sensor's response is estimated as the average of the final 10% of the
total data points collected during an excitation cycle (10 data points for the silicon version
and 20 data points for the plastic version), even though the sensor's response may stabilize
before reaching this threshold. Regarding conductivity sensors, the silicon version utilizes
the root mean square (RMS) voltage of the last 10% of data points as the response metric.
Conversely, in the plastic version, this RMS calculation is substituted with the average peak-
to-peak (APP) voltage of the final 10% of data points. The peak-to-peak voltage was
preferred primarily because the computation of RMS values for each cycle was
computationally expensive and time-consuming for the AFE. Essentially, it is a tradeoff for

acquiring more data in less time.

72
TH-3536_186107106



Sensor Platform Development

3.3.3 AFE first version — UAFE

The initial version of the AFE, developed under the Proteus project [215], utilized the
Cypress PSoC (CY8C5888LTI), integrating a 32-bit ARM Cortex M3 core processor with a
20-bit Delta Sigma ADC (analog to digital converter). In this thesis, this AFE version is
referred to as Uni-AFE (UAFE) because the Project team at Université Gustave Eiffel in
Paris designed this. The precision of the analog-to-digital conversion, a critical aspect of
sensor performance, hinges on the bit count of the ADC—the higher the number, the finer
the resolution. By opting for a Delta Sigma type ADC, the AFE aimed to enhance signal
quality by reducing noise and improving resolution, albeit at the cost of speed, increased
expense, and higher power consumption compared to alternative ADC types, such as the

Successive-Approximation Resistor (SAR).

3.3.4 AFE specification and test case development for upgraded AFE versions

The initial version of the AFE faced challenges that rendered it inadequate for the evolving
needs of excitation and response signal processing within the project. These limitations were
not only related to its core functionality but were exacerbated by its inability to effectively
reduce noise and mitigate interference from environmental electromagnetic sources. The
impact of such interference was notably documented in experiments, as detailed in Figure
3.12, which captured the sensor response of a chemiresistor immersed in tap water over an

extended period.

Two AFEs were placed nearby, and data from 2 different chemiresistors in 2 beakers were
continuously measured. Around 71 hours into the experiment, marked by a red dotted line
on the plot, the signal dispersion significantly decreased upon deactivating the second AFE.
This occurrence highlighted the vulnerability of the first AFE version to electromagnetic
interference (produced by the second AFE in this particular experiment), leading to the
distorted accuracy of the sensor's readings. This realization prompted a shift in design
priorities, emphasizing adhering to stringent standards such as IEC 61326, which outlines
requirements for electrical equipment's immunity and emissions concerning electromagnetic
compatibility. By aligning with these standards, subsequent versions of the AFE aimed to

mitigate interference effects, ensuring more stable and reliable sensor data collection.
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Figure 3.12: Sensor response signal highlighting the effect of electromagnetic noise

The AFE requirements were, thus, defined as follows:

The AFE aims to communicate with a versatile sensing platform: multiple sensors of
different types. Consequently, the AFE should be versatile and compliant with
evolving sensor chip designs.

For the chemiresistor channels, the AFE should be able to measure resistance
between the range of 1kQ to 100kQ, with a CoV below 0.1%, with a maximum
permissible source amplitude of SpA

For temperature channels, the AFE should be able to measure the resistance between
the range of 10 to 100 Q, with a CoV below 0.02%, with a maximum permissible
source amplitude of ImA

Resolution for chemiresistors should be in the range of 100Q (0.1% of full-scale
reading), and for temperature sensors should be in the range of 0.1Q (0.1% of the
full-scale reading).

Under no circumstances should the voltage drop across any sensor channel cross
0.9V.

Electromagnetic (EM) shielding to comply with IEC 61326 EM standards.

3.3.5 AFE Evolution

The initial experimentation phase revealed that the UAFE fell short of meeting the specific

Data Acquisition (DAQ) requirements, prompting the need for an advanced version. In

response to this inadequacy, the UAFE was upgraded to the second version, developed by
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Terramatic Solutions Pvt Ltd with the support of IITG and Université¢ Gustave Eiffel, and is
referred to as TAFE (Figure 3.13).

The TAFE was engineered from the ground up, incorporating a more advanced
microprocessor, the Xtensa LX6 processor equipped with an ESP32-WROOM-32 module.
This upgrade introduced several benefits, including a 24-bit ADC for enhanced data
precision, integrated Bluetooth and Wi-Fi for improved connectivity, and a significant
reduction in power consumption compared to its predecessor. Despite these advancements,
the TAFE encountered its own set of challenges, such as the absence of a direct current
source, which necessitated the use of a voltage source as an indirect means to activate the
sensors. Furthermore, the TAFE's design adjustments limited the adaptability seen in the
UAFE, particularly in sensor routing capabilities, due to multiple hardware modifications
aimed at meeting the DAQ requirements. The TAFE version also lacked overvoltage

protection and, therefore, damaged the sensors when used longer.

To address the limitations encountered with the TAFE, the development trajectory led to
another upgrade in collaboration with Monarch Innovation Pvt Ltd and Hydroscope
Technologies Pvt Ltd, culminating in the development of the MAFE (Figure 3.13). This
iteration saw the introduction of an improved microprocessor from the Cypress family (the
same microprocessor family as that of UAFE) coupled with an external 24-bit ADC to
enhance the quality of sensor data collection further. The transition to MAFE also included
a series of software optimizations aimed at refining sensor excitation and response signal
processing, thereby overcoming the drawbacks of its predecessors. Moreover, the MAFE
introduced shielding mechanisms to protect against EM interference, a critical feature for
ensuring the integrity of sensor data in varied environmental conditions. As defined in the

requirements, MAFE also provided a Zener-based overvoltage protection for the sensor.

This suite of improvements positioned the MAFE as a more functional, deployment-ready
version of the AFE, embodying the project's commitment to achieving high data accuracy
and reliability standards in sensor operations. A brief comparison of the significant

differences between the 3 versions of AFE is summarised in Table 3.5.

Table 3.5: Brief comparison between different iterations of AFE in the application context

UAFE TAFE MAFE
Microcontroller Cypress Xtense LX6 | Cypress
CY8C5888AXI Espressif CY8C5688AXI
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WROOM 32D
ADC 20-bit Delta-Sigma | 24-bit external 24-bit external
Active power | 15.4mA at 48MHz | 30mA at 80MHz 15.4mA at 48MHz
consumption
WiFi + Bluetooth No Yes No
EMI shielding No No Yes
Overvoltage Not required Not provided Zener-based
protection (VCC<1V)
Data points | 100 points, 200 points, 200 points,
collected per cycle | 1 second > 2 seconds 1.1 seconds
and duration
Total duration per | ~30 seconds >150 seconds ~ 45 seconds
cycle (data from all
sensor types)

|
|
i
0

2533755A.Y53-220904

Figure 3.13: Different versions of AFE (From top: UAFE, TAFE, MAFE)

3.3.6 Deployment strategy: Bypass structure and sensor housing

Integrating sensor units into water distribution systems presents two primary methodologies:

direct installation into the pipeline or incorporation via a bypass line. Direct installation
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boasts several advantages, including minimal requirements for additional components—
only a sensor flange is necessary—and straightforward installation procedures. However,
this approach introduces significant challenges, notably the need to disrupt the water
distribution network during the installation and maintenance operations. Such disruptions
can lead to temporary service interruptions, which might not be feasible for critical or

continuously operating water distribution systems.

Alternatively, deploying sensors through a bypass structure offers a solution that
circumvents the drawbacks associated with direct pipeline integration. This method
facilitates ease of installation and maintenance, allowing for sensor access without
necessitating a halt in water distribution. The bypass approach involves a dedicated channel
that diverts water through the sensor unit, thus maintaining uninterrupted service in the
primary pipeline. This method enhances operational flexibility and significantly reduces the
risk of service disruptions, making it an attractive option for water systems prioritizing
continuous flow and service reliability. Moreover, the bypass installation can be designed to
accommodate easy sensor retrieval and maintenance, thereby extending the operational

lifespan of the sensor unit within the water distribution framework.

Fouling—a common issue wherein a layer accumulates on the sensor surface, diminishing
its sensitivity and reducing its effective lifespan—poses a significant challenge for sensors
installed directly in water pipelines. To address this, we have developed a bypass structure
featuring four valves and a membrane-encased sensor housing designed to shield the sensor
from fouling agents. Detailed in Figure 3.14, this structure incorporates a filter-sandwiched
sensor housing strategically positioned within the bypass, surrounded by valves that
facilitate the reversal of water flow. The entry and exit nodes are connected to the water
distribution pipeline. The pump inside the bypass structure creates a pressure difference,
ensuring continuous water flow through the structure. The flow direction is reversed by

turning on pairs of valves (V1 & V4, V2 & V3).
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Entry node /

Exit node

Figure 3.14: Bypass structure outline: V1-V4 = valves; F1, F2 = Filters; SH = sensor housing;
NRYV = no-return valve

This ingenious design allows one filter to capture fouling agents while the other undergoes
backwashing, effectively cleaning the sensor environment. An exploded view of this
assembly, presented in Figure 3.15, showcases the intricate design of the sensor housing
fabricated in stainless steel (Figure 3.16) for increased EM shielding and easier food-

compliance certification.

OI,@
.

Figure 3.15: Exploded view of the filter-sandwiched sensor housing.
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Figure 3.16: Sensor housing fabricated in stainless steel.

Figure 3.17 reveals the compactness of the overall bypass structure. This design enhances
sensor longevity by mitigating fouling and ensures that maintenance and sensor access are
straightforward, supporting continuous, uninterrupted water monitoring within distribution

systems.

Power
adaptor
Controller

Pump -—-—._._.>=

Sensor housing
with valves

Figure 3.17: Compact design of the sensor bypass structure
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3.4 Sensor Data Visualization

The sensor unit, equipped with a sensor chip interfaced with the AFE, establishes a
connection to a host system through cables. This host system utilizes custom-developed
Python code explicitly tailored to communicate with the AFE's API, thereby enabling data
retrieval from the sensor. To accommodate the evolving designs of the AFE, distinct versions
of the Python code were developed for each iteration. Once collected, the sensor data is
stored in InfluxDB, an open-source time-series database designed for high-performance data
storage and retrieval. InfluxDB features an integrated dashboard that facilitates the real-time
visualization of the collected data, as shown in Figure 3.18, enhancing the user's ability to
monitor sensor outputs efficiently. This dashboard displayed the raw data during field trials
and presented the target values computed using the sensor's calibration model which will be
discussed in sections 4.3 to 4.5. This approach allowed immediate access to processed data

alongside raw measurements, streamlining the analysis and monitoring process.

3.5 Summary

In this chapter, we discussed the initial version of the LOTUS sensor. We also explored the
transition from silicon-based to plastic sensor chips and the pivotal role of analog front ends
(AFE) in enhancing sensor performance. The initial challenges posed by silicon chips led to
the innovative switch to plastic to reduce costs and simplify manufacturing processes, thus
making water quality sensors more accessible and cost-effective, particularly in countries
like India. We delved into the various iterations of AFE— from UAFE to TAFE and finally
to MAFE—each upgrade targeting improvements in sensor excitation and response signal
processing, along with integrating features to shield against electromagnetic interference,

thereby significantly enhancing data accuracy and sensor longevity.

The discussion also covered the practical aspects of sensor installation, emphasizing the
advantages and limitations of direct insertion into pipelines versus employing a bypass
structure, allowing seamless maintenance without disrupting water distribution.
Additionally, creating a bypass structure to solve the problem of sensor fouling employing
a reverse water flow mechanism ensures the longevity and reliability of sensor readings in

real-world applications.
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Figure 3.18: InfluxDB dashboard for sensor response

Finally, we discussed the development of a simple data pipeline and minimal visualization framework, utilizing Python for data acquisition from

the AFE and InfluxDB for data storage and real-time display of raw sensor data, as well as the target parameters obtained as a result of calibration

models.
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Sensor Characterization and Calibration

Abstract: This chapter details the experiments with the LOTUS sensors for sensor
characterization and calibration. Initial experiments were conducted with the silicon
version, and the results, although they meet the target numerically, lack reliability. The
experiments with the plastic version, from the single electrode sensor to the field-ready
LPCB version, show promising signs for monitoring active chlorine and pH along with
conductivity and temperature. However, the inconsistency in the sensor performance in
Sense-city and the higher uncertainty associated with the sensing necessitates more
extensive experiments with multiple devices and further refinement of the models. Though
the results lack consistency and are derived from only 2 multiparametric sensors in the field
and only from an experiment duration of 5 months, of which only 60% are useful (~ 468
hours of total 3760 hours of data has errors), the information gained, and conclusions drawn
from these experiments and analysis shows the potential of the sensor in real-time

multiparametric sensing and consequently, will be used in the upscaling and productizing
the LOTUS sensor.
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4 Sensor Characterization and Calibration

Sensor characterization is essential for developing and deploying single-parameter and
multi-parameter sensors engineered to measure distinct environmental or physical factors.
This process involves evaluating key performance indicators of a sensor, including its
sensitivity, selectivity, range, and response time, which becomes particularly critical when
sensors are tailored for precise tasks like monitoring water quality. In applications of this
nature, factors such as the sensor's capability to detect pollutants at low levels, its long-term
stability, and its resistance to interference from non-target substances are of utmost
importance. Characterization arises from guaranteeing the sensors' dependability, precision,
and suitability for real-world scenarios. By comprehending a sensor's operational boundaries
and behaviour under diverse circumstances, optimizing its utilization in specific settings

becomes feasible, ensuring the data's accuracy and reliability.

Identifying and quantifying these characteristics typically involves a series of standardized
tests and procedures under controlled conditions to simulate real-world applications as
closely as possible. For example, sensitivity can be assessed by comparing the sensor's
output to known amounts of a target analyte. The sensor can measure lower limits with high
precision because of its high sensitivity. Selectivity is measured by how the sensor reacts to
the analyte to detect when other substances could interfere with it. Stability and response
time are tested by exposing the sensor to the analyte under different conditions. These steps
are essential to establish the working range of the sensor and make sure that it suits the

particular needs of its application.

On the contrary, sensor calibration sets a defined correlation between the sensor's reaction
and the actual value of the measured parameter during characterization. This typically
includes subjecting the sensor to established reference values and aligning its output to
correspond precisely. The developed mathematical correlation is called a calibration model,
and it also rectifies the inherent deviations or inaccuracies in the actual sensor's output due
to external noise, which will guarantee the accuracy and reliability of the collected data.
Calibration of the sensor is carried out prior to deployment and at regular intervals during
the sensor's operational lifespan to address any alterations in sensor performance as time

progresses.

When dealing with multi-parametric sensors capable of measuring multiple parameters

simultaneously, the characterization and calibration process becomes inherently more
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complex. Unlike monoparametric sensors, multi-parametric sensors must be characterized
and calibrated for each parameter they measure, often requiring a multidimensional approach
to capture the interactions among the sensing elements and environmental conditions. This
complexity introduces challenges not applicable in monoparametric sensor calibration, such
as cross-sensitivity and the potential for interference between parameters. Applying
monoparametric characterization and calibration techniques to multi-parametric sensors may
lead to inaccurate measurements and compromised data quality. Therefore, it is essential to
use multi-parametric calibration techniques that consider the interactions among the sensing
elements and environmental conditions to ensure accurate measurements and high-quality

data.

Currently, the characterization and calibration of multi-parametric sensors involve advanced
methodologies emphasizing data fusion, multivariate techniques, and machine learning
algorithms. Data fusion plays a critical role in integrating and interpreting the complex
datasets generated by multi-parametric sensors, allowing for a more comprehensive
understanding of the monitored environmental or physical parameters. Multivariate methods
reveal the complex connections between multiple sensor's responses, allowing the precise
identification and quantification of specific variables within a complicated data collection.
Machine learning algorithms enhance calibration by learning from the sensor's output and
making predictive adjustments to compensate for cross-sensitivity and interference between
parameters. The combination of multivariate and machine learning algorithms can provide

a better calibration model for multi-parametric sensors.
4.1 Sensor Characterization experiments

The characterization of the LOTUS sensor involves three distinct stages. The first stage
called the beaker experiments, consists of conducting experiments in a static environment
by utilizing a beaker containing a known volume and concentration of target analytes in tap
water. This phase aims to establish the fundamental functionality and validate the sensor
concept. Moving on to the second stage, known as the lab-loop experiments, tests are carried
out under flowing conditions by installing the sensor in a bypass structure (Figure 4.2)
connected to a tank and pump with appropriate valves. This setup includes the LOTUS
sensor and reference sensors to monitor each target parameter. The third stage encompasses
real-world pipeline experiments where a LOTUS sensor is integrated into an active water
pipeline system using a hot tapping technique. This system replicates a controlled

environment similar to an operational water distribution network. The experiments were
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conducted within Sense-City, an experimental facility at Gustave Eiffel University that
provides a realistic setting for water distribution network (WDN) simulations and sensor
deployment scenarios. The subsequent section offers a detailed overview of each phase

involved in characterizing the sensors.
4.1.1 Laboratory beaker experiments

The initial phase of the study involved submerging the sensors in a beaker filled with a
specified amount of tap water, as shown in Figure 4.1, to monitor their responses over an
extended period. This setup aimed to reach a point of sensor stabilization, characterized by
minimal changes in sensor output, a phase influenced by the sensor's air resistance, which
varies with the number of ink layers applied. Specific analytes were incrementally
introduced into the beaker to examine the sensor's responsiveness to variations in critical
parameters such as temperature, conductivity, active chlorine, and pH. Aqualabo Portable
pH and Conductivity probe was used to measure the pH and Conductivity of the sample
[220]. This reference sensor provided a pH range of 0-14 with an accuracy of £0.1 pH, a
conductivity range of 0 to 2000 uS/cm with a 1% accuracy, and a temperature range of 0
to 50°C with an accuracy of £0.5°C. The active chlorine concentration was measured with
the photopod provided by Aqualabo, using the DPD-based colorimetric method, having a
range of 0.5 to 60 mg/L and an accuracy of +0.1mg/L. This phase also explored the effects
of environmental factors like light and external noise and the challenges in achieving a
homogeneous analyte distribution without manual stirring. Experiments were devised for

each parameter and performed to gain insights into the sensor's performance.

Figure 4.1: Preliminary sensor testing: In a beaker
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4.1.2 Laboratory experiments

The laboratory flow experiments were conducted using two setups: (1) a basic configuration
connected to a 10-litre water tank and bypass structure, including a reference sensor, pump,
and data acquisition through a host system, and (2) a second setup integrated with a real

WDN pipeline, along with a bypass structure, industrial DAQ, and commercial sensors.
4.1.2.1 Sensor Bypass unit without WDN pipeline

After establishing the sensor response data from beaker experiments, the characterization
experiments are advanced to investigate the sensor's performance under flowing water
conditions. This was facilitated by establishing a simplistic flow loop system, where water
was circulated from a 10-litre recirculation tank through the filter (to remove suspended
particles from damaging the sensor), LOTUS sensors and reference sensors arranged within
the loop and then back to the tank. An outline of the simplistic laboratory water loop is
visualized in Figure 4.2, and the components’ specifications are summarized in Table 4.1.
Throughout this continuous operation, analytes were manually added to the tank to study the

sensor's behaviour in a dynamic fluid environment.

Table 4.1: Specifications of the Laboratory water loop setup

Sno | Components Specification Supplier

1 Circulation pump 24 VDC, 140 psi, RO booster | Hi-Tech
pump, flow range 0 to 60L/h

2 Reference chlorine sensor | Model: BHS5530D, | Fluidings
0—-2mg/L, 0 — 10 mg/L, 0 — 20
mg/L
Accuracy: £1% FS

3 Reference pH sensor Model: BH1701D, | Fluidings
0— 14 pH, £0.05 pH

4 Ref. Conductivity and | Model: BH3701D, | Fluidings

Temperature sensor 0 —30 mS/cm and 0 — 80°C, +1%

5 Heating and Cooling unit | 5L circulating water bath, -10°C | ANM Industries

to 100°C, £0.5°C WB2000V
6 Host System Windows desktop, 15 processor, | DELL
32GB RAM

The circulation pump was operated at 15V to circulate water throughout the loop. The

reference sensors were connected to the host system via ModBus protocol.
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Figure 4.2: Laboratory Water Loop

4.1.2.2 TG Water lab — Water loop

The IITG Water Lab — Water Loop, an 80-litre laboratory water loop, has been established
at the Indian Institute of Technology, Guwabhati. Its objective was to conduct thorough mono-
parametric and multi-parametric studies on LOTUS sensors placed in bypass structure
amidst varying water flow conditions and across different water model simulations. In
addition to its experimental setup, the IITG Water Lab provides access to high-end analytical
tools, including Ion Chromatography, Mass Spectrometry, Atomic Spectroscopy, and High-
Performance Liquid Chromatography (HPLC). The lab also has advanced computing
systems to handle the demands of extensive computational tasks and intricate data analysis

Pprocesses.

As outlined in Figure 4.3, the lab's test bench system is designed to accommodate up to three
LOTUS sensors within individual bypass structures alongside reference online sensors. A

summary of the components of the IITG Waterloop is provided in Table 4.2.
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The assembly is automated and managed via computer systems, facilitating seamless data

collection. The operation of the test bench is divided into two primary phases: The solution

Preparation process and the Sensing Cycle.
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Figure 4.3: [ITG Water lab - Water Loop

Solution Preparation Process:

Analytes (six or more as needed) are prepared in designated quantities and stored in

separate containers, referred to as Analyte Containers in Figure 4.3 — B1.

A dispensing mechanism (Figure 4.3 — B1), equipped with Peristaltic pumps,
accurately measures and dispenses these analytes into an 80-litre collection tank

controlled by a computer through analog input (milliamps or mV).

Water is introduced into the 80-litre tank from a chosen water source—distilled, tap,

or a special lab-prepared matrix (Figure 4.3 — B2).
The water volume in the tank is controlled by the flow controller FCO1 via the PC

After adding water and analytes, the solution is mixed to achieve a uniform

distribution. This mixing is accomplished without contact, and temperature
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adjustments are made as per the temperature controller, all under computer control

to reach the desired homogeneity and temperature within a specific range.

The conclusion of this stage is marked by the prepared solution, adjusted to the

required analyte concentrations and temperature settings.

Table 4.2: Specifications of IITG Waterlab - Water loop setup

Sno | Components Specification Supplier
1 Peristaltic pumps 0.2 to 3600 ml/min, | Shenchen
Resolution: ~0.01ml
Accuracy: +0.5%
ModBus RTU protocol
2 Flow control system | To control the water in the 80L tank, | Avgarde Systems
up to 100mL precision Pvt Ltd
3 Tank Temperature | Control range: 20°C to 60°C, | Avgarde Systems
controller accuracy: 0.5 °C Pvt Ltd
4 Pump Rated flow: 3 m*/h GRUNDFOS
Rated head: 92.5 m
Max pressure: 25 bar
5 PHT 03 - pH|2- 12, accuracy: £0.2 units Avgarde Systems
transmitter Pvt Ltd
6 | CR 04 — Conductivity | 0 — 3000 uS/cm, accuracy: +1% Avgarde Systems
Recorder Pvt Ltd
7 CLR 05 — Chlorine | BH5530D, Fluidings
sensor 0 - 2mg/L, 0 — 10 mg/L;
accuracy: £1%
8 80L Tank Food grade, Stainless steel tank Avgarde Systems
Pvt Ltd
9 DAQ system PCle-6535B Digital I/O Device, | National
PCIe-6353  Multifunction  I/O | Instruments
Device
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Sensing Cycle (Data Acquisition Phase):

e Completion of the solution preparation triggers the start of the sensing cycle. The
automated system activates the pump, allowing the mixed solution to circulate
through the sensing system (Figure 4.3 - B3) and back to the 80-litre tank,

establishing a continuous flow loop.

e The water flow pathway encompasses the pump through the sensing system—

covering reference and LOTUS sensors and returning to the 80-litre tank.

e Throughout this cycle, parameters such as temperature, pressure, flow rate,
conductivity, and pH are monitored and recorded at set intervals, along with readings
from the LOTUS sensors installed in the bypass structure, ensuring comprehensive

data capture for analysis.
4.1.3 Controlled Small-scale Water Distribution Network: Sense-city

Located at the Université Gustave Eiffel in Marne-la-Vallée, within the eastern Paris area,
the Sense-City [221] water loop is a remarkable facility for validating the reliability of water
sensors under quasi-real conditions. The successful completion of trials within the Sense-
City setup is pivotal for validating Technology Readiness Level (TRL) 5 for sensors
designed for drinking water networks. Figure 4.4 provides a detailed schematic view of the

water loop within the Sense-City chamber, highlighting its integral components.

The hydraulic setup is a crucial feature of the Sense-City water loop, consisting of a 1000L
tank filled with tap water, which is in contact with a heat exchanger having the thermal
regulator to maintain temperature control. The water loop extends to a total length of 44
meters from the tank outlet to the inlet. The internal diameter of the pipes is 93.8mm,
accommodating a total water volume of 310L, with pipes made from PVC/PEDH material.
A 1.20 m deep visit chamber is strategically placed in the middle of the Sense-City chamber,
equipped with two saddle clamps for mounting the LOTUS sensor units. For draining, the
water can be directed into Sense-City's wastewater network, which leads to the groundwater

reservoir or the public wastewater system.

The thermal regulation within the loop is achieved through a system that circulates a calorific
fluid via copper heat exchanger loops at the bottom of the tank. This setup allows for
temperature adjustments ranging from 5°C to 40°C, ensuring a controlled environment for

testing the sensors under various thermal conditions.
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The loop can be operated at desired pressure and flowrate by manipulating the valve, and it
is designed to operate with a flow range from 10 m3/h (0.1 m/s) to 80m>/h (0.8m/s), with a

maximum pressure of 16 bar at 0.1 m/s.

LOTUS sensor unit

5°C —40°C
Temp. regulator

44m Water loop

Pressure and
flow regulator

/ Visit chamber

1000 L
Water tank

Maim pipeline Saddle clamp

Figure 4.4: Schematics of Sense-city

With reference sensors, online monitoring is integral to the Sense-City water loop.
Continuous data collection is facilitated through the Sense-City supervision system (SCSS),
allowing for real-time monitoring and analysis. The collected data can be exported in CSV
format or accessed directly from the SCSS, offering comprehensive insights into sensor

performance under simulated operational conditions.
4.1.4 Significance of Sense-City Experiments

The experiments performed within the Sense-city were designed to accomplish a series of

technical objectives vital for enhancing the sensor’s water quality monitoring capability:

Real-Time Sensor Performance Assessment. Initial experiments were dedicated to

examining the sensor's dynamic response to predetermined variations in active chlorine

concentrations and pH levels, providing data for calibration model construction.

Sensor Performance Evaluation in Field Condition: Subsequent experimental phases were

tailored to replicate field conditions, notably intermittent flow scenarios characteristic of
Indian water distribution networks, to ascertain sensor efficacy in actual operational

environments.
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Sensor Characterization Studies: A detailed analysis of sensor properties critical for

deployment scenarios was conducted using the collected experimental data. This
encompassed examining the sensor's resilience to external variables, including temperature
variations, conductivity shifts, and electromagnetic disturbances, and assessing key
performance indicators such as sensor longevity, dependability in sustained flow conditions,
durability in static conditions with a subsequent reintroduction to flow, and susceptibility to

sensor drift.

Calibration Model Validation: The culmination of the experiments aimed at the real-time

validation of the devised calibration model, ensuring its accuracy and applicability in

reflecting precise water quality metrics under diverse environmental conditions.

4.2 Experiments with LOTUS sensor- Silicon version

In a previous study, the LOTUS sensor silicon version was initially characterized in a beaker
setup by researchers at Gustave Eiffel University. The results of calibration experiments
conducted in beakers are documented in the referenced article [38], [222], where a Bayesian
calibration model based on previous experiments is presented. Due to the extended time
required to reach a steady state, the researchers carried out only a few experiments, and the

calibration model developed was in the context of small data.

The main objective of the Sense-city experiments was to evaluate the performance and
reliability of the LOTUS sensor silicon version in a realistic urban water network. The
experiments aimed to test the sensor's response to various water quality parameters, such as
temperature, conductivity, chlorine, and pH, and the sensor's stability and durability over
time. The experiments also sought to compare the sensor's readings with reference and
laboratory measurements and assess the sensor's calibration model under different
operational conditions. The sensor was exposed to simulated scenarios that mimic the
challenges and opportunities of smart water management in urban environments by
conducting experiments at the Sense-city facility. During the experiment, the sense-city
water loop was not operated for short and long durations to replicate the intermitted water
supply commonly observed in the Indian water distribution network. The sensor

performance is analyzed only during the sense city operation.

The silicon version of the LOTUS sensor was tested for real-world performance at the Sense-

City facility, where six distinct units were assessed over an extended period. The setup could
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simultaneously host a maximum of two sensor units in an active pipeline using a hot-tapping
mechanism. Despite some sensors being in operation for several weeks to over a year, they
were only intermittently exposed to flowing water due to operational limitations. When
water flow was initiated, it reached speeds of approximately 0.3 m/s with a pressure of
around 1 bar. Throughout the various testing phases, the sensors were exposed to fluctuating
environmental conditions, including temperatures ranging from 15°C to 25°C, conductivity
levels between 870 uS/cm and 1270 uS/cm, chlorine concentrations from 0 to 5 mg/L, and
pH values fluctuating between 7 and 8.5. Due to the nature of the ON-OFF controller
operation, the temperature varied within a range of £ 2°C for the given setpoint. This
variation introduced a periodic interference pattern in the sensor response, which had to be

removed during preprocessing.

When the loop is not running, the temperature controller is also disabled, which brings the
temperature of the water in the loop to the environment temperature, which was relatively
low (10°C) due to the winter season. The Conductivity variations seen in the dataset can be
attributed to the varying water quality, environmental conditions, and cross-contamination
via minute leakage in the loop (which was fixed after the conclusion of the experiments).
The pH levels varied by adding hydrochloric acid (HCI) and sodium hydroxide (NaOH). The
chlorine concentration was varied by adding a predetermined amount of Sodium

Hypochlorite (NaOCI). These chemical additions were made to the main tank directly.
4.2.1 Description of Dataset

Sense-city experiments with Version 1 of the Lotus Sensor have provided an extensive
dataset, as outlined in Table 4.3. The experiments were performed as part of the LOTUS
project by the research team at Gustave Eiffel University. As per the experimental protocol,
a known quantity of NaOCl was added to the tank at a frequent interval, the loop was under
circulation, and the temperature was maintained using the ON-OFF controller. During this

period, the performance of six LOTUS sensors was evaluated.

The dataset obtained from a single LOTUS sensor, consisting of 20 chemiresistors, three
conductivity sensors, and two temperature sensors, was collected through the initial version
of AFE (UAFE). Data was collected consistently at intervals ranging from every 3 minutes,
independent of whether the loop was on or off. These conditions represent the intermittent

water supply commonly found in Indian WDNS.
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The data collection period extended from March 2021 to July 2022, providing a
comprehensive overview of the sensor performance timeline. The table specifies the LOTUS
sensor number, the duration of data collection in days and the total number of data points
recorded for each sensor. Additionally, it outlines the operational ranges observed for
different parameters during the testing period, such as pH and chlorine concentrations and

temperature and conductivity levels.

Table 4.3: Summary of the dataset collected from 6 units of LOTUS sensor (silicon) in Sense-city

Year | LOTUS | Days | Dataset | pH Chlorine | Temperature | Conductivity
sensor size (mg/L) O (uS/cm)
No
2021 141 35| 15,000 | 7.6 — 8.7 0-5 14 - 20 980 — 1050
80 5 5,000 | 8.1-84| 0-1.1 14-20 990 - 1030
35 9 4,000 | 8.1-85| 0-14 17-21 970 -1030
2022 | ASO001 551 37,000 | 7.0 -8.4 0-5 15-24 750 - 1270
141 48 | 35,000 | 7.0-8.1 0-5 14 -24 1010 - 1090
SHO007 42| 31,000 | 7.2 -8.1 0-5 15-24 1030 -1100
SHO005 10 6,000 | 7.0-84 | 0-4.2 15-23 1030 — 1270

Table 4.4: Sensor testing sequence in the Sense-City experiments

2021 2022

Date Slot A Slot B Date Slot A Slot B
25 Mar 35 - 19 May - 141
31 Mar 35 80 20 May AS001 -
02 Apr - 80 23 May AS001 SHO005
09 Apr 141 80 25 May AS001 -

11 Apr 141 - 07 June AS001 SHO07
13 May - - 06 July - -
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The Sense-city can accommodate 2 sensors at a time, so the damaged ones in the slots were
replaced with new ones. The sequence of sensors in the sense-city loop is outlined in Table

4.4.

Due to variations in water quality and different quantities of chlorine addition, the actual
concentration of active chlorine varies from 1 — 5 mg/I since few of the sensors were operated
when the maximum actual concentration reached around 1.5 mg/I (like 80, 35), so the range

of these sensors is observed to be lower than the others.
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Figure 4.5: Response from 1 chemiresistor (1A) from the silicon version LOTUS sensor (chip 141)
during experiments in Sense-city
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For illustrative purposes, Figure 4.5 showcases data from one sensor - specifically, the output
(measured in kQ on the left vertical axis) from chemiresistor 1A on chip 141 plotted over
time (indicated by blue dots) alongside its moving average (represented by a brown line).
Concurrently, the graph illustrates environmental conditions within the water loop over time,
using a quartet of color-coded axes on the right side for pH (orange), chlorine (green), flow

rate (violet), and temperature (red).
4.2.2 Data processing

The data collected with the Lotus sensor in sense-city encountered challenges due to
insufficient EM shielding around the AFE and certain design flaws. These shortcomings led
to considerable signal noise, consistently exceeding 1%. The intense EM interference
experienced in the SenseCity test environment and the design issues were pinpointed as

primary contributors to this problem.

The impact of this noise manifested in the sensor's raw data in several disruptive ways,

affecting the precision of the readings. Notably, it caused:
. Issues with multiline signals complicate the interpretation of the data.
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. Baseline shifts, which abruptly altered the reference point for measurements.

. The combination of double lines and noise adds complexity and reduces the

sensor output's clarity.

. Persistent oscillatory noise (one of the contributors to this periodic noise is the
ON-OFF controller used for temperature control in the loop) threatens the long-

term consistency of the measurements.

. Variable noise levels complicate the task of setting a stable benchmark for
analysis.
o Elevated noise that could mask the accurate sensor data.

The same has been illustrated in Figure 4.6. Recognizing that such disturbances could also
arise in field conditions, it became clear that addressing these issues was crucial for the next
version of the device. Consequently, the Lotus Sensor version 2 incorporates strategies to
reduce EM interference, significantly improving the sensor’s performance, reliability, and

accuracy in capturing real-world data.

Significant efforts were made to address these challenges through various data preprocessing
methods. Initially, baseline jumps were tackled by re-aligning the data baseline to its original
position. This was achieved by regressing the mean of the data, segmented into windows,
against the time axis. The original and adjusted data are illustrated in Figure 4.6, with the
bottom part displaying the moving standard deviation. This visualization confirms that while

the signal's mean has been adjusted, its noise structure remains unchanged.

Following the correction of baseline jumps, the signal underwent further refinement. This
involved smoothing through a moving average technique and filtering out noise [41].
Specifically, high-frequency disturbances were attenuated using a low-pass filter, and 'salt

and pepper' type noise was eliminated with a median filter.

The resulting dataset was then transformed into a relative response Ry using the formula:

R - RO
Ryer = SR—O 4.1)
where R represents the raw signal response, and Ro denotes the baseline response. This
relative change is most widely used in the domain of chemical sensing [127], [137]. This

processed data forms the basis for subsequent analyses.
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Figure 4.6: Signal artefacts in the dataset collected during Sense City experiments

Baseline Jump correction:

The baseline jump was corrected by using simple linear regression. Initially, a few anchor
points are selected before the start of the baseline jumps. These anchor points were then
regressed against the time axis (any linear index would suffice). This regression is then used
to correct the raw data's anchor points. Once these anchor points are identified, each data
point is pulled toward the closest anchor point (closeness is calculated according to the linear
index, which, in this case, is the time axis). In the present case, the anchor points are chosen
as the average of the signal in every 5-hour time block. This 5-hour mark was chosen as a
balance between the computational overhead and loss of information (lower time blocks lead
to more computation, while higher time blocks would lead to losing the information in the

signal).

In Figure 4.7, the smaller blue dots represent the actual signal, and orange crosses represent
the corrected signal. The bigger black dots represent the chosen anchor points, and the purple

triangles show the corrected anchor points.
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Figure 4.8: Data pre-processing steps adopted in the model development pipeline
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4.2.3 Calibration Model Development

The processed data from the silicon version LOTUS sensor underwent further analysis to
develop models to estimate temperature, conductivity, active chlorine, and pH levels. This
involved dividing the dataset randomly into training and testing subsets twenty times,
maintaining a 70-30 split. The training subset was used to estimate model parameters,

whereas the test dataset was employed to assess the model performance.

The model structure was defined using first principles, starting with a simple linear
relationship and increasing complexity based on sensor response. Optimal parameters for
each target were identified by assessing explained variance, and predictions were made using
the selected models. The accuracy of each model for the target was evaluated based on the
Mean Absolute Error (MAE), which is calculated by averaging the absolute differences

between the actual observed values y, and the model's predictions y;.

e Mean Absolute Error:

MAE = (%) > v -3 (42)

e Compared with Mean prediction (Naive model with R? = 0):

1 _
Naive MAE = (E) Z lyi —y| (4.3)

In this context, y, represents the observed or measured value of interest, ¥, denotes the
model's prediction, and y is the average of all observed values. The efficacy of our model
was gauged against the naive model, which predicates that every prediction mirrors the mean

of all observations (yielding an R? value of 0) to evaluate our model's performance.

The model development discussed above is affected by the level of data pre-processing
carried out. Though these processes removed artefacts and improved the signal (reducing the
noise), was conducted manually rather than automated. Secondly, the performance was
estimated using random splits and not with temporal splits (where the history data is used to
develop the model and present data is used to estimate the performance, which can be
generalized for future performance with some uncertainty). These can lead to the risk of

overfitting of the models.
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4.2.4 Note on Model development

In the silicon version, we utilized simple linear models for the calibration of temperature and
conductivity sensors, and higher-order linear models for predicting chlorine and pH levels.
The primary rationale for limiting the model set to linear models stems from the limited
computational power of the Analog Front End (AFE). In this initial setup, all target
computations were performed directly on the AFE, and only the results were transmitted to
the host system for user display. This setup necessitated models that were computationally

less demanding to ensure efficient real-time processing.

In the upgraded versions, even though the computational capabilities of the AFE improved
compared to the earlier setup, we continued to use linear models to maintain a lower memory
footprint and ensure real-time monitoring. This decision led us to exclude advanced filtering
techniques and complex machine learning models, such as those based on neural networks
and deep learning. Looking ahead, we plan to further enhance the DAQ system and explore

the potential of more advanced models as computational resources allow.
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4.3 Calibration Models for LOTUS Sensor - Silicon version
4.3.1 Temperature Sensor Model

Figure 4.9 compares the sensor's response to temperature variations in scenarios with and
without water flow. The data illustrate that flow significantly increases the noise level in the
sensor's output. Despite this, it is feasible for both scenarios to establish a linear relationship
between the reference temperature Trer and the sensor's output Ti (T1 and T2), as shown in

eqn (4.4).
Trer = Ti X slope + bias (4.4)

Such a model facilitates temperature prediction from the sensor data, yielding an MAE of

0.34°C in flowing conditions and 0.09°C when the water is static.
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Figure 4.9: Temperature sensor (T2) response and impact of water flow condition on sensor
response signal (blue dots: Obs — raw sensor signal, orange dots: Pred — model prediction)

Table 4.5 summarizes the outcomes for three distinct sensor chips, examining conditions
with and without water flow. The model's parameters, slope and bias (as summarized in
Table 4.5), are remarkably consistent across both conditions, deviating by less than 10%
from one another. This consistency highlights the robustness of the modelling approach

employed.

Across all setups, the sensors exhibit superior predictive performance compared to a naive
baseline, as evidenced by lower MAE. Predictions in the absence of flow consistently
outperform those in flowing conditions, although the degree of difference is contingent upon
the specific chip in question. The outperformance in no flow condition can be attributed to
having a static measurand (in this case, the water, which is not in a chaotic state) and the
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reduction of EM noise due to the pump and temperature regulator (and other related
equipment) being turned off. Overall, MAEs span from 0.09°C to 0.4°C, a crucial parameter
that decides the prediction accuracy of other target parameters (Conductivity, pH, and

Chlorine concentration).

Table 4.5: Model parameters and performance metrics for temperature sensors (T1, T2) in different

chips
Flow on Flow off
Parameters Tl T2 T1 T2
C141 (2021) Slope (°C/Q2) 0.28 0.29 0.22 0.29
On: 17°C —-20°C Bias (°C) -362 -362 -279 -366
Off: 14°C - 18°C MAE (°C) 0.34 0.35 0.09 0.08
Mean MAE | 0.60 0.60 0.69 0.51
C)
C80 Slope (°C/Q) 0.40 0.43 0.49 0.49
On: 17°C -20°C Bias (°C) -501 -521 -615 -611
Off: 14°C - 22°C MAE (°C) 0.23 0.20 0.14 0.13
Mean MAE | 0.60 0.59 1.38 1.38
°C)
C35 Slope (°C/QY) Sensor 0.44 Sensor not | 0.31
On: 17°C —-20°C Bias (°C) not -535 available | -366
Off: 17°C —21°C MAE (°C) available | 0.23 0.19
Mean MAE 0.65 0.95
°C)

4.3.2 Conductivity Sensor Model

Two distinct models were analyzed for conductivity sensors, incorporating a linear
temperature dependency as frequently noted in existing research. The models explore both
direct linear relationships with conductivity and inverse relationships with conductivity.

Given the sensor's physical principles, an inverse model is theoretically supported:

VCi =Qqp +a, Tref + aZ/Cref (45)
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where Vg; is the voltage drop across the conductivity sensor Ci, Tyof and Cy.r are the

reference temperature and conductivity values.

However, considering the limited variability of conductivity in the dataset, the study also
assesses whether a linear approximation might effectively represent the nonlinear

relationship between the sensor response and conductivity, as given by the formulae:
Vci = ao + a1 Tref + azcref (46)

After estimating the coefficients, the target conductivity is predicted Cp, by inverting the
model equation as shown in Table 4.6, replacing the reference temperature with the

temperature sensor model response.

Table 4.6: Two chosen models for Conductivity sensor and model inversion for prediction

Model 1 Model 2
Direct mOdel for VCi = aO + a1 Tref + azcref Vci = ao + a1 Tref + az/Cref
coefficient estimation
Inversion for prediction . = Vei —ao — a;Trer Cp = az
P a, Vei = ag — a;Trer

The dataset for just one sensor chip (of the 6 chips experimented in Sense-city) has a broad
enough range of conductivity values (from 750 to 1270 uS/cm) to test the proposed models
adequately. As anticipated, due to the limited variability in conductivity, Models 1 and 2
exhibit closely matched performance and model coefficients, as detailed in Table 4.7.
Surprisingly, the sensitivity to changes in conductivity is lower than to temperature
variations by an order of magnitude of one to two, leading to relatively inconsistent
performance outcomes. This discrepancy is likely attributable to the high thermal sensitivity
of the silicon substrate and the wire bonding connections between the sensor chip and its
PCB (previously highlighted as vulnerability points in the first version of the LOTUS sensor

and addressed in the design of version 2).

Despite these limitations in version 1, the best MAEs recorded in static and dynamic water

conditions stand at 31 uS/cm (for sensor C1) and 73 puS/cm (for sensor C3), respectively.
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Table 4.7: Conductivity sensor model parameters and performance metrics

Flowing water Static water

Cret =750 to 1270 pS/cm C1 C2 C3 Cl C2 C3

Model 1, al (uV/°C) -189 -100 -93 -20 6.6 -27
Model 1, a2 (uV/ uS/cm) 0.2 -1.5) 07| -64] -0.6 0.1
MAE (uS/cm) 204 73 128 31 153 656
Model 2, al (uV/°C) -189 -96 -94 -19 7 -27
Model 2, a2 (V. uS/cm) -0.2 1.4 0.7 4.6 0.4 -0.1
MAE (puS/cm) 323 98 188 31 124 5133
Naive MAE (uS/cm) 182 141 103 222 92 76

4.3.3 Active Chlorine and pH Sensor Model

The models for chlorine and pH are exclusively developed for conditions with water flow
since chlorine measurements are not taken in the absence of flow. The dataset from chip 141,
encompassing approximately 200 hours of data collected in 2021, was utilized to create and
validate these models. The presence of flow introduces a significant level of noise to the
dataset. In water, chlorine splits into active chlorine and hypochlorite ions. The LOTUS
sensor is designed to detect active chlorine concentration within the Sense-City pipeline.
Consequently, the calibration models for the sensors are formulated based on the

concentrations of the actual chemical entities found in the water.

In water, chlorine dissociates into HCIO (active chlorine) and ClO™ (hypochlorite ion), where
the equilibrium concentration depends on temperature and pH [222]. For a chlorine
concentration (Cehiorine) mg/l, pH and Temperature (T) °C, the active chlorine concentration

CHcio mg/l, and concentration of hypochlorite ions Ccio-mg/l, is given as:

Centorine = Cucio + Ceio- (4.7)
-1

CHClO = Cchlorine (1 + (0.98 X 10pH —pKa(T))) (4'8)

pKa(T) = 7.5 —0.01(T — 30) (4.9)
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Eleven calibration models (as detailed below) were explored for their ability to predict active
chlorine and pH levels, applying these models across twenty chemiresistors, where R;
corresponds to the relative response of i chemiresistor selected, a;, B;, vi, {;, Ai, 1;, 0; are the
coefficient parameters, Cyc;o denotes active chlorine concentration, Cr;n denotes the

concentration of hypochlorite ions, T denotes the temperature, and ¢; denotes the error.

R; = oiChcio + ¢: (4.10)
R; = &iChcio + BipH + ¢; (4.11)
R; = viCcio + ¢; (4.12)
R; =viCcio + Bi pH + ¢; (4.13)
R; = &iChcio + YiCeio + Bi PH + ¢; (4.14)
R = aiCycio + Bi pH + T + ¢; (4.15)
Ri = aiChcio + AiCficio + Bi PH + ¢ (4.16)
Ri =YiCao +MiCio + Bi PH + (.17)
R; = AiCicio + MiCio + b (4.18)
Ri = a;iChcio + 6; exp(pH) + ¢; (4.19)
R = YiCeio + 6; exp(pH) + ¢; (4.20)

Considering both Coefficient of determination and computational efficiency, the selection

process led to the choice of model M2, given by equation (4.11).

Figure 4.10 illustrates the Coefficient of determination for the explored linear models (4.10)
- (4.15) and non-linear models (4.16) - (4.20), respectively. It is important to note that while
model M2 (4.11) is not the top performer, its performance is nearly identical to that of the
best-performing model, M5 (4.14), across almost all chemiresistors. Moreover, M2 has
fewer degrees of freedom, minimizing the risk of overfitting. From this model, the
chemiresistors having R? above 60% and the coefficients for chlorine and pH having CoV
below 5% are chosen, namely: 1A, 1B, 1C, 1D, 2A, 2B, 2C, 1F, 1G, 1H, 11, 2G; with the
initial seven having non-functionalized CNT ink and the remaining five featuring

functionalized ink.
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Figure 4.10: Coefficient of determination estimated from the dataset of the explored models. Top —
Linear models and Bottom — Non-linear models

Table 4.8 offers a summarized overview of the sensors' sensitivities, highlighted by:

Sensitivity modulation: The introduction of FFUR functionalization altered the

chemiresistors' sensitivity compared to those with pristine CNT. This effect is more
pronounced in pH sensitivity (where PCNT has 80.9% sensitivity compared to FFUR’s 48%
per pH unit).

Device-to-device reproducibility: Sensitivity variation among devices is consistent between

those with CNT and FFUR functionalization. Variability is marginally less for active
chlorine than for pH, which could be attributed more to the testing conditions than the
chemical composition of the devices. Notably, a 20% variability (CoV) in active chlorine

sensitivity matches well with findings from previous research on printed CNT devices [223].

Table 4.8: Sensitivity analysis of the chemiresistors: PCNT — 7 pristine CNT devices, 1A, 1B, 1C,
1D, 2A, 2B, 2C; FFUR - 6 functionalized CNT devices, 1F, 1G, 1H, 11, 2G

Name of Coefficient for Active chlorine, a Coefficient for pH,
the CNT (%/ mg/1) (%/ pH)
Ink Average Standard deviation Average | Standard deviation
PCNT -48.1 9.8 -80.9 22.6
FFUR -41.6 5.7 -48.0 12.3
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Following the choice of M2 as the calibration model for the chemiresistors, developing the
prediction model involves an inversion process. Since the model targets two parameters but
utilizes more than two chemiresistors, a pseudo-inverse matrix technique is employed for

model inversion. This approach not only facilitates the inversion but also enables data fusion.

An exhaustive search of the optimal subset from the selected chemiresistors yields 1A, 1B,
1C, 1D, and 1H (4 PCNT, 1 FFUR sensor). The prediction model is constructed as given

below:
[1;4 1EB 1EC 1? 1H] = [HLQIO pEH] [;i :::] +[p; ] (42D

In shorthand notation, this can be written as:

R=TC+ ¢ (4.22)
from which the target parameters are estimated by matrix inversion, given by:
T=R —¢)C* (4.23)

where C™ is the Moore-Penrose inverse.

Figure 4.11 illustrates the outcomes of the model inversion: the model predictions track the
changes in chlorine and pH levels. However, the model fails to detect the smallest step
change in active chlorine (occurring at 90 hours) and exhibits drifts in pH following each pH
adjustment. The Mean Absolute Errors (MAEs) for active chlorine and pH stand at 0.13 mg/1
and 0.12, respectively, compared to the naive MAEs at 0.14 mg/l and 0.17. The error margin
for active chlorine is above the ideal threshold for its intended application (where 0.05 mg/I

would be preferable), whereas the error for pH is within acceptable limits.

1.0 8.6
* Observed
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Figure 4.11: Time series of predicted and observed HCIO and pH values
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4.3.4 Uncertainty quantification of LOTUS sensors

Uncertainty quantification is a process that involves systematically calculating and
expressing the degree of variability associated with measurements, models, and predictions.
It aims to comprehensively assess the confidence or reliability of the outcomes derived from
experiments and models. This process encompasses identifying sources of uncertainty,
quantifying them through statistical measures (such as standard deviation), and then
analyzing their impact on the final predictions. In essence, uncertainty quantification aids in

understanding the potential range of outcomes and the likelihood of different scenarios.

In a sensor system, two primary types of general uncertainty are commonly encountered:
measurement uncertainty and model uncertainty. Measurement uncertainty arises from the
sensor due to factors like sensor drift, calibration errors, or environmental influences
affecting the sensor's readings. Model uncertainty, on the other hand, stems from the process
of using a calibration model to interpret sensor data, including inaccuracies in the model's
structure, the estimation of model parameters, the appropriateness of the model for capturing
complex real-world phenomena, and the uncertainties in target data. Typically, the
uncertainty can be estimated via different techniques, and they are influenced to a great
extent by the calibration model. If the calibration model has a closed analytical form, we can
use the Gaussian Error Propagation (GEP) formulae [224], [225], [226] to derive an
uncertainty equation and estimate it. However, if the model is complex, has no closed form,
or is a black box model (like Neural networks), bootstrap methods [227] can be used to

estimate uncertainty.

In the case of the LOTUS sensor, we are focusing on the following factors contributing to
the uncertainty: noise or response variability in the LOTUS sensor, inaccuracies and random
noise in the target sensors, and inadequacies of the model developed. For Temperature and
Conductivity, we have explicit closed-form simple analytical equations, so we are using GEP
formulae, while for chlorine and pH, we developed a bi-parameter matrix inversion model,

for which the bootstrap method would be a simpler approach.

Uncertainty in Temperature Sensing

The dataset generated from experiments with LOTUS sensor 141 during 2021 is utilized for
this analysis. The uncertainty associated with the LOTUS sensor response (GRresponse) and the

model coefficients are outlined in Table 4.9 for the temperature testing over the range of

17.5°C to 20°C.
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Table 4.9: Uncertainties associated with the sensor response and model coefficients

Flow Sensor | Gresponse () Model coefficients
condition
Slope GSlope Bias OBias (OC)
(°C/QQ) | (°C/Q) (°O)
On T1 1.50 0.284 0.002 | -362.35 3.17
T2 1.47 0.295 0.002 | -362.05 2.52
Off T1 0.50 0.222 0.0003 | -277.09 0.33
T2 0.37 0.291 0.0004 | -365.59 0.57

Using the error propagation, the uncertainty of the sensor prediction (Gprediction) can be
calculated as per the following equations. For the calibration model given in (4.24), Tp refers
to the predicted temperature, Ry; referes to the response from temperature sensor T1, T2

based oni=1 or 2, and «;, §; denotes the slope and bias of the model for sensor Ti.

Tp = aiRr; + B @.24)
T, \> (0T 2T (4.25)

| J (a—ai ) + (aRTl- i) + (a_m )
(4.26)

= OTp = \/(RTi Uai)z + (aiaRTi)z + Uﬁ%i

Based on equation (4.26), the uncertainty associated with predicting temperature o7, with
LOTUS sensor T1 and T2 is summarized in Table 4.10. The uncertainty provided is much
higher than the respective MAE reported, as the MAE considered only the uncertainty in the

sensor response and assumed the model coefficients to be fixed.

Table 4.10: Uncertainty of the Temperature prediction by LOTUS sensor no: 141 in the
temperature range 17.5°C to 20°C

Sensor Flow ON Flow OFF
Range (Q) or, (°C) Range (Q) or, (°C)
T1 1335.1 — 1345.0 4.18 | 1321 — 1337 0.53
T2 1285.1 — 12934 3.63|1308.1 -1319.9 0.78
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Uncertainty in Conductivity Sensing

In the case of the conductivity sensor, as discussed earlier, only the LOTUS sensor no:

ASO001 has enough data for an approximate model. In the model for temperature parameters,

we utilized the actual temperature instead of the temperature predicted by sensors T1 and T2

because the baseline resistance of the sensor in AS001 was at 22 kQ compared to the targeted

1 kQ to 1.5 kQ. So, to provide an estimate, the uncertainty associated with the temperature

parameter is taken from Table 4.10. From Table 4.7, we can see that for both models, sensor

C2 was performing better in flow ON condition, and C1 was performing better in no flow

condition. Therefore, uncertainty quantification is only done for these sensors. The

uncertainty for conductivity sensing a.p, for both models, with respect to the factors can be

expressed as:

2

)+ w) +(
vy Ve da, %

ac ZacC 3
—Paal) +( Pa ) +

For model 1, each term in the above equation will be,

where A = V¢ — ag — a1 e

da, da, @
1 an _ Tref an _ aq an L
a ! 6a1 a ’ aT—ref a2’ aaz

aCp
aTref UTref

2
) (4.27)

Table 4.11: Uncertainty in Conductivity sensing, using model 1 (4.6), in flow and no flow

condition
C2 (best in flow C1 (best in no flow
condition) condition)
Model Coefficients | a, (uV) 7182.81 9437.43
a, (uWv/°C) -100.31 -19.67
a, (LWV/ uS/cm) -1.53 -6.36
Uncertainty in Oq, (MV) 531.95 1162.13
model coefficients Ga, (LV/°C) 10.98 562
Oq, (WV/ uS/cm) 0.30 1.37
Model inputs and Vei (LV) 3541.08 3647.68
their uncertainties oy, (LV) 137.60 338.84
Trer (°C) 20.90 20.49
07 rer (°C) 3.62 0.52
Uncertainty with Range (uV) 3243 - 3960 3005 — 5000
sensing ocp (LS/cm) 497.1 257.4
ocp/Cp 0.50 0.31
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For model 2, each term will be:

an __ —ap an

_% aCP _ aZTref an __ a4 an _

Ve A2 'da, A2’ day 22

"0Trer A2 2 da,

1

A

Table 4.12: Uncertainty in Conductivity sensing, using model 2 (4.5), in flow and no flow

condition
C2 (best in flow C1 (best in no flow
condition) condition)
Model Coefficients | a, (uV) 4192.17 -1375.29
a; (uWv/°C) -96.29 -19.15
a, (V uS/cm) 1.37 4.58
Uncertainty in Og, (LV) 160.67 1171.28
model coefficients 4. (UV/°C) 11.68 563
) . .
Oq, (V uS/cm) 0.38 0.98
Model inputs and Vei (LV) 3541.08 3647.68
their uncertainties oy, (LV) 137.60 338.84
Trer (°C) 20.90 20.49
07 rer (°C) 3.62 0.52
Uncertainty with Range (uV) 3243 - 3960 3005 - 5000
sensing ocp (US/cm) 392.5 255.3
Iep
Cp 0.40 0.30

Uncertainty in Chlorine and pH sensing

In the case of chlorine and pH sensing, we use a bi-parameter mode with matrix inversion.

For this model, the bootstrap-based method is preferred over developing an analytical

uncertainty equation from the GEP, as the model is a complex, closed form though

analytical.

For the case of bootstrapping, we have used the model with random data selected from the

available dataset (sensor no: 141 from 2021 experiments), and the coefficients are obtained

from a Gaussian distribution with the mean and standard deviation, as obtained from model

development (repeated iterations with random 70% of data as described in 4.3.3).

Based on equation (4.217), the uncertainties associated with the coefficients of the selected

chemiresistors (1A, 1B, 1C, 1D, and 1H) are outlined in Table 4.13.

TH-3536_186107106
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Table 4.13: Uncertainties associated with the coefficients of Active Chlorine and pH model

Coefficients — | HCIO (%/ mg/l) pH (%/ pH) Bias
Chemiresistors | a; Og, Bi g, Obias
1A -0.425 0.010 -0.560 0.011 0.096
1B -0.366 0.008 -0.530 0.010 0.086
1C -0.450 0.010 -0.698 0.013 0.110
1D -0.499 0.013 -0.811 0.016 0.133
1H -0.369 0.007 -0.358 0.006 0.054

The uncertainty associated with chlorine and pH sensing using bootstrap methodology with
the information from Table 4.13 for chlorine is estimated to be 0.235 mg/l and for pH 0.210
pH units for the range 0 — Smg/l and 7.6 to 8.3, respectively.

4.3.5 Summary of LOTUS sensor - silicon version validation in Sense-city

Table 4.14 comprehensively summarizes the optimal Mean Absolute Errors (MAEs)
obtained from the Sense-city dataset following data refinement and model formulation.
These results are deemed satisfactory for the applications envisaged by LOTUS, except for
chlorine predictions, where a reduction in MAE by half would be more desirable. It is
anticipated that enhancements in system noise reduction will straightforwardly address this
concern. It is important to highlight that while Table 4.14 sheds light on the system's
potential in practical settings, these outcomes should not be interpreted as real-time or in-
field performance metrics. This is because the models have not been trained on datasets with
temporal structuring (for instance, training with initial days' data and predicting for

subsequent days).

Table 4.14: Best MAE values achieved over the dataset for LOTUS sensor version 1

Parameter Average Error of Detection | Field requirement

Flowing water | Static water

Temperature 0.2°C 0.1°c < 0.1°C

Conductivity 73.2uS/cm | 31.3 uS/cm <30uS/cm

Active Chlorine 0.13 mg/L <0.05 mg/L
pH 0.12 pH units <0.1 pH
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4.4 Experimentation with LOTUS Sensor - Plastic Version

4.4.1 Laboratory experiments for Chlorine and pH

Before comprehensive characterization, the laboratory protocol for characterization was
refined to address specific issues like interference from external light and delayed

homogenization.

Light sensitivity was noted in Pristine CNT (strongly) and FFUR (moderately)
chemiresistors, a phenomenon not encountered with previous MWCNT-based inks. The
second version's inks, which utilize SWCNTs, are known for their light sensitivity, and the
FFUR polymer is known for its UV sensitivity. This accounts for the observed light
sensitivity, which does not affect field usability since the sensors are deployed within pipes
shielded from light exposure. However, this finding significantly influences laboratory
characterizations typically conducted in glass beakers (as seen in Figure 4.12), and the tube
lights used in the laboratory (commercial 40W) influenced the dynamic response of
chemiresistors. After this realization, characterizations were performed with a cover over the

setup, or lights turned off.

Magnetic stirring, a common laboratory technique for rapid solution homogenization, was
found to interfere substantially with AFE readings, rendering it unsuitable for consistent use.
Experimentation revealed that short bursts of magnetic stirring for 100 seconds followed by
immediate cessation allowed sensors to reach a steady state, indicating that their response
time in laboratory conditions is under 100 seconds (refer to Figure 4.12). Due to the
protocol's impracticality with magnetic stirring, it was largely excluded from the presented
results. Consequently, the response times discussed indicate solution homogenization within

the beaker rather than intrinsic sensor response characteristics.
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Figure 4.12: Effect of magnetic stirring (applied during the interval of times plotted in grey) on the
response time. Effect of the PCNT light sensitivity (bottom, between 17:20 and 17:55).
Measurements carried out with Alternating DC protocol

Figure 4.13 illustrates a one-day laboratory characterization of chlorine sensitivity across

different pH levels, conducted using AC excitation with the second version of the LOTUS

Analog Front End (UAFE), which at that time was not voltage-limited. Key observations

from this figure include:

e Adjustments in chlorine (addition of NaOCl) and pH levels (addition of HCI) visibly

impact sensor readings, albeit with a somewhat extended response time, possibly due

to challenges in achieving uniform beaker homogenization.

e No real-time chlorine measurements were available, as during the initial phase, we

used a commercial DPD-based colorimeter Aqualabo Photopod [228], and no real-

time pH measurements were also made, as the pH electrode created interference in

the LOTUS sensor response measurement.

e The immediate response to chemical additions is evident in the coefficient of

variation (CoV) plots (shown in the second row of Figure 4.13). These plots reveal

the sensors' rolling CoVs, with a distinct peak corresponding to each addition.

e Between these additions, the CoV stabilizes at 0.1% or lower, aligning with the

predefined objectives for the AFE.
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Figure 4.13: Example of 1-day chlorine/pH experiment under AC excitation. Top: raw sensor
outputs. Bottom: coefficients of variation (e.g. noise)

Encouraged by this proof of concept, a comprehensive series of calibration experiments was

subsequently executed using the UAFE with AC excitation protocol for the chemiresistors

with the experimental details as depicted in Table 4.15. After processing the data to express

outputs in terms of relative variation of resistance, the results were correlated with the

system's main variables (actual chlorine, active chlorine, hypochlorite ions, and pH).

Table 4.15: Series of lab characterization experiments used to build calibration model.

S.no | Chlorine | pH range | FFUR ink PCNT ink Environmental
range effect
(mg/1)
1 0-0.75 8.5 Detrended response | Relative Lab Lights on
) 0-2 8.5 + Median response | response +
at steady state Median
3 0-2 7.2-8.5
response at
4 0-3 7.5-8.5 Relative response + | steady state Lab Lights off
5 0-19 73_85 Median response at
steady state
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The construction of calibration models was approached as follows:
e Dataset Composition:

o Total 30 samples, 20 iterations of data, split into 70% training and 30%
testing

e Model Formulation:
o Utilization of generalized linear regression
e Evaluation Metrics:

o Coefficient of determination, with minor variations (~0.01), deemed
insignificant

o Standard deviation across splits, noting high variability in test outcomes
attributed to the limited dataset size

Apart from the models analyzed for the Silicon version (models M1 to M11, corresponding
to equations (4.10) - (4.20)), a few other model equations were also analyzed for this dataset.
These models were chosen step by step, wherein at each step, one of the 4 parameters (actual
chlorine CL, active chlorine HCLO, hypochlorite ions OCL, and pH) was introduced in first
order and second order. We also examined the case with Hydrogen ion concentrations
instead of pH (which is estimated as 10P#) along with the other models. The Coefficient of

determination obtained from all these models are visualized in Figure 4.14.

Complete dataset Test dataset (30%)
ci ——— FFUR
/ PONT
ocL+0ci?{ —<
HCLO + HCLO?
HCLO
CL+ ph-

HCIO + ph? + ph-
HCIO + HCIO? + ph
OCI + ph-

HCIO + 10°" + OCI A
HCIO + ph + OCI A
HCIO + OCI? + OCI
HCIO + HCIO? + OCI

HCIO + OCl -

HCIO + ph

PCNT e

04 06 08 10 {0 05 00 05 10
Corr. Coctf. Corr. Coef.

Figure 4.14: Coefficient of determination achieved for different models. The error bars indicate the
variability over the 20 different splits. Left: training sets. Right: testing sets. Blue: FCNT. Orange:
PCNT.
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Figure 4.14 reveals that the most stable models identified based on their consistent

performance as:

PCNT = cHCIO +d OCl + ¢, (4.28)
FFUR = a HCIO + bpH + ¢ (4.29)

The characteristics of these models are detailed in Table 4.16 and Figure 4.15. While some
alternatives exhibited marginally superior Coefficient of determination, they were
disqualified due to their more significant standard deviation across data splits or an excessive

number of parameters, which could increase the risk of overfitting.

Table 4.16: Properties of the best model combination. The R? and MAE provided here relate to the
direct model (predicting a given sensor output knowing active chlorine, pH, or OCI).

TH-3536_186107106

Coefficients FFUR PCNT
HCIO (/ mg/l) 0.15 (0.01) 0.074 (0.004)
pH (/pH unit) 0.06 (0.01) -
OCl (/ mg/l) - 0.017 (0.004)
€0, €1 -0.46 (0.08) -0.015 (0.003)
R2 0.71 (0.02) 0.89 (0.005)
MAE 0.024 (0.001) 0.001 (0.0003)
Naive MAE 0.042 0.026
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Figure 4.15: Scatterplot predicted (vertical axis) versus actual (horizontal axis) for the direct
calibration model.

Two different strategies were assessed for model inversion:

1. Single Parameter Inversion: This approach involves inverting for one parameter at a
time, assuming the value of the other parameter is known, applied individually to

each of the two chemiresistors.

2. Bi-Parameter Inversion: This method attempts a simultaneous inversion for both
parameters, using both chemiresistors together, with various algorithms evaluated

for effectiveness.
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Given the dataset's baseline, with naive MAEs at 0.29 mg/l for active chlorine and 0.41 for

pH, improvements in these figures were anticipated. The outcomes are synthesized in Table

4.17:

e By leveraging both chemiresistors concurrently without prior knowledge, an MAE

of 0.16 mg/1 for active chlorine was attainable.

e With PCNT chemiresistor and known values of the complementary variable, MAEs

can be reduced to 0.01 mg/1 for active chlorine or 0.2 for pH.

e The FFUR chemiresistor model shows lesser efficacy, especially in predicting pH,

which accounts for the success of bi-parameter inversion solely for HC1O and not for

pH.

Table 4.17: Inversion performances. Naive MAEs: HCIO - 0.29mg/l; pH: 0.41. “Uncertainty”

refers to the standard deviation over 20 splits.

Model Input Prediction MAE Uncertainty
Chcio, Rrent pH 0.21 0.06
pH, Reent Chlorine (mg/L) 0.01 0.01
Chcio, Rrrur pH 0.41 0.08
pH, Rrrur Chlorine (mg/L) 0.16 0.01
Rpent, RrFur pH 0.43 0.004
Rpent, ReFur Chlorine (mg/L) 0.16 0.02

These findings validate the practicality of the chemiresistors printed on plastic substrates for
applications within the LOTUS framework. A subsequent study on chlorine sensitivity was
performed using alternating DC excitation to verify its applicability in the LOTUS setting.
The results, depicted in Figure 4.16, demonstrate a pronounced sensitivity to chlorine (FFUR
sensitivity: 26%/mg/l, R*=0.89 and PCNT sensitivity: 13%/mg/l, R?>=0.71) alongside

adequate linearity, which led to adopting this alternating DC — rectangular wave signal as

the excitation signal for further experiments.

TH-3536_186107106
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Figure 4.16: Relative response as a function of initial chlorine concentration, showing both
observed data (Obs) and simple linear model (Model).

4.4.2 Sense-city experiments

4.4.2.1 Experimental parameters and Dataset description

The sensor was deployed in the SenseCity water loop, operating at a flow rate of 0.3 m/s and

a pressure of 1.5 bar for approximately 432 hours. Temperature control was ensured at

25.5°C through an On-Off controller set within a dead band of 25 to 26°C. The experimental

conditions varied target parameters within 7 to 8.5 for pH and 0 to 5 mg/L for chlorine

concentration. The sensor comprised six units (6-device configuration - Figure 4.17),

including pairs designated for PCNT, FFUR, and PVT inks, explicitly labelled 1E, 11, 2A,

IF, 2D, and 2J. An unexpected complication in the sensor assembly led to damage in device

IF, restricting data analysis and model development to the remaining five functional devices.

Figure 4.17: 6-device configuration sensor head: installed in Sense-city

The sensor utilized the UAFE, employing an enhanced excitation protocol of DC pulses

lasting 15 ms, with each sensor's total activation spanning 1.1 seconds. Sensor activation

occurred in successive cycles, each lasting 1.1 seconds.
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The collected dataset spans 432 hours and includes the following key events:

e Three experiments of chlorine addition at varying pH levels, alongside minor pH

adjustments
e A single pH variation experiment conducted in the absence of chlorine
e A gradual increase in pH from 7 to 8.5

e Notable changes in water turbidity throughout the experiment, though this parameter

was not formally tracked.

The correlation between the target parameters during the experiments is visualized in Figure

4.18.
1.00
pH 0.75
Total Chlorine - 050
Active Chlorine - -0.43 -0.25
oci—- -0.21 -0.00
Temperature - -0.02 -—0.25
Conductivity - -0.13 -—0.50

=075

Flow- -0.05  0.02 0.02 002 -0.02 0.01

I 1 | [} [} 1
pH  Total Cl Active Cl OCI~ Temp Cond  Flow —1.00

Figure 4.18: Correlation between the experimental parameters using commercial sensors during the
complete experiment.
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4.4.2.2 Data Pre-processing

Using an on-off temperature controller led to the emergence of a periodic triangular pattern
in the response data of both the LOTUS sensor and the pH reference sensor, as illustrated in
Figure 4.19. This pattern could stem from the temperature changes directly affecting the
sensor readings or from pH fluctuations induced by temperature variations. While the direct
impact of temperature on the sensor responses is the more plausible explanation, the current
dataset lacks the variability to definitively attribute the cause, leading to the decision to
eliminate this triangular waveform from the data of both the reference pH sensor and the
LOTUS sensor. FFUR chemiresistor has a lagged response compared to PCNT
chemiresistor; this lag can be validated by the triangular effect seen in Figure 4.20 even after

removing the temperature effect, as seen in PCNT.

Furthermore, the responses from the Lotus sensors were refined using a 5-point rolling
average for smoothing, with outliers removed through a median filter. The corrected
responses, with the triangular pattern significantly reduced, are presented in Figure 4.20. The

coefficients of variation (CoV) following data pre-processing are showcased in Figure 4.21.
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Figure 4.19: Effect of Temperature Controller: top left — reference temperature sensor; top right:
reference pH sensor; bottom left: 1 PCNT sensor; bottom right: 1 FFUR sensor.
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Figure 4.20: Corrected sensor response (after removing the temperature controller artefact)
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Figure 4.21: CoV of raw data and pre-processed data

4.4.2.3 Model Development and Metrics

In this study, we explore two methodologies for model development: random splits, where
the dataset is divided into random subsets of 70%-30% to estimate model coefficients from
the 70% portion, and time-structured splits, which leverage data from an initial phase (often
the first few hours of the experiment) to maintain chronological integrity in model
development. Random splits gauge the system's baseline accuracy, offering insights into the
general calibration effectiveness of the sensors without reflecting their capacity for real-time

operation. In contrast, time-structured splits aim to mimic the real-world application of the
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124




Sensor Characterization and Calibration

sensors, predicting their performance in live conditions where models are established shortly

after deployment and used subsequently without further calibration.

We continue to utilize the same evaluative metrics, namely the R? (Coefficient of
determination) and MAE (Mean Absolute Error), with MAE benchmarked against the Naive
MAE of a baseline model that assumes all predictions equal the mean target value, rendering

R2 as 0.

Additionally, the study investigates the mutual influences of chlorine on pH predictions and
vice versa. This involves analyzing specific subsets of the dataset: one where chlorine is
present (HCIO concentration > 0.01 mg/L) and another absent chlorine (HC1O <0.01 mg/L).
Moreover, a subset containing data with only decreasing chlorine conditions is also
evaluated to examine how the sensors' response times are affected under conditions of
gradually decreasing chlorine levels. Figure 4.22 and Figure 4.23 provide the scatter plots of

each chemiresistor against the target parameters — active chlorine and pH.

Analyzing the scatter plot data reveals several pertinent trends and characteristics of sensor
performance. Firstly, PCNT chemiresistors and FFUR chemiresistors (the top row, middle
column is the damaged chemiresistor) demonstrate an initial linear response to active
chlorine concentration that eventually plateaus, indicating a saturation point. This saturation
phenomenon necessitates identifying operational concentration ranges to ensure accurate
readings. Moreover, the scatter plots indicate that sensors yield a more distinct second-
degree response in active chlorine at lower pH levels, whereas at higher pH levels, the
response appears saturated. This suggests that pH levels influence sensor responsiveness to

chlorine.

In the context of pH responsiveness, PCNT chemiresistors present a linear response up to a
pH of 7.4, after which a saturation effect is observed, resuming a linear trend post pH 7.8.
This biphasic behaviour needs further exploration to develop calibration models accurately
representing non-linearities across varying pH ranges. The working FFUR chemiresistor, in
contrast, exhibits a second-degree response curve, with saturation occurring between pH
levels of 7.4 and 7.8, followed by a re-emergence of linear response. However, the plots for
PVT ink in the scatter plot data do not display any clear relationship, suggesting complexity

in sensor behaviour that may require more experiments to unravel.
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4.4.2.4 Random splits

Here, the complete 432-hour dataset is randomly split into 70% — 30%, and the model
development is repeated 50 times on the 70%, evaluated on the complete data to get the
generalized performance. Based on the information from previous experiments, we utilized
3 models: a simple linear model for pH and active chlorine concentration estimation, the

second-degree model for the same, and a simple linear model only for pH estimation.

Predicting pH and Active Chlorine from a simple linear model

To simultaneously predict pH and active chlorine levels, the initial approach involves a bi-
parameter linear model chosen for its promising results during lab tests. The sensor
responses R, R, are related to the target pH and active chlorine via coefficients a;, b; and c;

as shown below:

[Rel Rgz] _ [sz CHzao] [Zi Zﬂ +[e1 C] (4.30)
>R=TC+¢ (4.31)
>T=(R-¢)C* (4.32)

where Ct denotes the Moore-Penrose inverse.

Subsequent inversion across the entire dataset allows for the concurrent estimation of pH
and active chlorine values. The performance of this bi-parameter model inversion is
showcased in Table 4.18, highlighting the top three outcomes. The chemiresistor pair 1E and
2A, in particular, demonstrate effective overall performance for both pH and active chlorine,
though the improvement in active chlorine prediction is minimal compared to the naive
MAE. According to the time series analysis presented in Figure 4.24, while the model

capably tracks the overall trends, it occasionally fails to identify specific pH changes.
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Table 4.18: pH Active Chlorine Bi-parameter linear model: Random splits. The values in
parenthesis are the standard deviations over the 50 random splits

pH Active Chlorine
Selected Chemiresistors
R2 MAE R2 MAE (mg/l)
IE (PCNT) | 2A (FFUR) | 0.49 (0.003) | 0.18 (0.001) | 0.53 (0.01) | 0.08 (0.001)
1T (PCNT) 2A -1.1 0.30 (0.01) -2.9 0.21 (0.01)
IE 11 0.6 0.26(0.01) 20.6 | 0.14 (0.003)
Naive 0.24 0.09
8.5
-
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Figure 4.24: pH - Active Chlorine model: Prediction from using chemiresistors 1E and 2A

Predicting pH and Active Chlorine from a linear second-degree model

The scatterplot presented in Figure 4.22 suggests that the active chlorine response is non-

linear. So, the following calibration model was identified to represent this scenario:

R;

a;, pH

2
+ B, Cucio +V; Chcio + ¢;

(4.33)

Details of the model's performance are outlined in Table 4.19. This model's inversion

process, which incorporates the computation of a square root due to the second-degree term

of active chlorine, causes numerical instability, necessitating the exclusion of some data
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points from the analysis. Consequently, the Naive MAE for active chlorine varies with each
case. While employing this model enhances the MAE and linearity for active chlorine
predictions, it does so at the expense of pH estimation accuracy, exhibiting a comparable
MAE but a decline in R A time series plot from a randomly chosen split is depicted in
Figure 4.25, showing results broadly similar to those from the linear model, with overall

trends captured but certain steps missed.

Table 4.19: pH Active Chlorine Bi-parameter higher-order model

Selected pH Active Chlorine
Chemiresistors R2 MAE Naive | R2 MAE Naive
MAE (mg/1) MAE
1E (PCNT) | 2A (FFUR) | 0.28 0.20 0.23 0.73 0.05 0.07
(0.008) | (0.001) (0.002) | (0.0003)
1E 11 0.13 0.18 0.23 0.50 0.04 0.07
(0.01) (0.001) (0.007) | (0.0002)
1E 2D (PVT) -0.9 0.24 0.22 0.29 0.04 0.06
(0.001) (0.003) | (0.0002)
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Figure 4.25: pH Chlorine Bi-parameter2nd order model: target prediction
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Predicting only pH from Chemiresistor responses

To assess how chlorine impacts pH predictions, we applied a linear model for pH that
excluded the active chlorine variable. Table 4.20 details the coefficients for each
chemiresistor and the outcomes of the pH prediction via model inversion, with the naive
model MAE being 0.24. This approach improves pH prediction accuracy, as evidenced by
lower MAEs, making it a promising strategy for pH estimation. Meanwhile, a bi-parameter,
second-order model incorporating pH and active chlorine could be reserved for chlorine

prediction.

Table 4.20: Metrics for the pH-only model developed with random splits of data

Chemiresistor | R2 MAE Device Ink
1E 0.17 (0.008) | 0.20 (0.0005) | PCNT
11 0.44 (0.004) | 0.15 (0.0004) | PCNT
2A 0.55 (0.003) | 0.15 (0.0003) | FFUR
2D -0.19(0.013) | 0.22 (0.001) | PVTI18
2] 20.09 (0.01) | 0.20(0.001) | PVT118
3 Observed o ey
8.251 Prediction
2004 w’l/
7.75 1 Y 4
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7504 ief
)
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Duration (hrs)

Figure 4.26: pH only model: pH prediction with chemiresistor 1E (PCNT)

Table 4.20 highlights device 2A (FFUR) for its superior performance, marked by the lowest
MAE and highest R2. The pH predictions derived from this device, as visualized in Figure
4.26, show the model’s ability to track pH trends and detect shifts in pH levels. However, it

does not precisely mirror every change.

Data fusion techniques were explored to enhance these predictions. Specifically, we

considered the weighted average predictions from two selected devices as the final
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estimation. The top three selections out of twenty possible combinations are presented in
Table 4.21. Figure 4.27, which features model predictions using chemiresistors 11 and 2A
over time, demonstrates the advantage of data fusion compared to the earlier model (Figure
4.26). While the performance metrics remain similar, the plot from Figure 4.27 shows a
noticeable narrowing of the gap between the observed (blue) and predicted (orange) pH

values, illustrating the method's effectiveness.

Table 4.21: pH only Model: Metrics of the model with data fusion

Selected Chemiresistors | R2 MAE

11 2A 0.53 (0.003) | 0.15 (0.0003)

2] 2A 0.52(0.003) | 0.15 (0.0003)

2D 2A 0.52 (0.003) | 0.15 (0.0004)
" Observed

Prediction -
8.0 n*-“—":’/ ‘
¢ / “ ‘c

6.5

0 100 200 300 400
Duration (hrs)

Figure 4.27: pH-only model: pH prediction with data fusion

4.4.2.5 Time Structured Splits

In a real-world setting, model development relies on historical data, with its effectiveness
validated against current data to assess performance upon deployment. To approximate this
real-time performance, model coefficients were derived using the initial 70 hours of the
dataset and then tested across the entirety of the 432-hour dataset. Standard deviations are

not included in the subsequent tables since this process was conducted in a single trial.
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Predicting pH

Reflecting on the findings from the prior section, it is established that pH can be accurately
predicted using a model dedicated to pH. This section explores the model's efficacy when

applying a time-structured data split.

Table 4.22 outlines the model's performance across 432 hours of data, with coefficients
determined from the first 70 hours. Additionally, the table contrasts predictions for dataset
segments with and without chlorine to evaluate prediction accuracy under varying chlorine
conditions. Figure 4.28 displays the pH predictions based on the response from chemiresistor
2A, showcasing similarities to the outcomes of random data splits. Generally, the
performance aligns with that seen in random splits, with the time series plot revealing
comparable issues. While overarching trends are captured, minor variations are overlooked
or inaccurately timed. Notably, the pH prediction accuracy remains consistent regardless of

chlorine presence, indicating that prediction errors are not directly attributable to chlorine

interference.
Table 4.22: pH only Model: Time structured splits

Chemiresistor | Complete data Learning on the first 70h, | Learning on the first
predicting on the full | 70h, predicting on the
dataset with HCIO >=| full dataset with HCIO <

0.01 0.01

R2 MAE R2 MAE R2 MAE
1E 0.46 0.17 0.19 0.18 0.26 0.17
11 0.62 0.15 0.14 0.19 0.55 0.14
2A 0.66 0.15 0.39 0.16 0.56 0.14
2D -68 2.17 -25 0.86 -112 2.4
2] -1604 10.6 -813 4.79 -2557 11.6
Naive MAE 0.24 0.25 0.21
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Figure 4.28: pH prediction from pH-only model with time-structured data splits

The enhancements in performance attributed to data fusion for time-structured data splits do

not sufficiently justify its implementation despite the noticeably improved signal quality of

pH predictions derived from data fusion compared to predictions from individual models.

This observation is substantiated by Table 4.23 and illustrated in Figure 4.29, where the

predictions are based on chemiresistors 11 (PVT) and 2A (FFUR) combined responses.

Table 4.23: Metric of pH-only Model with data fusion, using Time structure data splits

8.5

Chemiresistors | R2 MAE
11 2A 0.66 | 0.14
2A 2] 0.65| 0.15
11 2] 0.62| 0.15
1E 11 0.57| 0.16
1E 2A 0.58 | 0.16

8.0 1
T 7.5
o,

7.0

6.5
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Figure 4.29: pH predicted from the pH-only model with data fusion using time-structured data
splits.
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Predicting pH and Active Chlorine from a simple linear model

Model coefficients derived from the initial 70 hours of data were applied to analyze
performance across a 432-hour dataset. The pH and active chlorine predictions utilizing
chemiresistors 1E and 2A, as depicted in Figure 4.30 and summarized in Table 4.24, indicate

that the model is not ideally suited for time-structured splits typical of real-world conditions,

particularly struggling under zero-chlorine scenarios.

Table 4.24: pH chlorine bi-parameter estimation using time-structured data splits

Chemiresistors | pH Active Chlorine
R2 MAE R2 MAE (mg/1)
11 2A 0.42 0.18 | -0.63 0.17
1E 2A 0.42 0.2 0.17 0.11
2A 2] -0.7 0.33 -8.1 0.43
Naive 0.236 0.088
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Figure 4.30: pH and active chlorine prediction from the bi-parameter model developed with time-
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Predicting pH and Active Chlorine from a linear second-degree model

Advancing to a model that includes pH, active chlorine, and a second-order term for active
chlorine, coefficients again based on the first 70 hours of data showed improved tracking
and error reduction in signal patterns. This enhancement is evident when comparing Figure
4.31 with Figure 4.30, notably mitigating an erroneous uptrend observed in predictions post-
300 hours. Although this refined model does not perfectly capture sharp active chlorine
peaks, it effectively mirrors broader trends and fluctuations in active chlorine and pH levels,

as shown in chemiresistors 1E and 11 in Figure 4.31.

Table 4.25: pH active chlorine bi-parameter estimation (second-degree model) using time-
structured data splits

Chemiresistors pH Active Chlorine (mg/l)
R2 MAE Naive R2 MAE Naive
1E 11 0.30 0.15 0.23 0.37 0.06 0.07
1E 2A -6.9 0.69 0.24 -1.1 0.18 0.09
11 2D -4.2 0.37 0.18 -1.9 0.32 0.21
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Figure 4.31: pH and chlorine prediction with the bi-parameter higher-order model.
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4.4.2.6 Summary of 6D sensor head Model analysis

Table 4.26 compiles the sensor performance within the Sense-City environment over 18
days, excluding naive MAE values, as all chosen configurations exhibit superior MAE.
Figure 4.32 and Figure 4.33 present time series plots from the best model following a time-
structured split. The real-time performance metrics post 70 hours of initial learning—0.14
in pH MAE and 0.06 mg/L in active chlorine MAE—satisty the criteria for both measured
parameters. A second-order model for active chlorine combined with a linear model for pH
is necessary for accurate active chlorine prediction, whereas pH predictions are most reliable
using a pH-only model. The similar outcomes between random and time-structured splits

hint at minimal baseline drift in sensor accuracy, which is encouraging.

However, it is critical to note that, despite generally good performance, the models
sometimes fail to closely follow rapidly changing conditions, especially with decreasing
chlorine levels. This identifies a potential area for further model refinement, to account for
sensor response timing. Moreover, the accuracy of the reference chlorine sensor during swift
chlorine fluctuations is questionable due to its dependency on 5-minute-long colorimetric

assessments, leaving room for speculation about its precision during such fast-changing

events.
Table 4.26: Performances of the sensor in Sense-City - summary
Second-degree model pH-only model (with data
fusion)

Chemiresistors | R? MAE Chemiresistors | R? MAE
Time- pH 1E, 11 0.30 | 0.15 11, 2A 0.66 |0.14
structured | Active 0.37 | 0.06
split Chlorine mg/L
Random | pH 1E, 2A 0.28 |0.20 11, 2A 0.53 |0.15
splits Active 0.73 | 0.05

Chlorine mg/L
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Figure 4.32: Best pH prediction from the pH-only model with data fusion, using time-structured

data splits
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Figure 4.33: Best chlorine prediction with the bi-parameter higher-order model, time-structured
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4.5 Experimentation with field-ready version (LPCB)
4.5.1 Experiments in Sense-city for Chlorine-pH Model development

In the Sense-City water loop (Figure 4.4), two field-ready version LOTUS sensors (LPCB1
and LPCB 2), as illustrated in Figure 4.37, connected to the updated UAFE version, were
deployed from September 2023 through February 2024, spanning about 3740 hours. An
outline of the significant parts of the data is summarized in Table 4.27, with reference to

Figure 4.35.

PCNT = Prigtine CNT ink; FFUR, PVT = Functionalized CNT inks

Figure 4.34: Left: assembled sensor head with 12-chemiresistor sensor chip. Right: detailed
composition of a three-ink sensor chip for the pre-commercial LOTUS sensor version

The calibration model utilized here remains the previously described second-degree model,
with the distinction in the inversion process. Previously, the model was algebraically
inverted to estimate target values. However, an optimization strategy is employed in the
current approach rather than inverting the equation. Here, the target values (active chlorine
and pH) are treated as decision variables, and the error in fitting the direct model equation
serves as the objective function. With the relative response from each channel represented
as Rj, the calibration coefficients (ranging from Mo to Ma ;) are determined directly from the

training data through the calibration equation:
R; = Mo;pH + My Chcio + M2, Ciicio + M3 (4.34)

Then, the objective function is defined as the error of fitting the above direct calibration

equation for every channel:

12
. 2
min E ' 1(Rl- — My;pH + My ;Cycio + My Chcip + Ms,;) (4.35)
=

Where Chcio and pH are the decision variables.
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Table 4.27: Outline of significant subsets of the complete dataset from the Sense-city experiment

Time range | Active Chlorine pH Phase
(hrs)
0-700 Manual chlorine addition, Chlorine |5 manual pH | 1la
1000 — 1350 decay ratio varies from 1.8 mg/l/hr to 0.4 | additions b
mg/l/hr
1350 — 1750 | Chlorine addition via Chlorine pump, No pH addition 2
Decay ratio = 0.65 mg/l/hr to 0.75
mg/l/hr
1750 — 1950 Temperature regulator was not working
1950 — 2050 Reference sensor error
2050 — 3100 | Chlorine addition via Chlorine pump, 2 manual pH |3
Decay ratio = 0.27 mg/l/hr to 0.55 addtigps
mg/1/hr, but lower concentration
3100 — 3290 | Low chlorine concentration (< 0.05 | No pH addition X
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Figure 4.35: Complete dataset collected from Sense-city between September 2023 and February
2024: The top plots correspond to Active chlorine, and the bottom corresponds to pH; the left plots
show the complete 3300 hours of data, and the right plots show the data during 1500-1550 hours
(where the effect of chlorine pump can be seen).
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4.5.1.1 Model development and Validation in Phase la

During the first phase of experiments, changes in chlorine concentrations and pH levels were
manually varied by adding sodium hypochlorite (bleach) and hydrochloric acid to the tank.
The sensors were left undisturbed in the loop for stabilization for the first 100 hours (~ 4

days), so no experiments were performed.

Phase 1a denotes the duration from 0 to 700 hours, first 30 days. The data from this duration
was extensively studied to upgrade the active chlorine-pH model. The model training was
done using the first 10 days (~230 hours), and the model performance was evaluated using
the dataset till the end of Phase la, 700 hours. After smoothing the data, the model
calibration was conducted up to Img/l of chlorine (0.4mg/1 active chlorine), as at higher
chlorine levels, the sensors exhibited saturation. The chemiresistors were chosen with the
criteria of having R? > 75% and the parameter coefficient variability below 10% in the direct
model. The coefficients of the chosen sensors are outlined in Table 4.28, and the model's

performance built with the Phase 1a dataset is shown in Table 4.29.

Table 4.28: Coefficients of selected chemiresistors for active chlorine pH estimation, obtained
using Phase 1 dataset (0 — 700 hrs) from LPCB 1

Chemiresistor | pH (%/pH unit) | HCIO (%/mg/L) | HC10? (%/mg/L)* R?
R11 0.12 -2.08 1.92 0.98
R14 0.34 -1.85 1.59 0.98
R21 0.40 -1.87 1.94 0.89
R32 0.34 -0.93 0.75 0.96
R33 0.28 -2.29 2.24 0.92
R34 0.55 -1.76 1.73 0.97

Table 4.29: Performance of Active chlorine — pH model developed from Phase 1 dataset of LPCB 1

pH Active Chlorine (mg/1)

R? 0.44 0.91

Model MAE 0.15 0.03

Naive MAE 0.22 0.10
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In this phase, the sensors displayed accurate tracking of chlorine levels and good adherence
to pH steps, though pH predictions exhibited fluctuations across steps, as seen in Figure 4.36.
These were attributed to persisting instabilities in the upgraded UniAFE used in the
experiment. Over the assessed month, the performance criteria were met numerically without

applying algorithms developed for compensating sensor drift and baseline shifts.
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Figure 4.36: Sensor chlorine and pH prediction over Phase 1a experiments in Sense-City

This result (in Table 4.29) highlights the potential of the multiparametric sensor. The
obtained results, in terms of average error in chlorine sensing and pH sensing, are
comparable with those reported in the literature, and the longevity of 30 days in continuous
water testing is more than reported in the state of the art for both chlorine and pH sensing
using CNT based sensors. The differences in average calibration coefficients observed
across the three inks and 2 LPCB sensors during the first 10 days (dataset used in model
calibration) highlight the different ink's role in modulating sensitivity, as presented in Table
4.30. This variability aids in quantifying the different target parameters, which are the active

chlorine concentration and pH levels.
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Table 4.30: Variability in calibration coefficients for both LPCB sensors with 3 inks

pH | HCIO | HCIO? | Intercept

CNT [36% | 3.8% | 2.1% 28%

FFUR | 19% | 1.9% | 7.7% 10%

PVT [ 28% | 34% | 26% 16%

Assuming a standard deviation in resistance below 6kQ for resistances under 40kQ (a
variance of less than 15%), the expected standard deviation in sensitivity would be below
6% for pH and HCIO (up to 35kQ) in pristine CNT. For FFUR, this deviation remains under
30% across various pH, HCIO, and HCIO? conditions. At the same time, PVT stays below
7% for HCIO and below 20% for HCIO? indicating desirable resistance ranges for
maintaining below 30% variability in sensitivity. Specifically, resistances under 15kQ are
recommended for PCNT and PVT inks to ensure less than 15% variability with these two

inks alone.

In summary, it is feasible to amplify sensitivity distinctions between different inks and
induce significant sensitivity variations within a single ink type by controlling resistance.
Aiming for specific resistance ranges (below 15kQ for PVT and pristine CNT and above
40kQ for FFUR) minimizes sensitivity variability, enabling pronounced sensitivity
differentiation. These findings are pivotal for device productization, though they stem from
a limited sample size of PCBs and devices, introducing uncertainties in baseline trend
predictions. Hence, these preliminary results call for cautious application and further

validation in larger device batches in the future.

The dataset after 700 hrs till the 3740 was obtained from the Sense-city database at a very
later stage, so we could not do extensive analysis. Also, between each phase, significant
events change the chemiresistor baseline and sensitivity, rendering the model developed with
Phase 1a ineffective for continuing ahead. However, the model can be retrained in each phase
and evaluated until it fails, highlighting the sensor's usability. In future work, this retraining
will be automated so the model developed initially can be utilized throughout the experiment

duration. The model will also be improved to accommodate for the baseline changes.
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Therefore, the results presented in the following sections are not representative of the

technology developed in this thesis but are provided only for completeness.
4.5.1.2 Model Validation Extended to Phase 1b

In the gap between Phase 1a and Phase 1b (~ 12 days), the LOTUS sensor data collection
system failed, and no data was collected. This meant that the sensor was effectively inactive
in the continuous water loop, which may have led to a baseline change in the sensor. This
particular batch of sensor also had complications from the ink fabrication and needle tapping
(as discussed in Chapter 3 Section 3.2.3). For continuity, the same model developed in Phase
la was extended to evaluate in the 15 days in Phase 1b. The performance of the same model

in Phase 1b compared to Phase 1a is outlined in Table 4.31.

Table 4.31: Performance of Model developed using data from Phase 1a in Phase 1a and 1b

Parameter Phase | R’ Model MAE | Naive MAE
pH la 0.44 0.15 0.22
1b -2 0.35 0.23
Active Chlorine la 0.91 0.03 0.10
(mg/1) 1b -0.08 0.11 0.10

This poor performance may be attributed to the change in the chemiresistor baseline, to the
noisy response in the reference sensor (only during Phase 1b), or to the complications in the
sensor (fabrication) or a combination thereof. Due to the lack of a varied dataset (from more
than 2 LPCBs) and lack of extensive analysis (the dataset was obtained after Feb 2024), it

was impossible to identify the exact cause.

Owing to similar reasons, along with the change in the water matrix and introduction of the
chlorine pump in Phases 2 and 3, the model developed in Phase 1a performed very poorly in

those phases, with R? being negative in all the cases.

4.5.1.3 Model development and Validation in Phase 2

In the second phase of experiments, an automatic chlorine addition pump was introduced to
continuously add a predetermined quantity of bleach solution to the tank at a regular interval
(every 8 hours). Also, before the start of the experiment, the loop was cleaned, thereby

leading to a different water matrix. Consequently, the sensor baseline and sensitivity
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exhibited variations, which were inconsistent across all the chemiresistors. The first 1-week
data was ignored in this phase due to sensor baseline stabilization. So, the data from the

remaining 300 hours (1450 to 1750 hours) was utilized to develop and validate the model.

In the 12.5 days dataset, model coefficients were estimated using the initial 4 days and
evaluation was performed over the complete duration. From Figure 4.37, We can see that
there was very minimal change in the pH levels after 1550 hrs (since 1450 to 1550 is used

in training), and this led to a poor prediction performance in pH (as shown in Table 4.33).
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Figure 4.37: Measurements from pH (left) and Active chlorine(right) from the reference sensors in
Sense-city during Phase 2

Six chemiresistors were chosen from the dataset (Table 4.32) based on the same criteria
defined for model development for Phase 1a, and the performance metrics for evaluation in
Phase 2 and Phase 3 are shown in Table 4.33. The data analysis showed that compensating

for drift improved the model performance drastically.

Table 4.32: Coefficients of selected chemiresistors for active chlorine pH estimation, obtained
using Phase 2 dataset (1450 - 1750 hrs) from LPCB 1

Chemiresistor | pH (%/pH unit) | HCIO (%/mg/L) | HCIO? (%/mg/L)? | R?
RI11 -0.08 -1.48 1.68 0.80
R13 0.44 -4.20 5.27 0.80
R14 0.71 -0.79 1.01 0.76
R21 -0.16 -1.61 1.90 0.80
R24 0.92 -0.48 0.65 0.79
R33 0.21 -1.51 1.75 0.79
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Table 4.33: Performance of Active chlorine — pH Model developed in Phase 2 and evaluated in
Phase 2 and Phase 3, LPCB 1 dataset.

Parameter Phase | R? Model MAE | Naive MAE
pH 2 -0.70 0.03 0.02
3 -1 0.33 0.04
Active Chlorine 2 0.05 0.04 0.08
(mg/l 3 1 0.06 0.05

There were no pH experiments during Phase 2, so in the evaluation dataset (1550 to 1750
hours), the pH was almost linear, with an average value of 7.98 and a standard deviation of
0.01 units. This is the primary reason for the negative R? score in the performance. Also,
before Phase 3, between 1750 and 2050 hours, the temperature regulator failed, heating the
water in the loop to above 45°C for about 200 hours. This prolonged exposure to hot water
may also have modified the sensor baseline, which can also be one of the contributing factors
that led to the poor performance of previously developed models, evaluated in Phase 3 (both

Phase 1a model and Phase 2 model gave negative R?).

4.5.1.4 Model development and Validation in Phase 3

In the third phase of experiments, the chlorine concentration in the bleach solution was
reduced (via evaporation) to a deficient concentration, the maximum level of which
deteriorated rapidly from 1 mg/1 per addition to 0.4 mg/1 per addition within 2 days. Then, it
slowly reduced to 0.2 mg/1 per addition after about 17 days. Apart from this reduced chlorine
levels, only 2 pH level changes were performed during the first 600 hours, and after that, the
pH variations were limited between 7.9 and 8.0 units. The first 100 hours (~ 4 days) of the
phase 3 dataset was utilized to estimate the model coefficients, and the prediction was
performed till the end of phase 3 (3100 hours ~ 36 days). The selected chemiresistors are
shown in Table 4.34, and the performance, depicted in Table 4.35, shows that the
chemiresistors could estimate chlorine with an accuracy of + 0.03 mg/l, in the range of 0 to

1 mg/l.
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Table 4.34: Coefficients of selected chemiresistors for active chlorine pH estimation, obtained
using Phase 3 dataset (2040 - 3100 hrs) from LPCB 1

Chemiresistor | pH (%/pH unit) | HCIO (%/mg/L) | HC10? (%/mg/L)? R?
R11 3.26 -0.78 1.02 0.91
R21 3.30 -0.11 -0.67 0.92
R31 3.05 -0.24 0.20 0.90
R32 3.41 0.76 -3.17 0.92
R33 2.57 0.19 -1.42 0.89
R34 3.63 0.04 -1.16 0.90

Table 4.35: Performance of Active chlorine — pH Model developed in Phase 3 using LPCB 1

dataset.
Parameter R? | Model MAE | Naive MAE
pH -1 0.42 0.08
Active Chlorine (mg/l) | 0.24 0.03 0.05

4.5.1.5 Synthesis of Model development in the Sense-city dataset

The chemiresistors showed promising results in terms of tracking chlorine with minimal
error. The sensor performance was better in Phase 1a for pH monitoring than in the other
phases. The performance degradation of the model throughout the phases can be attributed
to several reasons, primary ones being: change in the water matrix, introduction of chlorine
pump, extended exposure to hot water stream, longer inactive periods of the chemiresistors,
very low chlorine concentrations, not enough pH variations for the model to learn from and
complications in sensor fabrication line improper ink deposition, uneven ink dispersion onto

the substrate, or needle tapping.

However, within each phase, we can see that the sensor's performance continues longer. In
phase la, the model was developed with only 10 days of data but was tracking chlorine for
the next 30 days. Similarly, in phase 2, the model was valid for 10 days after being retrained
with 4 days data and in phase 3, the model was active for 36 days after being retrained with
only 4 days data. This highlights the viability of the sensor even after ~130 days, which is
much higher than reported in the literature (< 30 days). Similar performances were also

obtained with the LPCB 2 sensor dataset.
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4.5.2 Temperature Sensor characterization at IITG Waterlabs testbench

Regarding temperature measurement accuracy, the performance of two different LPCB
sensor heads was assessed. One LPCB featured temperature sensors with a resistance of 14Q
(Type B), while the other LPCB had temperature sensors with resistances between 36 and
39Q (Type A). The sensors were excited with a sine wave signal of SkHz frequency and
ImA amplitude. This design adjustment in Type A sensors—achieved by thinning and
narrowing the copper lines of the temperature sensor on the PCB—was intended to explore
performance variations. Experiments involved placing the sensors directly into a chiller
(ANM Industries, WB2100V, -20°C to 100°C [229]) filled with reverse osmosis water and
systematically varying the water temperature between 10°C and 40°C. Calibration models
were linear, with non-zero intercepts, and exhibited exceptional linearity, consistently above
0.95 (Table 4.36). The average error across the five devices ranged from 0.7°C to 0.9°C,

closely matching the reference sensor's accuracy, indicating consistent performance.

Table 4.36: Temperature Sensors Prediction Performance

Sensitivity | Noise in | Linear Linear

(mV/°C) | response (mV) | model, R2 model, MAE
Q)
Type A, T1 0.079 0.071 0.97 0.75
Type A, T2 0.078 0.071 0.97 0.74
Type A 0.079 0.071 0.97 0.75
Type B, T1 0.031 0.034 0.95 0.89
Type B, T2 0.031 0.033 0.95 0.90
Type B 0.031 0.034 0.95 0.90
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Figure 4.38: Temperature sensor model development

It was observed that the AFE noise for the temperature channel increased with decreasing
sensor resistance. As a result, the Type A sensor variant was proposed to counteract this
issue. However, due to the Type A sensors' increased sensitivity compared to Type B, this
adaptation merely balanced out the increased AFE noise (as seen in Figure 4.38), offering
no net benefit. Moreover, the thinner copper lines of Type A sensors potentially compromise
their durability. A third sensor variant, designed to maintain the original resistance levels
while preserving copper line dimensions similar to Type B (thus aiming to retain sensitivity),

is under development to further enhance MAE performance.

4.5.3 Effect of Temperature on Chemiresistors

At Sense-City, temperatures are tightly controlled between 24 to 26 degrees Celsius, which
has a negligible effect on chemiresistor performance and their integration within models.
However, the IITG Waterlabs facility provided a broader range of temperature fluctuations
during temperature sensor characterization experiments, allowing for a detailed assessment
of temperature effects on chemiresistors. Owing to a scarcity of devices within the optimal
operational resistance range (below 100 kQ), the study at [ITG Waterlabs was performed

using a single device incorporating two distinct inks.

The analysis revealed that chemiresistors with FFUR ink exhibited a decrease in resistance
of 1.27kQ for every 1°C increase in temperature, while those with CNT ink showed a change
of 1.15kQ. On average, the temperature coefficient was determined to be 1.22 kQ/°C, with
a standard deviation of 0.18 kQ/°C. These findings are derived from a single device, so they
should be considered illustrative and primarily for demonstration purposes. In light of these
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insights, future upgrades to the model will reincorporate temperature compensation

measures to mitigate the identified temperature-related effects on sensor performance.
4.5.4 Conductivity Sensor characterization at IITG Waterlabs testbench

The performance in conductivity measurement was assessed using two different LPCBs, B2
and A1, as mentioned previously. Each LPCB is equipped with two operational conductivity
sensors, C1 and C2, varying in size. Additionally, consistent with earlier observations, the
copper thickness in the Al conductivity sensors is halved compared to those in the B2

devices, affecting the baseline capacitance by reducing it for the C1 and C2 sensors in Al.

The experiments were conducted in the same chiller as before, with changes in conductivity
achieved by altering the NaCl concentration in reverse osmosis water, within the range of
200 to 2100 puS/ecm. Conductivity measurements were taken using an instrument with 1%
accuracy, translating to an approximate accuracy of 4 to 6 ppm across the datasets under
consideration, maintaining the chiller at 2 different temperature ranges, 15°C, and 30°C. It
was observed that during separate testing phases for both PCBs, noise levels for both C1 and
C2 sensors would unexpectedly spike before normalizing; steps exhibiting these anomalies

were omitted from the evaluation.

Performance results are compiled in Table 4.37, showcasing calibration outcomes across the
entire dataset. The sensors' outputs, either from C1 or C2, demonstrated a linear relationship

(with a non-zero intercept) with the inverse square root of conductivity (Vi; «

. ), exhibiting high linearity (>0.95) with minimal temperature interference. The

+/ Conductivity
derived calibration equation for predicting conductivity Cp, from sensor response Vi is:
a 2
iy = <_0> (4.36)
Vei—aq

Performance metrics ranged between 15 to 50 ppm (30 to 100 uS/cm), except for B2F C2,
which can be attributed to the sensor noise. Overall, Type A devices outperformed Type B,
with C1 sensors showing better accuracy than C2. Unfortunately, the response for sensor
C2, for the experiments at temperatures 15°C and 25°C, was so noisy that no significant

signal was identified. Consequently, the same is removed from the analysis.
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Table 4.37: Conductivity Sensors Prediction Performance

Type Temperature Sensitivity Noise R2 MAE
(°O) (V uS/em®) (mV) (uS/cm)
15 2.63 54 0.97 49.6
B2F
25 2.30 8.5 0.70 70.3
“! 30 1.78 4.9 0.90 82.2
B2F 30 0.57 2.1 0.70 198.7
C2
15 2.93 2.3 0.98 31.5
Al Cl1 25 2.45 2.5 0.99 11.8
30 244 6.2 0.94 91.3
Al C2 30 0.83 2.5 0.96 73.5

We also see from Table 4.37 the influence of temperature on sensitivity, so including
temperature in the model equation (4.36) yielded the final calibration equation after an
exhaustive search of other linear variants with sub-standard performance in lower R2. The
final calibration model for Conductivity sensing with temperature compensations from

temperature sensor T (T1 or T2):

2
Cp = (M) (4.37)
Vei— a4

Where a and f are the coefficients and a; is the bias. The performance metrics of the

conductivity sensor after using the calibration model defined in (4.37) are outlined in Table

4.38.

Table 4.38: Performance metrics of Conductivity sensor C1 with Temperature input

Type — | Model Coefficients R2 MAE NMAE
Temperature o o (uS/cm) | (uS/cm)
Sensor a (uS/cm)’ | B (V (uS/cm)’?) | a; (V)

Type B—Tl1 -1380.1 17.2| -0.027 | 0.84 117.2 368.7
Type B -T2 -1414.2 174 | -0.027 | 0.85 116.6 368.7
Type A—-T1 -513.6 14.1| -0.025| 0.96 67.6 369.3
Type A -T2 -520.1 14.0 | -0.025| 0.96 67.9 369.3
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4.5.5 Uncertainty Quantification of field ready (LPCB) version

For temperature sensors, the same model (4.4) described in the silicon version is utilized
here; therefore, via the GEP formulae, the uncertainty is calculated using the equation (4.26).
The individual uncertainties are tabulated in Table 4.39, and based on the final equations,

the uncertainty in Temperature sensing for each type is outlined in Table 4.40

Table 4.39: Uncertainties associated with the sensor response and model coefficients

Type | Chemiresistor | Gresponse (2) Model Uncertainty
Slope GSlope Bias OBias
(°C/mV) (°C/mV) °C) (°O)
A T1 0.07 12.67 0.025 | 260.18 0.57
A T2 0.07 12.86 0.026 | 259.31 0.57
B T1 0.03 31.91 0.074 | 320.72 0.81
B T2 0.03 32.37 0.071 | 322.25 0.76

Table 4.40: Uncertainty of the Temperature prediction by the LPCB version

Sensor | Temperature Type A Type B
Range (°C)
Range (Q) or, (°C) Range (Q) or, (°C)
T1 12.2-39.5 21.34-23.73 1.21 10.41-11.32 1.59
T2 12.2-39.5 20.97 -23.37 Iy, 10.29-11.21 1.54

For the conductivity sensor, the uncertainty equation using the GEP formulae for the model

(4.37) is given by:

O'CP

aCp \> [3C, \° /9C, \* [3Cp 2 9Cy
_j(%%) +(a—T,.“Tf) +(ﬁ“ﬁ) +(_avci“"ﬁ> +(a—a1“a1)

The corresponding uncertainties of each model parameter and sensor response estimated

2 (4.38)

from the data are tabulated in Table 4.41.
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Table 4.41: Uncertainties associated with the sensor response and model coefficients

Type — | Uncertainty in model coefficients Oy orj (mV)
Temperature | - - 1S/em)®s | ap (V(uS/em)®®) | aq, (V) | V)
Sensor
Type B—Tl1 15.15 0.16 | 0.0005 | 0.008 0.03
Type B—T2 17.64 0.18 | 0.0005 | 0.008 0.03
Type A-T1 4.70 0.10 | 0.0003 | 0.006 0.07
Type A -T2 491 0.10 | 0.0003 | 0.006 0.07

From Table 4.41, using equation (4.38), the uncertainty in conductivity at room temperature

(T =25 °C) is summarized in Table 4.42.

Table 4.42: Uncertainty in Conductivity sensing by sensor C1, for the range 230 — 2100 puS/cm at
temperature T = 25°C

oc, (uSfom) | %

Cp
Type B - T1 349.4 0.24
Type B — T2 382.9 0.27
Type A - T1 189.6 0.14
Type A — T2 177.8 0.16

For Chlorine and pH estimation, the calibration model is based on optimizing an objective
function (4.35) for a given set of sensor responses. Therefore, the bootstrap-based
uncertainty estimation was performed instead of using the GEP formulae. The uncertainty
associated with the coefficients of the chemiresistors is tabulated in Table 4.43. Using the
tabulated information, the uncertainty for active chlorine and pH was estimated to be 0.24

mg/l and 0.25 pH units.
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Table 4.43: Uncertainties associated with the coefficients of Active Chlorine and pH model using
Phase 1 dataset

Coefficients — | pH (%/ pH) HCIO (%/ mg/1) HCIO? (%/ mg/l)* | Bias
Chemiresistors Moi | Owm,, M, ; Om, ; M, ; Oum,, Oum,,;

!

R11 0.12 | 0.003 -2.08 0.02 1.92 0.04 0.02
R14 0.34 | 0.003 -1.85 0.02 1.59 0.03 0.02
R21 0.40 | 0.01 -1.87 0.05 1.94 0.08 0.06
R32 034 | 0.01 -0.93 0.02 0.75 0.03 0.02
R33 0.28 | 0.003 -2.29 0.04 2.24 0.06 0.05
R34 0.55 | 0.003 -1.76 0.03 1.73 0.06 0.03

The uncertainties shown in Table 4.43 were estimated for the model developed with Phase
1 dataset, and similar uncertainties in the model inputs were estimated for Phase 2 and Phase
3. The uncertainty in active chlorine and pH sensing throughout the 3 phases based on model

input uncertainties is tabulated in Table 4.44.

Table 4.44: Uncertainties in Active chlorine and pH sensing throughout the Phase 1 (a, b), 2 and 3
of Sense-city experiments

Phase 1a, 1b | Phase 2 | Phase 3

pH 0.257 0.024 | 0.095
Active Chlorine (mg/l) | 0.125 0.133  |0.064
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4.6 Summary of Performances

Initial experiments with the silicon version of the LOTUS sensor in the Sense-city's
simulated WDN laid the groundwork for understanding its basic functionality and potential.
This allowed for a comprehensive evaluation of the sensor's performance under varying
conditions, revealing that temperature and conductivity sensitivities presented challenges
due to thermal sensitivity at wire bonding connections. Notably, the predictive performance
for pH and active chlorine, although meeting the requirements for LOTUS applications,
highlighted areas for real-time and field applicability improvement due to the lack of

temporal structuring in model training.

Further exploration involved the development of the plastic version of the LOTUS sensor to
address the silicon version's limitations and improve its affordability. The laboratory
conditions confirmed the practicality of sensors printed on plastic substrates through AC and
alternating DC excitation studies. This validation moved forward into the real-world testing
phase at Sense-City, emphasizing the potential of data fusion techniques to refine predictions
for chlorine and pH levels. The exploration of these techniques underlined the importance
of adapting model strategies to better align with rapidly changing environmental conditions,
pointing to the need for further model refinement and questioning the accuracy of reference

sensors during swift chlorine fluctuations.

The development of a field-ready version was made possible by the several experiments
done with single-electrode to 6 electrodes sensor head. The deployment of the field-ready
version, characterized by a comprehensive dataset gathered over five months at Sense-City,
provided valuable insights into the sensor's long-term performance and reliability. The
introduction of an automated chlorine pump partway through the study suggested the
necessity of model adjustments. At the same time, observations on device durability and
performance inconsistency emphasized the critical need for ongoing sensor evaluation and

adaptation in response to environmental changes.

Through various studies and experiments, calibration models have been refined for
predicting active chlorine and pH and estimating conductivity and temperature, leading to
enhanced sensor performance despite noise challenges. While achieving target performance
levels, the silicon version of the sensor faced limitations in real-time applications due to

insufficient data.
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In contrast, the field-ready version, although not yet fully deployed in the field, shows
promising signs of becoming a viable solution shortly. The chlorine prediction by the
chemiresistors were on par with those reported in literature, while the longevity of the sensor
(with 130 days of active performance) is about 4 times higher than reports in the state of the
art. However, these conclusions are drawn from a limited number of devices with fabrication
complications, and therefore, they lack consistency, necessitating further validation through
experiments with a broader array of sensors to confirm performance consistency in real-
world settings. Furthermore, there is a recognized need for ongoing refinement of sensor
models to improve their accuracy and reliability amid environmental and operational

variabilities.
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Calibration Transfer

Abstract: This chapter discusses the need for calibration transfer, examines select
calibration transfer techniques widely used in literature with 3 gas sensor datasets, and
provides insights on the applicability of these techniques. This chapter also highlights the
calibration transfer techniques that can be applied to LOTUS sensors.
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5 Calibration Transfer

One of the challenges of deploying environmental sensor solutions is ensuring the
measurements' accuracy and reliability across different sensor units and environments. For
instance, when producing a new multi-parametric water quality sensor in large quantities,
each sensor unit may have slightly different characteristics due to manufacturing variations
and sensitivity changes [87], [88], [90]. Moreover, the water samples to be measured may
have different compositions, temperatures, pH levels, or salinities, depending on the location
and time of sampling. These factors can affect the sensor response and introduce
measurement errors or biases. To overcome these issues, calibration transfer techniques can
be used to adjust the sensor responses and make them consistent and comparable with a
reference sensor unit or a standard calibration model. Calibration transfer reduces the effort
in calibrating each sensor unit as per the original calibration protocol, which may require
expensive reference instruments, chemicals, or skilled operators. Calibration transfer also
enables the use of the same calibration model across different sensor units and environments,
thereby improving the efficiency and scalability of the sensor deployments. Calibration
transfer can also enhance the long-term stability and performance of the sensors by

compensating for drift or degradation over time.

Calibration transfer techniques were developed in the chemometrics literature [192] to ease
the transfer of calibration models from unit to unit and from environment to environment.
These techniques were primarily designed for spectral datasets wherein one spectroscopic
instrument is standardized with another to enable reusing the calibration model [230], [231].
The general applicability of these techniques to environmental sensors and sensor arrays has
been little discussed in the literature. Articles often show the successful application of a
specific method on a specific sensor, for instance, electronic noses/tongues [232], [233], gas
sensor arrays [234], and potentiometric sensors [235], [236], without tackling the portability
of the technique to different sensor scenarios. Transfer methodologies follow one of three
approaches: model updating, signal processing-based transfer, and standardization. In model
updating-based techniques, the calibration model is re-trained by adding samples or data
obtained from the secondary sensor [204], [205], [236]. In signal processing-based
techniques, the signals from primary and secondary sensors are processed before building

the calibration model to remove sensor-specific and environment-dependent variations. Pre-
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processing techniques vary from simple mathematical operations like baseline correction or
sample normalization to advanced operations such as orthogonal signal correction (OSC)
[208] or wavelet-based pre-processing [211]. Standardization techniques consist of
modifying the response of the secondary sensor to match the features of the primary sensor
response [10]. This modification is realized by either updating the model coefficients, the

sensor responses, or the model predictions by mathematical operations.

5.1 Background Information
5.1.1 Definitions

"Sensor" refers to a multisensor system or sensor array, while a "sensing unit" denotes
individual devices reacting to specific analytes. The term calibration function refers to the
mathematical relationship that links the outputs of each sensing unit in the sensor to the
target measurand (e.g., gas concentration, temperature). The primary sensor refers to a sensor
for which an accurate calibration model is available thanks to extensive experiments.
Calibration transfers aim to adapt the primary calibration model to a secondary sensor, for
which usually less data is available. Most calibration transfer techniques require transfer
standards: they are the dataset constituted by the outputs of the primary and secondary

sensors measuring the same target value of the measurand.

The data from the primary and secondary sensors is respectively denoted by Xp and Xs. The
corresponding transfer standards are denoted by Tp, Ts. The target response for primary and
secondary sensors is denoted by Yp, Ys. X; refers to the corrected secondary sensor response,
1.e., the secondary sensor response transferred to the primary sensor response domain using
standardization techniques. K denotes the number of individual sensing units, with i being

the index variable and fp denotes the primary calibration model.

5.1.2 Description of compared standardization methods

Table 5.1 outlines 10 calibration transfer techniques analyzed, focusing on methods that do
not rely on sensor-specific features, unlike single wavelength standardization [235], [237],
model expansion with sample weighting, Tikhonov regularization, joint Y-partial least
squares regression [236], or transfer sample-based coupled task learning) [233]. Transfer

techniques that exploit the spectral nature of the data, like Spectral space transformation
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[212] or the Variable Penalty dynamic time warping method [213], are not considered either.

Deep Learning-based calibration transfer are not addressed as they require high data volume.

Table 5.1: Selected Calibration Transfer Techniques

No. | Technique Reference

1 Direct Standardization (DS) [230], [234], [238]

2,3 | Single Sensor Standardization (SSS) + Regression (LR, | [235], [239], [240]
SVR)

4 PLS-based standardization (PLS + DS) [241], [242], [243]

5 PC-based standardization (PC + DS) [242]

6 Procrustes transform (PT) [244]

7 Procrustes transform (PT) with PC factors (PC + PT) [245], [246]

8 Slope Bias Correction (SBC) [236], [247]

9,10 | Mean correction, additive (AMC) and multiplicative | [205], [248]
(MMC)

5.1.2.1 Direct standardization

This method builds a linear mapping between the primary and secondary sensor domain by
using the transfer standards of primary and secondary sensor responses. The transformation
matrix is defined as Fpg = Tg Tp, where T is the Moore-Penrose inverse of T [230], [234],
[238]. The secondary sensor response is standardized to the primary sensor response by
applying the formula Xg = X¢Fps. This corrected secondary sensor response X can be used

with the primary calibration model to get the target:

Yo = fp()/(;) = fp(XsFps) 5.1

5.1.2.2 Single sensor standardization

Single sensor standardization (SSS) is a transfer technique proposed by Khaydukova et al.
[235] based on single wavelength standardization as developed by Nergaard et al. [239].
Each wavelength in the secondary instrument is regressed against the corresponding primary

instrument, thereby creating the mapping function. Khaydukova replaced the wavelength
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with the response from the sensing units in the sensor. Each sensing unit in the secondary
sensor is mapped to the corresponding sensing unit in the primary sensor. This mapping can

be done via linear regression (SSS + LR) or Support Vector Regression (SSS + SVR).

The parameters required for SSS + LR are estimated from the transfer standards by:
th=mitt +¢; .. VieK (5.2)

Then, the corrected response is estimated as:

l

xt = mixi+c .. ViEK (5.3)

For SSS + SVR, the SVR function from the scikit-learn (1.4.0) library in Python is utilized.
5.1.2.3 PLS-based and PC-based standardization

Partial least squares (PLS) [249] and principal component (PC) [250] project a dataset of
input/output variables into a hyperplane maximizing correlation (for PLS) or variance (for
PC) between variables. In PLS-based (PLS + DS) and PC-based standardization (PC + DS),
the PLS or PC transformation matrix is calculated for the transfer standards dataset, and then
the direct standardization method is applied to the PLS- or PC-transformed sensor's data
[241], [242], [243]. Assuming an operator h(.) computes the PLS or PC transformation, the

mapping is obtained as:
h(Ts) FpLs = h(Tp) (5.4)
So, the corrected response is then estimated via:

)/(; = h™"(h(Xs)FpLs) (5.5)

5.1.2.4 Procrustes transforms

Procrustes analysis [244] is a statistical technique that performs mathematical operations
like translation, rotation, scaling, and reflection to match different shapes/geometry.
Andrade et al. [245] proposed mapping other spectral instruments by applying the Procrustes
transform to the PC scores (PC + PT) of the dataset, and Sergeant et al. [42] used it to water

quality data from different data sources to identify regions with similar water quality. To
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apply Procrustes transform, the MATLAB function Procrustes was ported to Python as
detailed in [251].

5.1.2.5 Slope-Bias Correction

The slope-bias correction technique estimates a univariate mapping between the primary
calibration model prediction with transfer standards from primary and secondary sensors
[236], [247]. For the case of univariate regression, given the primary and secondary transfer

standard Tp, Ts and primary calibration model fp, the mapping is defined as:

fo(Tp) = a fp(Ts) + B (5.6)

This mapping is then applied to the primary calibration model prediction with secondary

sensor response to get the corrected response mathematically:

Ys =afp(Xs) + B (5.7)

5.1.2.6 Mean Correction

The mean correction technique aims at aligning the probability distributions of the primary
and secondary sensor datasets. Two simple realizations of the methodology for matching
probability distributions are Additive Mean Correction (AMC) and Multiplicative Mean
Correction (MMC) [205], [248]. In additive correction, the mean of the secondary response
dataset, X is subtracted from the secondary dataset, X5 and the mean of primary dataset, Xp

1s added:
Xs=Xs— Xs+ Xp (5.8)

Similarly, in a multiplicative correction, the mean of the secondary response dataset, X is
divided from the secondary dataset, Xg and the mean of the primary dataset, X, is multiplied.
The operations are performed elementwise for multidimensional data:
o
— - (% ,
xt = xl+(=].. VieEK (5.9)
Xs
where E is the mean of the ith sensing unit in the primary sensor response dataset, and x}
is the mean of the ith sensing unit in the secondary sensor response dataset. This corrected

dataset can then be directly used with the primary calibration model.
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5.1.3 Implementation of compared standardization methods

The following notations are used: let Xp denote the response from primary sensor and Xs
denote the response from secondary sensor. Their corresponding target variables, are
denoted by Yp and Ys. Transfer standards corresponds to the same target variables Y, for
which the both the primary and secondary sensor have response. They are respectively
denoted 7» and Ts. The calibration model developed by utilizing the primary sensor response
and primary sensor target, termed as primary calibration model, is represented as f,. The
secondary sensor response (which is not compatible with the primary calibration model) will
be corrected using the calibration transfer techniques, to give the corrected secondary sensor
response denoted as Xg. The notation A X B represent matrix multiplication, and

A . B represent scalar/element wise multiplication.

All the code was implemented in Python version 3.9.0 with libraries numpy (1.22.1), pandas
(1.4.0), scikit-learn (1.4.0), and scipy (1.7.3).

5.1.3.1 Direct Standardization (DS):

Here a simple mapping is developed between the primary and secondary sensor response

using the transfer standards.
1. Given: (Xp, Yp), (Xs, Ys), (TP, Ts, Y)
2. Calculate: Fpg = Inverse (Ts) X Tp
3. For new response, Compute: Xg = Xg X Fpg
4. Target output: fp ()/(})

The Inverse () function implemented in numpy library of python was utilized here (which

calculates the inverse of a matrix using its singular-value decomposition).
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5.1.3.2 Single Sensor Standardization (SSS):

If the sensor (primary or secondary) response matrix consists of K columns, where each

column represents the response from each individual sensing unit within the sensor, then the

matrix X can be denoted as X = [xq, X, ... X; ... Xg ]

In this Single sensor standardization technique, each response of each sensing unit from the

primary sensor is mapped to the response of the corresponding unit in the secondary sensor.

The mapping can be any function, but here we considered only Linear Regression (LR), and

Support Vector Regression (SVR).

If we denote this mapping as g (. ), then the pseudocode for this technique with g(.) as linear

regression will be as follows:

l.
2.

o

Given: (Xp, Yp), (Xs, Ys), (Tp, Ts, ¥)

Where, Xp = [Xp1, Xp2, oo Xpj o Xpi |, similarly Tp = [t5q, Epa oo Lpj - Epic]

. For every sensing unit i,

Calculate: t,; = m; .tg; + ¢;

my 0 O
Generate matrix: M = [ 0 .. O0},C=[c1 - Ck]
0 0 my

For new response, Compute: Xg = X¢ X M + C

Target output: f»(X;)

For the case where SVR is used as the mapping function for g(.), only steps 3-5 will change

as follows:

3.

4.

5.

For every sensing unit i,

Calculate: t,; = g;(ts;)

g1(.) 0 0
Generate matrix: G = 0 0
0 0 gx()

For new response, Compute: )’(E =G XXg

For SSS + SVR, the SVR function from the scikit-learn library in python was utilized.
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5.1.3.3 PLS-based (PLS+DS) and PC-based Standardization (PC+DS):

Here, let the function h(.) denote the function that generates the latent variables using the
Partial Least squares (PLS) algorithm. Similarly let the function q(.) denote the function
that generates the PC scores of the given data using the principal component analysis (PCA)
algorithm. The inverse functions represented as h~1(.) and ¢~ (.) are used to compute the
actual data from the latent variables and PC scores respectively. In this technique, for the
case of PLS+DS, the standardization is performed between the latent variables obtained from
the PLS algorithm for both primary and secondary sensor data corresponding to transfer
standards. For PC+DS, the standardization is performed between the PC scores of primary
and secondary sensor response data corresponding to transfer standards. This standardization

is then utilized to correct the secondary sensor response. The pseudocode for PLS+DS:
1. Given: (Xp, Yp), (Xs, Ys), (Tp, Ts, Y)
2. Calculate latent variables: Lrp = hp(Tp,Y) and Ls = hg(Ts, Y)
3. Calculate: Fp; g = Inverse (Lyg) X Lpp
4. For new response:
o Transform to latent variables: Lys = hs(Xs)
o Standardize the latent variables: Lys = Lys X Fprg

B B
o Transform to sensor response domain: Xg = h,, (LXS)

5. Target output: fp ()/(})
In the case of PC + DS,
1. Given: (Xp, Yp), (X5, Ys), (TP, Ts, Y)
Calculate PC scores: Prp = qp(Tp) and Prg = qs(Ts)

Calculate: Fp; = Inverse (Prg) X Prp

Sl

For new response:
o Transform to PC scores: Pys = qs(Xs)
o Standardize the PC scores: Pyg = Pxg X Fpc

o Transform to sensor response domain: Xg = q, 1(sz)

5. Target output: fp ()/(;)
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The functions h(.) and h™1(.) were utilized from the PLSRegression method and the

functions g(.) and g~ (.) were utilized from the PCA method in scikit-learn library.
5.1.3.4 Procrustes Transform (PT):

This technique can be either applied directly or applied to the PC scores. The inbuild function
from MATLAB is ported to python and then utilized for this technique application.
Procrustes transform between 2 matrices, provides a set of parameters: translation parameter
(1), scaling parameter (4) and rotational parameter (R) which minimizes the difference
between the 2 matrices; mathematically:
PT(A,B) = 1,4, R

Such that, the difference between matrix B and resultant matrix A = (A —1).1 X R is
minimum. The pseudocode for the calibration transfer technique employing Procrustes
transform follows:

1. Given: (Xp, Yp), (Xs, Ys), (TP, Ts, )

2. Calculate PT parameters of the transfer standards: 7,4, R = PT(Ts,Tp)

3. For new response, Xg = (X¢ —7).4 X R

4. Target output: fp (7(;)
For the PC+PT technique, the PT parameters are estimated for the PC scores instead:

1. Given: (Xp, Yp), (Xs, Ys), (Tp, Ts, Y)
Calculate PC scores: Prp = qp(Tp) and Prg = qs(Ts)

Calculate PT parameters of the transfer standards: 7,4, R = PT (Prs, Prp)

ol T

For new response:
o Transform to PC scores: Pys = qs(Xs)
o Procrustes transform inversion: Pyg = (Pys —17).A X R

o Transform to sensor response domain: Xs = q, 1(sz)

5. Target output: fp (X;)

5.1.3.5 Slope-Bias correction (SBC):

In this technique the secondary sensor response is used as is with the primary calibration

model and the output is the corrected to get the target output.
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1.
2.
3.

Given: (Xp, Ypr), (Xs, Ys), (Tp, Ts, Y)
Estimate: a, 8, such that fp(Tp) = a. fp(Ts) +

For new response, Target output: a. fp(Xs) + 8

5.1.3.6 Mean correction — Additive (AMC) and Multiplicative (MMC):

This technique aims to match the mean of both primary and secondary sensor resposnse via

addition or multiplication. Assume, X, is the mean of the response of the ith sensing unit in

the primary sensor and Xg, is the mean of the response of the ith sensing unit in the secondary

sensor, the pseudo code for both techniques is given below.

For AMC:

Given: (Xp, Ypr), (Xs, Ys), (Tp, Ts, Y)
Where, Xp = [Xp1, Xp2, oo Xpj o Xpi |, similarly Tp = [E51, Epa v tpi o Epic]
For every sensing unit 1,
Calculate: X5, = x5 — X5, + Xp,
Generate: Xg = [Xg1, Xop, - Xgp oo Xok]

Target output: fp (X;)

Similarly, for MMC:

1.
2.

TH-3536_186107106

Given: (Xp, Yp), (Xs, Ys), (Tp, Ts, Y)
Where, Xp = [Xp1, Xp2, oo Xpj - Xpi |, similarly Tp = [E51, tpa oo tpi o Epic]
For every sensing unit i,
Calculate: X, = xg; . (X,/X5,)
Generate: Xg = [Xg1, Koz - Xop oo Xok

Target output: f»(X;)
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5.2 Dataset description
5.2.1 Dataset 1 — Multiple sensors of the same make

The first case study uses the dataset generated by Fonollosa et al. [234], [252] concerning
gas concentration measurement with metal-oxide (MOX) based sensor arrays. The dataset
comprises 5 stand-alone sensors (B1 to B5S), each equipped with 8 individual gas sensing
units, for classifying 4 different gases (ethanol, ethylene, methane, and carbon monoxide) at
various concentration levels over 22 days. Each step includes the sensors' steady-state
response. This dataset being small, its size was increased by using the Clifford-Tuma model

[253], [254]:

log (ROR_ORS) = log(s) + B log(c) (5.10)

where R, corresponds to the response of a MOX sensor at concentration ¢ and R,
corresponds to the response in clean air (at 0 concentration, baseline), s, § refers to sensor-
dependent parameters. These parameters were estimated for each MOX sensing unit by
bootstrap curve fitting, and then the responses were simulated for 9 additional concentration
values (midpoints of the existing data) (More details in Appendix A). The primary and
secondary sensors were chosen arbitrarily as B1 and B5, respectively, with carbon monoxide

results reported due to similar outcomes across gases.
5.2.2 Dataset 2 — Time drift dataset

This dataset examines the long-term drift of a single MOX gas sensor array with 16 sensing
units [255], [256], [257]. The sensor was exposed to six gases (ammonia, acetaldehyde,
acetone, ethylene, ethanol, and toluene) at varying concentrations over 36 months, with
continuous experiments conducted from the first to the 30th month and a 5-month inactive
period before the final data collection in the 36th month. The drift of sensing units ranged
from -6% to 17% per month, normalized by their baseline resistance. We focus on the
baseline-normalized steady-state response to ammonia, evaluating sensor calibration
transfer from month 1 to month 36, with primary sensor data comprising 90 points and

secondary sensor data comprising 600 points.
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5.2.3 Dataset 3 —sensors of the same make in different environments

This case study utilizes data from two prototype Radio Frequency (RF)-based humidity
sensors (S1 and S2) [258]. While sensor S1 underwent controlled laboratory calibration
experiments, sensor S2 was exposed to real-world field conditions. RF-based humidity
sensors operate based on resonance frequency modulation induced by changes in the
dielectric constant of the humidity-sensitive polymer layer. The sensor response,
characterized by the differential magnitude and frequency, elucidates alterations in

resonance characteristics influenced by moisture presence and concentration.

Calibration experiments for sensor S1 entailed controlled environmental settings to ascertain
the relationship between sensor output and humidity levels across a broad temperature
spectrum. In contrast, sensor S2 was deployed outdoors alongside a reference weather
station, Vaisala WXT 520 [221], [259], within the Sense-City platform for a two-day
experiment. Sensor S1 was subjected to varying humidity levels (25% to 70% RH) and
temperatures (25°C — 45°C) over 44 hours. This setup facilitated the examination of sensor
performance under fluctuating environmental conditions, encompassing temperature

variations, ambient humidity levels, and exposure to diverse weather conditions.
5.3 Methods

5.3.1 Performance assessment

The assessment process is as follows: the primary calibration model was first developed with
the primary sensor calibration data. This model was then applied to the secondary sensor
data without correction to provide the baseline performance to improve upon using
calibration transfer. Transfer standards (TS) were selected for each case study as detailed in
section IV.C. The secondary sensor was also fully recalibrated with just the TS for

comparison.

Only two representative error metrics were selected to quantify performance: Mean Absolute
Error (MAE) and Coefficient of determination (R?). MSE (Mean Squared Error), RMSE
(Root Mean Squared Error), or MAPE (Mean Absolute Percentage Error) were calculated
but are not provided here for ease of understanding, as they yield similar conclusions. Unless
otherwise specified, the provided metrics are the mean and standard deviation (displayed
within parenthesis after the mean value) of MAE and R? over Q splits of the dataset (random
train/test splits, random selection of transfer standards). Q is determined based on the dataset

size.
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In each case, the MAE of the naive model is provided: by definition, this model has R*=0,
which is achieved by returning a constant value equal to the mean of the dataset. The better
the metrics are compared to the naive model (lower MAE, higher R?), the better the
performance of the method. In cases where R? is negative (the model performance is worse
than the naive model), the standard deviation is not reported, and the R? values are capped

at -1.

The ideal calibration transfer method provides metrics as good as or better than the primary
calibration model applied to the primary sensor. To be relevant, a calibration transfer method

should also have comparable or better metrics than recalibration with the transfer standards.

For the hyperparameters in each calibration transfer technique, we used the default
parameters provided by the library unless otherwise specified. While these defaults may not
be the optimal choice for the specific dataset, this approach establishes a baseline

performance across all cases, enabling a preliminary comparison.
5.3.2 Primary calibration model

Linear regression (LR) and K-nearest neighbours regression (KNN) were selected as model-
based and model-free calibration methods for all three case studies, as these two methods
are frequently used in sensor array calibration and perform well. Naturally, linear regression
does not perform optimally in the case of non-linear sensors. This is the case of the third
dataset, where the physical model is exponential. However, it was elected to still use the
linear model in the third case study for the sake of comparison between datasets. It also
allows to evaluate calibration transfer methods in the case of an imperfect primary
calibration model. The linear regression and KNN models were developed in the Python
scikit-learn  (1.4.0) library using the LinearRegression function and the
KNeighborsRegressor function. The hyperparameter 'k' for the KNN regression was
estimated by the elbow method with a 60%-20%-20% split of the total available data points

in the primary sensor response.
5.3.3 Transfer standard selection

Case study 1: The primary and secondary sensors have the same 19 gas concentration
values. As a result, any point in the dataset can be used as a transfer standard. Transfer
standards from 3 to 11 (from 20% to 60% of the TS dataset) were thus randomly selected
out of the dataset. For each calibration transfer technique and each TS ratio, 20 random data
splits were generated.
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Case study 2: Only 6 common concentration levels (10, 50, 100, 150, 200, 250 ppm) are
found in the primary and secondary datasets for this case study. An increasing number (from
3 to 6) of transfer standards was randomly selected, using all the data available for each
concentration level (6 points and 100 points for each concentration for the primary and

secondary dataset).

Case study 3: Here, the primary sensor response has 3500 data points, and the secondary
sensor response has 1400 data points, with 290 target values (Relative humidity values)
common between the two. The number of transfer standards used increased from 14 to 174

points (5% to 60% ratio).
5.4 Application to the case studies
5.4.1 Case Study I

In this case study, the primary and secondary sensors are different units of the same build
measuring the concentration of CO in the air. Table 5.2 shows the performance of the
different calibration transfer techniques with 20% of transfer standards (Results with more
TS are provided in Appendix B). Figure 5.1 shows the MAE as a function of the number of
transfer standards for the methods with non-negative R?. The naive model has 59ppm MAE.
With LR, only DS, PC+DS, and PLS+DS yield non-negative R* with performances
comparable with recalibration with TS. With 60% standards, their MAE is similar to the
primary sensors. By comparison, KNN performs worse overall than LR (even for the primary
sensor) because of the limited size of the dataset. Acceptable transfer methods (R*>0 and
comparable or better than recalibration with TS) are DS and PLS+DS, which perform ~10
times better than recalibration with TS. From 40% of TS upward, the MAE becomes lower
than the primary sensor MAE. For this case study, DS and PLS+DS appear to be the most

robust methods, working well in all the different configurations.
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Figure 5.1: Case study I: Average MAE of the different calibration transfer methods achieved with
either LR or KNN as primary calibration as a function of the number of transfer standards.

Table 5.2: Results of calibration transfer for the case study I with only 20% (3 points) of the
transfer standards.

TH-3536_186107106

LR KNN
MAE R2 MAE R2
(ppm) (ppm)
Primary  sensor  with  primary | 0.05 (0.03) | 1.00 7.0 (1.8) 0.96 (0.0)
calibration
Secondary sensor with primary | 3348 -1 103 -1
calibration
DS 13(9.2) 0.9 11(6.4) 0.9 (0.1)
(0.2)
SSS + LR 1193 -0.6 42 -0.4
SSS + SVR 93 -1 57 -1
PLS (4) + DS 43 -1 33(4.2) 0.5(0.4)
PLS (8) + DS 43 -1 33(4.2) 0.5(0.4)
PC (4) + DS 433 -1 33(4.2) 0.5(0.4)
PC (8) + DS 43.9 -1 35 -1
PT 3028 -1 24 (4.8) 0.7 (0.3)
PC (8) +PT 141 0 24 (4.8) 0.7 (0.3)
SBC 37 (18) 0.3 34 -1
(1.2)
AMC 995 -1 61 -1
MMC 1013 -1 44 0
Recalibration with TS 19 (15) 0.7 43 -1
(0.7)
Full Recalibration 0.01 (0.01) | 1.00 9.9 (2.2) 0.90
(0.03)
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5.4.2 Case Study II

Here, the calibration transfer is applied on a single sensor to compensate for its time drift.
The data from month 1 is primary, and the data from month 36 is secondary. Table 5.3 shows
the performance of the different calibration transfer methods for 3 transfer standards (other
TS ratios are provided in Appendix B). Figure 5.2 shows the evolution of performances as a
function of the number of transfer standards, with methods having R>>0. The naive model

has 78ppm MAE.

Here, for the case of the LR model, the performance of PLS+DS and PC+DS closely follows
the recalibration performance, reaching primary calibration performance with 6
concentration levels. DS works slightly less well but reaches comparable performance at 6
concentration levels. It appears that PLS and PC play their expected role of reducing dataset
dimensionality, compared to DS. In the case of KNN regression, recalibration has negative
R2 for 3 distinct concentration levels, but it remains the optimal technique for larger
concentration levels, followed by PLS+DS and PC+DS, then DS. With KNN, no technique
reaches the performance of primary calibration due to the limited number of transfer

standards.

Table 5.3: Results of calibration transfer for the case study II with only 3 concentration levels as
transfer standards.

LR KNN
MAE R2 MAE R2
(ppm) (ppm)
Primary  sensor with  primary | 12 (4) 0.9(0.1) | 6.3(1.4) 0.9
calibration (0.04)
Secondary sensor with primary | 185 -6.3 65 -0.23
calibration
DS 56 (26) 0.4 (0.3) | 43(18) 0.4 (0.4)
SSS + LR 65 -1 45 -1
SSS + SVR 112 -1 44 -1
PLS (8) + DS 33(12) 0.6 (0.4) |32(13) 0.4 (0.8)
PLS (16) + DS 60 (32) 0.4 (0.3) |44 (20) 0.4 (0.5)
PC (8) + DS 31 (13) 0.6 (0.4) |31 (15) 0.5 (0.9)
PC (16) + DS 60 (32) 0.4 (0.3) |44 (20) 0.4 (0.5)
PT 88 -1 58 -1
PC (8) +PT 78 -1 58 -1
PC (16) + PT 88 -1 58 -1
SBC 46 -1 63 -1
AMC 126 (7.8) 0.4(0.1) [53.6(2.5) |0.2(0.1)
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MMC 108 (32) 0.2(0.2) |555(33.9 |04(0.1

Recalibration with TS 36 (16) 0.6 (0.3) | 37 -1

Full Recalibration 0.96 0.98
11.1 (0.4) | (0.0) 2.9(0.3) (0.0)
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Figure 5.2: Case study II: Average MAE of the different calibration transfer methods achieved with
either LR or KNN as primary calibration as a function of the number of transfer standards.

5.4.3 Case Study III

In this dataset, the secondary sensor differs from the primary sensor, and the calibration and
test environments exhibit variations. Table 5.4 shows the performance of the different
calibration transfer methods for the 5% TS ratio (other TS ratios provided in Appendix B),
with the naive model having 13%RH MAE, and Figure 5.3 shows the evolution of

performances as a function of the number of transfer standards.

Overall, for both KNN and LR, a larger number of methods (than in the other case studies)
perform well (e.g., with R>>0.7 and with improved performance compared to calibration
with the primary model). This is explained by the larger number of TS compared to the other
studies. On the other hand, all methods (except KNN-based recalibration with TS) saturate
very quickly in performance with the increasing number of TS (from 15 to 50), without
reaching the performances of the primary model on the primary sensor, which is attributed
to the intrinsic differences in sensors and environments. Given the exponential nature of the
physical model, LR notably underperforms compared to KNN across all methods and

quantities of transfer standards utilized.
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Table 5.4: Results of calibration transfer for the case study III with only 5% (14 points) of the

transfer standards.

LR KNN
MAE R2 MAE R2
(%RH) (%RH)
Primary sensor with primary | 2.4 (0.01) 0.9 (0.0) | 0.5(0.01) 0.99
calibration
Secondary sensor with primary | 13 -0.04 13 -0.1
calibration
DS 7.7 (1.2) 0.7(0.1) | 6.3(0.6) 0.2 (0.3)
SSS+ LR 8.2 (1.2) 0.7(0.1) | 5.7(0.5) 0.4 (0.2)
SSS + SVR 0.7
8.1 (0.7) (0.03) 5.4(04) 0.6 (0.2)
PLS (2) + DS 0.6
8.9 (1.1) (0.04) 6.1 (0.5) 0.3(0.3)
PC (2) + DS 682 -1 29 -1
PT 8.5(2.7) 0.7(0.1) | 5.8(0.4) 0.5 (0.1)
PC (2) +PT 8.5(2.7) 0.7(0.1) | 5.8(0.4) 0.5 (0.1)
SBC 8.4 (1.2) 0.7 (0.1) | 5.6(0.7) 0.6 (0.5)
AMC 8.8 -1 10.2 -1
MMC 0.2
7.4 (1.1) 0.7(0.1) | 6.4(0.2) (0.03)
Recalibration with TS 7.0 (1.3) 0.7(0.1) | 6.4(0.9) 0.3(0.4)
Full Recalibration 5.2 (0.0) 0.8(0.0) | 1.6(0.1) 0.9 (0.0)
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Figure 5.3: Case study III: Average MAE of the different calibration transfer methods achieved

with either LR or KNN as primary calibration as a function of the number of transfer standards.

175
TH-3536_186107106




Chapter 5

5.5 Results and Discussion

The results are synthesized in Table 5.5, classifying the methods by MAE achieved
compared to naive MAE, to recalibration with TS, and primary calibration. For generality, a
30% margin around the MAE values achieved with primary calibration or recalibration with
TS is considered. Notation: ‘--‘: R2<0 or MAE>Naive MAE; ‘-‘: R=>0 and MAE<Naive
MAE and MAE > 1.3*Recalibration MAE; ‘+’ R>>0 and MAE< 1.3*Recalibration MAE;
‘++ : R>0 and MAE< 1.3*Primary sensor MAE;’*’: MAE< (.7*Recalibration MAE.

Table 5.5: Performance classification of methods by MAE achieved compared to naive MAE, to
recalibration with TS, and primary calibration

Case Study 1 | Case Study 2 | Case Study 3

LR |KNN |LR |KNN |LR |KNN
Secondary sensor with primary calibration | -- | -- - |- N --
DS ++ | ++* + - + L3
SSS+ LR - s —_— - oL s
SSS + SVR - . - " + T
PLS + DS | + + + ar
PCA + DS ++ |- + 4 - -
PT - |+ - |- + |+
PCA +PT - As — __ + 4
SBC - + - - T T
AMC = - - - - T
MMC - - _ - T 5
Recalibration with TS ++ |+ + + + +

The results show that recalibration with TS works best in most of these cases, even for a
minimal TS ratio. While it is attributed to the relatively simple calibration laws (logarithmic
or exponential) involved in the present case studies, it means that, in general, recalibration
with TS should be the primary approach tested in the calibration transfer study. Then, it
appears that PLS+DS works at least as well as recalibration for all the case studies, followed
closely by DS. The good performance of PLS+DS is explained by the PLS regression
capability to reduce dimensionality while being resilient to missing data. At the same time,
the DS approach works well with and without PLS due to its minimalistic approach, which

limits the risk of overfitting.
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On the other hand, as they rely on stronger hypotheses on dataset structuration, the other
methods (SSS, AMC, MMC, PC, and PT) feature minimal performance. They should be
tried on a case-by-case basis, particularly when a large number of transfer standards are

available.

Finally, no drastic difference is observed between KNN and LR, though, as expected, the

limited data availability leads to somewhat reduced performances in some cases.

5.6 Methodology for mass calibration of LOTUS sensor

Developing a calibration model for the LOTUS multiparametric sensor necessitates rigorous
experimentation due to the complex nature of multi-analyte detection. However, a model
perfectly tailored to one sensor unit may not retain the same level of accuracy when applied
to another, even within the same production batch, due to slight variations inherent in the

manufacturing process, as discussed earlier.

Our previous analysis suggests that calibration transfer techniques must be selected based
on the specificity of the sensor and the model complexity. For the LOTUS multiparametric
sensor, simple recalibration may suffice for temperature and conductivity sensors. For
chlorine and pH sensors, direct standardization would prove to be more effective, with the
anticipation that Partial Least Squares Standardization (PLS+DS) may be better suited as we

expand the range of detectable analytes with additional inked chemiresistors.

The facilitation of calibration transfer in mass production is predicated on acquiring ample
data for transfer standards. This requirement entails a substantial testing environment and an
expansive data acquisition (DAQ) network capable of simultaneous data collection from
multiple sensors within the loop, alongside reference sensors to monitor the target

parameters, considering the dynamic nature of the water loop in the data modelling.

Post-data collection, temperature, and conductivity models for each multiparametric sensor
can undergo recalibration, with new coefficients updated in the AFE (sensor’s DAQ system).
For chemiresistors, a sufficient baseline of transfer standards must be established before
proceeding with calibration transfer. On a case-by-case basis, calibration transfer methods

and recalibration can be implemented, the choice of which hinges on the variability among
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sensor units. For nominal differences, recalibration may suffice if performance metrics meet
the defined tolerances. Larger discrepancies may necessitate calibration transfer techniques

to achieve acceptable standards.

The challenge lies in obtaining an optimal amount of transfer standard data for effective
calibration transfer without excessive resource consumption—particularly water in this
context. This task also demands considerable infrastructure to support a test bench capable
of connecting multiple LOTUS sensor units concurrently, a individual host system for data
collection from each AFE connected to the sensor, and a sophisticated server-side data

architecture for aggregation and analysis of loop-wide sensor data.

5.7 Summary

This study compares 10 standardization-based calibration transfer techniques commonly
employed in non-spectral sensor data contexts. These techniques were assessed across three
distinct datasets that address issues such as sensor variability, time drift, and environmental
fluctuations, all within the constraints of limited availability of transfer standards. Across
most evaluated configurations, recalibration utilizing transfer standards demonstrated
superior performance, suggesting its merit as a baseline consideration in future applications
before resorting to calibration transfer methods. Notably, Partial Least Square
standardization and Direct standardization emerged as the most robust approaches,
exhibiting capabilities to surpass recalibration in performance. However, the efficacy of
other methods remains variable and warrants a case-by-case evaluation. Furthermore, the

augmentation of data availability broadens the spectrum of viable transfer methods.
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Conclusion

Abstract: This chapter outlines the key conclusions drawn from the dissertation work and
presents the most substantial impact of the thesis. This chapter concludes by highlighting
potential areas for future exploration in the context of current work.
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6 Conclusions and Scope of Future Work

The primary objective of this thesis was to develop a multiparametric water quality sensor
for real-time measurement of pH, active chlorine, conductivity, and temperature in drinking
water. This consisted of three main components: (1) Sensor platform, (2) Sensor calibration
model, and (3) Methodology for mass calibration of the sensors. The three components were

successfully developed, and the integrated sensor was verified in laboratory conditions.

As part of the sensor platform development, the plastic version replaced the silicon version
to lower the sensor cost (mainly driven by the cost of raw materials) and to improve the
sensor durability. The LOTUS project partners at Gustave Eiffel University completed the
substrate fabrication and ink deposition of the sensor. The improvement of the AFE from the
initial version developed in the previous project was crucial for increasing the signal-to-
noise ratio, boosting sensor performance, and prolonging sensor’s operational lifespan. The
problems in the previous version were solved by changing the wiring of the circuitry, adding
overvoltage protection with Zener bypass, and by modifying the excitation signal that
activates the sensor. A data visualization platform was also developed and deployed to show
the real-time data from the sensor as well as the estimated target parameters.

Both versions of the sensors were characterized by using methodology established in this
thesis. The characterization results of LOTUS sensors by using the Sense-city data have
created a solid basis for the sensor's potential use in real-time water quality monitoring.
These experiments, especially with the plastic version, demonstrate the sensor's ability to
detect critical parameters like active chlorine and pH despite the challenges in achieving

consistent and reliable performance.

The silicon version sensor predicted the chlorine level within +0.12 mg/l and the pH level
within £0.13 units for the testing range of 0 to Smg/l of chlorine and 7.6 to 8.3 pH. The
uncertainties for the chlorine and pH sensing for the silicon version sensor were 0.24 mg/I
and 0.21 units respectively. The LPCB sensor in Sense-city had an average error for the
chlorine and pH sensing varied in the range [+0.04 mg/1, +0.03 mg/I] and [+0.42 units, +0.03
units] respectively, over 3100 hours, with their uncertainties being 0.24 mg/I decreasing to
0.06 mg/l and 0.25 units decreasing to 0.10 units. For the temperature sensor, the silicon
version had an average error of 0.2 °C, in the range of 17°C — 20°C with an uncertainty of
3.6 °C (~19% FS) while the LPCB sensor had an average error of 0.75°C, in the range of
10°C —40°C with an uncertainty of 1.21°C (~3% FS).
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Similarly, the conductivity sensor for the silicon version had an average error of £73 uS/cm
with an uncertainty of 50% in the range of 3000 to 5000 nS/cm, while the LPCB sensor had
an average error of £67.6 uS/cm with an uncertainty of 15%, which included the temperature
data from the temperature sensor. By using the plastic version, the conductivity and
temperature sensors were found to be more precise and overall sensor cost reduced by 40X
compared to silicon version. The sensor operational life also has been considerable improved
(~4X) than the state of the art reported for chlorine sensing [122], with a comparable
performance. However, the gap between lab success and field deployment is still wide, with
only a few multiparametric sensors tested and providing limited consistent data. This
contrast between excellent results and the need for more model improvement shows the
iterative nature of sensor development. The experiments point out a clear direction:
increasing the attention on model calibration and the long-term dependability of the sensors

in different and changing environmental conditions.

To account for the variability in the sensor ink deposition within the batch, which can pose
a challenge to developing a universal calibration model, this work uses a calibration transfer
technique, to apply the calibration model developed with one multiparametric sensor, to
other multiparametric sensors. Additionally, 10 calibration transfer techniques were
evaluated, using 3 multisensor datasets and the performance metrics were compared to find
the best technique for the LOTUS sensor. Two different calibration models were used in the
analysis, one being the linear regression, which captures the global behavior of the data, and

the other model is KNN regression, which uses the local features of the dataset.

The LOTUS sensor does not have the data needed for mass calibration, so the public domain
datasets for gas sensor array were used to test the calibration transfer techniques. The first
dataset, estimating gas concentration from gas sensor arrays, aimed to transfer the calibration
models from one multisensor unit to another multisensor unit, where both units had the same
experiments and environment. In this case, Direct Standardization (DS) technique did much
better than recalibration (with an MAE of 13 ppm compared to the recalibration MAE of 19
ppm), or any other techniques (which had an MAE higher than the naive MAE of 59 ppm).
Similarly, for the second dataset, estimating gas concentration from a group of 16 MoX
sensors, the calibration transfer was done between the same unit but correcting for drift. This
unit was tested for 36 months, and the dataset from month 1 was used to build the calibration

model, which was transferred to use with the dataset from month 36. Here, both calibration
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models did well with PC + DS, PLS + DS and recalibration than with the other techniques,
followed by DS (the MAEs 31 ppm, 32 ppm, 36 ppm, 56 ppm respectively).

There was a significant improvement in the performance for KNN based calibration model
than LR calibration model, showing the dependence on the model structure. For the third
case, dataset from two radio frequency-based humidity sensors were used. Here the model
built with the sensor in laboratory conditions was transferred to use with the dataset from the
sensor tested in field conditions (similar units, but different environments). In this case,
recalibration technique (MAE of 7% RH) did much better than all the other techniques, when
used with LR calibration model. On the other hand, with KNN calibration model, 7 out of
10 techniques did better than recalibration technique (MAE 6.4% RH).

The study concluded that the efficiency of the calibration transfer depends significantly on
the dataset features and the structure of the calibration model. Based on this, the
methodology identified for mass calibration of LOTUS sensors was identified, to use
recalibration technique for temperature and conductivity sensors, while exploring the DS
and PLS+DS options for chlorine and pH estimation. This requires an extensive testing

environment, coupled with a sophisticated data acquisition and analysis infrastructure.

The results showed that the multiparametric LOTUS sensor had great potential to measure
various water quality parameters in real time at a low cost, and it could be commercialized
by enhancing the ink deposition technology, testing with LOTUS sensors, refining the

calibration model and evaluating in real field situations.

6.1 Ciritical Outlook

Though the plastic LPCB version of the LOTUS sensor features the potential to be used in
long-term real-time monitoring of active chlorine, pH, conductivity, and temperature, the
performance results from the experiments suffer from inaccuracy, inconsistency, and
inadequacy. The prediction capability of the LOTUS sensor for active chlorine and
temperature is comparatively good, and the metrics of active chlorine reach the target metric;
however, the conductivity estimation did not meet the target set, albeit it was really good in
tracking the changes. The performance of pH estimation was the lowest of all the four target
parameters. Apart from the lower performance, the inconsistent performance of the sensors
(in pH estimation) in sense-city, evidenced by the fluctuating sensitivity of chemiresistors

throughout the experiment in Sense-city, and is a matter of concern for field deployment.
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These complications may be attributed to the improper fabrication of sensor (uneven
dispersion and sensor damage by needle tapping), the model's inability to capture the sensor's

dynamic behavior fully and to the lack of varied data in the experiments conducted.

Finally, the inadequacy is a significant gap in this work. Only 2 LPCBs were experimented
with in sense-city and only for 3100 hours (~130 days). The results and conclusions are
drawn from a minimal subset of sensors, therefore, the minor variations in the sensor play a
significant role in determining the performance. Consequently, these results are not
representative of technology. Most of the chemiresistors in the evaluated sensors, exhibited
their baseline resistance at the maximum threshold, and few were beyond that, thereby not

providing a generalized outlook on the performance of the technology.
6.2 Next Steps and Future Work

The path forward for enhancing the LOTUS sensor technology emphasizes refining the ink
printing process crucial to the sensor's manufacturing, aiming to elevate precision and
operational efficacy. Rigorous real-world validation is a critical milestone for confirming

the sensor's reliability and effectiveness.

Future research initiatives are set to extend the LOTUS sensor's capabilities significantly.
This includes broadening the sensor's detection and quantification range through additional
inks to detect a broader spectrum of analytes, such as arsenic, fluoride, and iron, enhancing
its utility in diverse water quality monitoring scenarios. Parallel efforts will optimize the
sensor activation protocol and investigate the potential of virtual or soft sensors to augment
the sensor's functionality innovatively. Moreover, strategic modifications to the sensor's
structural design are planned to accommodate more sensory devices, aiming to include
measurements of parameters like turbidity. Improvements in the computing capability of the
AFE are also planned for future versions, enabling the implementation of advanced filtering,
smoothing, and denoising techniques, as well as allowing for more complex models.
Additionally, we will explore the use of deep learning-based methods to further enhance the

sensor's performance and expand its detection range.).

These advancements signal a comprehensive approach to refining the LOTUS sensor's
performance and broadening its application, marking a significant leap in multiparametric

sensing technology for environmental monitoring.
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Appendix A

The dataset for case study 1 has 8 columns corresponding to each sensing unit (MOX sensor)

and 10 rows corresponding to the 10 concentrations of Carbon Monoxide gas.

For the data upsampling, the first step is to estimate the deterministic model parameters and
information for the noise model. For this case (for MOX sensors), the Clifford-Tuma model
is chosen as the deterministic model. From the raw dataset, the sensor baseline response is
estimated (which corresponds to the average of the sensor response when the sensor array
B1-B5 is exposed to clean air before introducing the analyte). This baseline is then used to

normalize the actual sensor response by the formulae:

The Clifford-Tuma model for the normalized sensor response Rg, and gas concentration ¢ ,

is given by:
log(Rs) = log(s) + Blog(c)
Where s, 8 are sensor dependent parameters.

This equation is a linear regression with 2 unknowns; a minimum of 2 data points is
necessary to estimate the sensor parameters. In our case study, for each MOX sensor (for
each column), we randomly selected 3 data points from the 10 data points available and used
them to estimate the parameters s and 8. This process is repeated 100 times, each time having
different random data points (there are 120 ways of selecting 3 data points from a total of
10), and the parameters for each set of data points are recorded. From this collection, the
average and standard deviation of each parameter (s, ) for each MOX sensor is estimated.
This information is then used with a Gaussian model (where the mean and standard deviation
of the model are the mean and standard deviation of the parameters estimated in the previous
step) to generate sensor response for new gas concentrations. These gas concentrations are

selected as midpoints of the already available gas concentrations.
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Appendix B

The tables below correspond to the R? and MAE values for each transfer technique for each
case study, as detailed in Chapter 5. In all the case studies, we observe that as transfer
standards increase, the Mean Absolute Error (MAE) decreases while the R? value
correspondingly increases. In some instances, the MAE plateaus and does not further
decrease with additional transfer standards. This can be attributed to the fact that the extra

data does not provide significant information to enhance the model.
Case Study I

Table B. 1 Results of application of calibration transfer techniques and recalibration for the same
transfer standards for dataset 1

TH-3536_186107106

LR KNN
MAE R’ MAE R’

Direct Standardization 20%-3 [ 12(9) 0.86 (0.25) | 11 (6.4) | 0.91 (0.14)
30%-5 | 1.3(0.6) 0.99 5.5(1.2) | 0.98 (0.01)
40%-7 |0.3(0.4) 0.99 3.6 (1.6) | 0.99
50%-9 | 0.07(0.04) | 0.99 2.3(0.9) | 0.99
60% - 11 | 0.04 (0.02) | 1 1.9(04) |1

SSS + LR 20%-3 | 1193 -0.6 42 -0.4
30% -5 | 948 -0.4 38(3.7) [ 0.2(0.2)
40% -7 | 872 -0.3 37(3.1) [ 0.2(0.1)
50%-9 | 847 -0.2 35(2.2) 1 0.2(0.2)
60% - 11 | 790 -0.2 35(2) 0.2 (0.1)

SSS + SVR 20%-3 |92 -1 57 -1
30%-5 | 163 -1 48 -1
40% -7 | 230 -1 43 -1
50%-9 | 237 -1 39 -1
60% - 11 | 193 -1 37 -1

PLS (4 components) + DS | 20% -3 | 43 -1 33 (4) 0.4(04)
30%-5 | 11 (9.0) 0.9 (0.3) 13 (8) 0.8 (0.5)
40% -7 | 8.8(2.5) 0.96 (0.02) | 13 (3) 0.9 (0.05)
50%-9 | 7.8(1.2) 0.96 (0.01) | 11 (2) 0.9 (0.03)
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LR KNN
MAE R’ MAE | R’
60%-11 | 7.9 (1.2) 0.97 (0.01) | 12 (2) 0.9 (0.02)
PLS (8 components) + DS | 20% -3 | 43 -1 33 (4) 0.45 (0.4)
30%-5 | 8.3(6.6) 0.9 (0.3) 15 (12) | 0.71(0.7)
40% -7 | 0.89(0.68) | 0.99 3.5(1.6) | 0.99
50%-9 |0.1(0.08) |0.99 1.7 (0.6) | 0.99
60% - 11 | 0.06 (0.04) | 1.0 1.3(0.3) | 1.0
PCA (4) + DS 30%-5 |2.1(0.7) 0.99 8.3(2.9) | 0.96 (0.03)
40% -7 | 1.8(0.5) 0.99 8.4 (1.7) | 0.97 (0.01)
50%-9 | 1.6(0.5) 0.99 8.0 (0.9) | 0.97 (0.01)
60% - 11 | 1.5 (0.1) 1.0 8.1(0.8) | 0.97 (0.01)
PCA (8) + DS 50%-9 |0.1(0.08) |0.99 1.7 (0.6) | 0.99
60% - 11 | 0.06 (0.04) | 1.0 1.3(0.3) | 1.0
Procrustes transform 20% -3 | 3028 -0.4 24 (5) 0.7 (0.3)
30%-5 | 172 -0.07 23 (2) 0.7 (0.1)
40% -7 | 149 0.09 23 (2) 0.7 (0.1)
50%-9 | 153 0.09 22 (2) 0.8 (0.1)
60% - 11 | 145 (35) 0.15(0.2) |23(1) 0.7 (0.1)
PCA (8) + Procrustes 50%-9 | 153 (48) 0.1(0.2) 22 (2) 0.8 (0.1)
60% - 11 | 145 (35) 0.2(0.2) 23 (1) 0.8 (0.1)
SBC 20%-3 | 37 (18) 0.3(1.2) 33 (9) -0.15
30%-5 [26(3) 0.7 (0.1) 28 (5) 0.7 (0.2)
40% -7 | 25(2) 0.7 (0.1) 26 (3) 0.7 (0.1)
50%-9 |25(1) 0.7 (0.1) 25(2) 0.7 (0.05)
60% - 11 | 24 (1) 0.8 (0.1) 24 (2) 0.8 (0.06)
AMC 50%-9 | 882 -0.19 55 -1
60% - 11 | 875 -0.17 57 -1
MMC 50%-9 | 879 -0.12 41 (3) 0.3 (0.1)
60% - 11 | 863 -0.09 41 (3) 0.3 (0.1)
Recalibration 20%-3 | 19(14) 0.7 (0.7) 43 -1
30%-5 | 1.5(0.6) 0.99 27 (5) 0.3 (0.5)
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LR KNN

MAE R’ MAE R’
40%-7 |0.4(0.4) |0.99 21(5) |0.6(0.3)
50%-9 |0.1(0.2) {0.99 16 (4) |0.8(0.2)
60% - 11 | 0.01 (0.01) | 1.0 11(33) |0.9(0.1)

Case Study 11

Table B. 2 Results of application of calibration transfer techniques and recalibration for the same
transfer standards for dataset 2

Linear Regression KNN Regression
MAE | R’ MAE | R’
Direct Standardization 3 targets | 56 (26) | 0.4 (0.3) |43 (18)|0.4(0.4)
4 targets | 34 (10) | 0.6(0.2) | 35(14) | 0.6 (0.3)
5 targets | 27 (6) 0.8 (0.1) |33(10)|0.6(0.2)
6 targets | 22 (4) 0.8(0.1) [32(6) [0.6(0.1)
SSS + LR 3 targets | 65 -1 45 -1

4 targets | 60 -0.4 41 (3) |0.1(0.5)
5 targets | 59 (6) 03(0.3) [41(2) [0.2(0.3)
6 targets | 59 (6) 0.4(0.2) [40(1) [0.3(0.2)

SSS + SVR 3 targets | 112 -1 44 -1
4 targets | 117 -1 40 (3) |0.2(0.3)
S targets | 97 -1 40 (2) |0.3(0.2)
6 targets | 98 -1 39(1) |0.3(0.1)

PLS (8 components) + DS | 3 targets | 33 (12) | 0.6 (0.4) |32 (13) | 0.4 (0.8)
4 targets | 25 (7) 0.8(0.2) [26(9) [0.7(0.3)
5 targets | 21 (5) 0.8(0.1) [24(6) [0.7(0.2)
6 targets | 20 (3) 0.8(0.1) [24(5) |[0.7(0.1)
PLS (16 components) + DS | 3 targets | 60 (32) | 0.4(0.3) |44 (20) | 0.4 (0.5)
4 targets | 36 (16) | 0.6(0.2) | 36(15)|0.5(0.4)
5 targets | 27 (6) 0.8(0.1) [33(9) [0.6(0.2)
6 targets | 22 (4) 0.8(0.1) [30(6) [0.6(0.1)
PCA (8 components) + DS | 3 targets | 31 (13) | 0.6 (0.3) | 31 (15) | 0.5(0.9)
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Linear Regression KNN Regression
MAE | R’ MAE | R’

4 targets | 26 (13) | 0.7(0.2) |27(10) | 0.7 (0.2)

5 targets | 21 (4) 0.8(0.1) |24(6) |0.7(0.1)

6 targets | 20 (3) 0.8(0.1) |24@4) |0.7(0.1)
PCA (16 components) + DS | 3 targets | 60 (32) | 0.4 (0.3) |44 (20) | 0.4 (0.5)

4 targets | 36 (16) | 0.6(0.2) |36(15)]0.5(0.4)

5 targets | 27 (6) 0.8(0.1) |33(9) |0.6(0.2)

6 targets | 22 (4) 0.8 (0.1) |30(6) |0.7(0.1)
Procrustes transform 3 targets | 88 -1 58 -1

4 targets | 95 -0.8 54 -1

5 targets | 91 -0.3 52 -1

6 targets | 89 -0.06 52 -0.9
PCA (8) + Procrustes 3 targets | 78 -1 58 -1

4 targets | 77 -1 54 -1

5 targets | 70 -0.7 52 -1

6 targets | 66 -0.4 52 -0.9
PCA (16) + Procrustes 3 targets | 88 -1 58 -1

4 targets | 95 -0.8 54 -1

5 targets | 91 -0.3 52 -1

6 targets | 89 -0.1 52 -0.9
SBC 3 targets | 46 -1 64 -1

4 targets | 43 -0.4 60 -1

5 targets | 42 (4) 0.1 58 -0.9

6 targets | 41 (3) 0.1 56 -0.7
AMC 3 targets | 126 (8) | 0.4 (0.1) |54 (2) |0.2(0.1)

4 targets | 124 (4) | 0.4(0.04) | 53 (1) | 0.3(0.03)

5 targets | 122 (2) | 0.4(0.02) | 53 (1) | 0.3(0.03)

6 targets | 122 (1) | 0.4 (0.01) | 52 (1) | 0.3(0.02)
MMC 3 targets | 108 (32) | 0.2 (0.2) |56 (4) |0.4(0.1)

4 targets | 108 (36) | 0.2(0.2) |56 (3) | 0.4(0.1)

5 targets | 104 (22) | 0.2(0.1) |56 (3) |0.4(0.1)
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Linear Regression KNN Regression

MAE | R° MAE | R’
6 targets | 101 (19) | 0.2 (0.1) |56 (3) |0.4(0.1)
Recalibration 3 targets | 36 (16) | 0.6 (0.3) | 37 -0.4

4 targets | 24 (8) | 0.8(0.1) |26(6) |0.6(0.3)
5targets | 20 (5) | 0.9(0.1) |20(4) |0.8(0.1)
6targets | 17 (4) | 0.9(0.03) | 15(2) | 0.9 (0.02)

Case Study III

Table B. 3 Results of application of calibration transfer techniques and recalibration for the same
transfer standards for dataset 3

Linear Regression KNN Regression
MAE R’ MAE R’

Direct Standardization 5%-14 7.6 (1.2) | 0.7 (0.05) | 6.3 (0.6) |0.2(0.3)
10 %-29 | 7.3(0.2) | 0.7(0.03) | 6.2(0.5) |0.2(0.2)
20%-58 | 7.2(0.4) | 0.7 (0.02) | 6.2 (0.3) |0.2(0.1)
30%-87 | 7.3(0.3)|0.7(0.02) | 6.1 (0.3) |0.2(0.1)
40% - 116 | 7.3 (0.3) | 0.7 (0.02) | 6.1 (0.3) | 0.3 (0.1)
50% -145 | 7.3 (0.2) | 0.7 (0.02) | 6.1 (0.3) | 0.3(0.1)
60% -17417.3(0.2) | 0.7(0.01) | 6.1 (0.2) | 0.3(0.1)
SSS+ LR 5% - 14 8.2(1.2) | 0.7 (0.04) | 5.7 (0.5) |0.5(0.2)
10 %-29 | 7.9(0.6) | 0.7 (0.03) | 5.7(0.3) | 0.5(0.1)
20%-58 | 7.8(0.4) | 0.7(0.01) | 5.6 (0.2) |0.5(0.1)
30%-87 | 7.8(0.3)|0.7(0.01) | 5.6 (0.2) |0.5(0.1)
40% - 116 | 7.8 (0.2) | 0.7 (0.01) | 5.6 (0.2) | 0.5(0.05)
50%-145 | 7.8 (0.2) | 0.7 (0.01) | 5.6 (0.1) | 0.5(0.04)
60% - 174 | 7.8 (0.2) | 0.7 (0.01) | 5.2 (0.0) | 0.6(0.01)
SSS + SVR 5% - 14 8.1(0.7) | 0.7(0.03) | 5.4 (0.4) |0.6(0.2)
10%-29 | 8.1(0.5)|0.7(0.02) | 5.3(0.2) |0.6(0.1)
20%-58 |8.0(0.3)0.7(0.01) | 5.3(0.1) |0.6(0.0)
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Linear Regression KNN Regression
MAE | R’ MAE R’
30% -87 |8.0(0.2)|0.7(0.01) | 5.3(0.1) |0.6(0.0)
40% - 116 | 8.0(0.2) | 0.7 (0.01) | 5.3 (0.1) | 0.6 (0.0)
50% - 145 | 8.0 (0.2) | 0.7 (0.01) | 5.2(0.0) | 0.6 (0.0)
60% -174 | 8.0(0.2) | 0.7 (0.01) | 5.2 (0.0) | 0.6 (0.0)
PLS (2 components) + DS | 5% - 14 89(1.1) [ 0.6 (0.03) | 6.1 (0.5) |0.3(0.3)
10%-29 | 8.6(0.6) | 0.6 (0.02) | 6.1 (0.3) | 0.3(0.2)
20%-58 |8.6(0.4) | 0.6(0.01)|6.0(0.2) |0.3(0.1)
30%-87 |8.5(0.3)]0.6(0.01) | 6.0(0.2) |0.3(0.1)
40% - 116 | 8.5(0.3) | 0.6 (0.01) | 6.0 (0.2) | 0.3 (0.1)
50% - 145 | 8.6 (0.3) | 0.6 (0.01) | 5.9(0.1) |0.3(0.1)
60% -174 | 8.6 (0.2) | 0.6 (0.01) | 5.9 (0.1) | 0.3(0.01)
PCA (2 components) + DS | 5% - 14 683 -0.15 29 -1
10%-29 | 672 -0.15 30 -1
20% - 58 | 670 -0.15 31 -1
30% - 87 | 672 -0.15 31 -1
40% - 116 | 674 -0.15 31 -1
50% - 145 | 678 -0.15 31 -1
60% - 174 | 678 -0.15 31 -1
Procrustes transform 5%-14 85(2.7)10.7(0.1) |58(0.4) |0.5(0.1)
10%-29 |8.0(2.2) | 0.7(0.1) |5.8(0.3) |0.5(0.1)
20%-58 |7.9(2.0)|0.7(0.1) |5.7(0.2) |0.5(0.1)
30%-87 | 7.5(1.8)]0.7(0.1) |5.7(0.2) |0.5(0.1)
40%-116 | 7.4 (1.7) | 0.7 (0.1) |5.7(0.1) |0.5(0.1)
50%-145 | 7.4 (1.7) | 0.7 (0.1) |5.7(0.1) |0.5(0.1)
60% -174 | 7.3(1.7) | 0.7 (0.1) |5.7(0.1) |0.5(0.1)
PCA (2) + Procrustes 5% - 14 8.5(2.7) 1 0.7(0.1) |5.8(0.4) |0.5(0.1)
10%-29 |8.0(2.2) [ 0.7(0.1) |5.8(0.3) |0.5(0.1)
20%-58 | 7.9(2.0)0.7(0.1) |5.7(0.2) |0.5(0.1)
30%-87 | 7.5(1.8)0.7(0.1) |5.7(0.2) |0.5(0.1)
40% - 116 | 7.4 (1.7) | 0.7 (0.1) | 5.7(0.1) | 0.5(0.1)
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Linear Regression KNN Regression
MAE | R’ MAE R’
50%-145|7.4(1.7) | 0.7 (0.1) |5.7(0.1) |0.5(0.1)
60% -174 | 7.3(1.7) | 0.7 (0.1) |5.7(0.1) |0.5(0.1)
SBC 5% - 14 8.4(1.2) [ 0.7(0.04) | 5.6 (0.7) |0.6(0.5)
10 % -29 |8.0(0.6) | 0.7 (0.02) | 5.3(0.3) |0.7(0.1)
20%-58 | 7.9(0.4) | 0.7 (0.02) | 5.2(0.2) |0.7(0.05)
30%-87 |7.9(0.3)]0.7(0.01) | 5.1 (0.1) | 0.7(0.04)
40%-116 | 7.9 (0.2) | 0.7 (0.01) | 5.1 (0.1) | 0.7 (0.03)
50% - 145 | 7.9 (0.2) | 0.7 (0.01) { 5.1 (0.1) | 0.7 (0.03)
60% -174 7.9 (0.2) | 0.7 (0.01) | 5.1 (0.1) | 0.7(0.02)
AMC 5% - 14 8.8 -1 10.1 -1
10 % -29 | 8.8 -1 10.1 -1
20% - 58 | 8.8 -1 10.1 -1
30% - 87 | 8.8 -1 10.1 -1
40% - 116 | 8.8 -1 10.1 -1
50% - 145 | 8.8 -1 10.1 -1
60% - 174 | 8.8 -1 10.1 -1
MMC 5% - 14 7.4 (1.1) | 0.7 (0.05) | 6.4 (0.2) | 0.2 (0.03)
10%-29 | 7.2(0.8) | 0.7 (0.04) | 6.3 (0.1) |0.2(0.02)
20%-58 | 7.1(0.5) | 0.7(0.03) | 6.3 (0.1) |0.2(0.01)
30%-87 | 7.0(0.4)|0.7(0.02) | 6.3 (0.06) | 0.2 (0.01)
40% - 116 | 7.0 (0.3) | 0.7 (0.02) | 6.3 (0.04) | 0.2 (0.01)
50% -145 | 6.9 (0.2) | 0.7 (0.01) | 6.3 (0.03) | 0.2 (0.01)
60% -174 1 6.9 (0.2) | 0.7 (0.01) | 6.3 (0.03) | 0.2 (0.01)
Recalibration 5% - 14 7.0(1.3) ] 0.7(0.1) |6.4(0.9) |0.2(0.4)
10%-29 | 6.7(0.6) | 0.8 (0.03) | 5.7(0.6) | 0.4(0.2)
20%-58 |6.6(0.4)]0.8(0.02) | 5.3(0.3) |0.6(0.1)
30%-87 |6.6(0.3)|0.8(0.02) | 5.0(0.3) |0.6(0.04)
40%-116 | 6.7 (0.2) | 0.8 (0.02) | 4.8 (0.2) | 0.6 (0.03)
50% - 145 | 6.7 (0.2) | 0.8 (0.02) | 4.6 (0.2) | 0.6 (0.03)
60% - 1741 6.7 (0.2) | 0.8 (0.01) | 4.5(0.1) |0.7(0.02)
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The tables below provide an overview of the results from the above tables. In the table, for
each instance, the ‘--> denote poor performance, as evident by negative R> or MAE higher
than naive MAE; ‘- for the cases where R? is positive and MAE is lower than naive MAE,
but is 30% more than recalibration MAE. Similarly for the cases where R? is positive and
MAE is within the tolerance range (MAE < 1.3*Recalibration MAE), are indicated by ‘+’
and for MAE < 1.3*Primary MAE by ‘++’. The ‘*’ indicates the instances where the MAE

< 0.7*Recalibration MAE, as in calibration transfer is better alternative to recalibration.

Case Study I

Table B. 4 Synthesis of results for the dataset from Case Study I, at different transfer
standards ratio (20% to 60%)

Transfer Linear Regression model KNN model
techniques

20% | 30% |40% |50% |60% |20% |30% |40% |50% | 60%

Secondary -- = - = -- -- - - L -
sensor with
primary

calibration

DS ++-* * % % L ++-* % % * *

SSS+ LR -- -- - -- & = = 5 = -

SSS+SVR | = | = | = | = | - | = | = | - | - | -

PLS(8) +DS | ++ - - ; T | * * ¥ ¥

PC@®)+DS | ++ -- == + - - -- e

PT = - - - ] + + P _ R

PC(8) + PT 4 - e - , + [ ~ _ }

SBC - - - - - + + + - -

AMC -- - -- -- - -- -- - - -

MMC - -- -- - - - - - - -

Recalibration + + + + + + + + + +
with TS
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Case Study 11

Table B. 5 Synthesis of results for the dataset from Case Study II, at different counts of
concentration levels (from 3 to 6 distinct concentration levels)

Transfer LR Model KNN Model
techniques

3 4 5 6 3 4 5 6

Secondary -- -- - -- -- -- - -
sensor with
primary

calibration

DS - y - + + n - -

SSS+ LR -- -- - - -- = - -

SSS + SVR -- -- - == - - 3 %

PLS(8)+DS | + + + s + + + ;

PC(8) + DS + + + n + + n )

PT - — - — - - - L

PC(8) + PT - — — - - - b L

SBC -- -- - - - = - -

AMC - - - - - = b 2

MMC - - - - - = L -

Recalibration + + + + — L + +
with TS
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Case Study I11

Table B. 6 Synthesis of results for the dataset from Case Study III, at different transfer
standards ratio (5% to 60%)

Transfer LR Model KNN Model
techniques

5 10 20 30 40 50 60 5 10 20 30 40 50 60
% | % % % % % % % | % % % % % %

Secondary - | -- - - -- - — | -] - -- - - -- --
sensor with
primary
calibration

DS e e S B e o e e e e e e

SSS+IR |+ | + |+ |+ |+ | + | + |+ |+ |+ |+ |+ |+ |+

SSS+SVR [+ | + | + |+ |+ [+ |+ |+ |+ |+ |+ + ]| +]|+

PLS + DS +l+ [+ |+ |+ |+ ]+ [+ ]+ |+ |+ +] -
PC + DS R e T e I I A S (R I B S S
PT +l+ |+ |+ |+ |+ |+ |+ + ]+ ]+ ]+ ]|+ ]|+
PC +PT +l+ |+ + |+ |+ ]+ [+ + ]+ |+ |+ +]+
SBC +l+ |+ |+ |+ [+ |+ |+ + ]+ ]+ ]+ ]| +]|+
AMC - | - - - - = - == - - - - -
MMC +l+ [+ |+ |+ |+ ]+ [+ + ]+ |+ -] -

Recalibratio + &L + =F aF S + + + afs + + + +
n with TS
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