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Abstract 

Title: Using Nano-ITIES for Detection of Metal Ions in Complex Aqueous 

Solutions 

Author: Mohammed Muzammil Nishar Ahmed 

Advisor: Pavithra Pathirathna, Ph.D. 

Recent urbanization has induced a rapid increase in heavy metal exposure to 

humans. The exploitation of heavy metals for economic gains coupled with poor 

and economically infeasible recycling methods have led to poor management of 

heavy metal wastes, which has opened up several pathways for heavy metals to 

enter the human body. Such heavy metals target many vital organs, but the early 

symptoms are common and difficult to diagnose. Severe symptoms appear in later 

stages and are very expensive to treat and the damage caused to the health are not 

typically reversable in such later stages. To counter this issue, it is pivotal to 

develop early detection systems for such heavy metal contamination. While it is 

essential to develop a reliable and robust heavy metal sensor, achieving it in a cost-

effective manner will aid in widespread reach and adoption. While conventional 

methods have been well investigated and used, electrochemical methods for such 

analysis have gained growing interest in recent years due to their fast-processing 

times, ease of use, and cost-effectiveness. This dissertation presents a series of 
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studies aimed at achieving these goals using electrochemical detection. The 

research is divided into three projects, each building upon the findings of previous 

research. The first project introduces a novel nanopipette-based ion transfer 

between two immiscible electrolyte solutions (ITIES) sensors for the detection of 

Cd(II) ions. Utilizing 1,10-phenanthroline as an ionophore, the sensor demonstrates 

high sensitivity and selectivity in various complex matrices, including tris buffer 

and artificial seawater. The sensor successfully quantified the amount of Cd(II) in 

an environmental sample, which was validated using inductively coupled plasma 

mass spectrometry, which is the gold standard or detection of metals in aqueous 

solutions. The second project expands the sensor's capabilities to simultaneously 

detect multiple metal ions, specifically Cd(II) and Ca(II), in complex matrices such 

as artificial blood and urine. A simplified single-bore, single-ionophore 

configuration was studied to examine the practicality and ease of fabrication of the 

sensor. The performance of the sensor is used to evaluate the effectiveness of a 

common chelation agent used in chelation therapy during early stages of heavy 

metal exposure. The last project addresses the challenge of data interpretation in 

electrochemical sensing by integrating artificial intelligence (AI) with ITIES-based 

sensors. This unique approach integrates Artificial Neural Networks (ANN) and 

Convolutional Neural Networks (CNN) to analyze cyclic voltammograms (CVs). 

The CNN model is capable of differentiating Cd(II) from Cu(II) by using the shape 

of the CV alone and can identify faulty CVs from the good ones. The ANN model 
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is used to determine the analyte concentration. This integrated approach represents 

a significant advancement in electrochemical data analysis, making it more 

accessible to non-experts, thus aiding the widespread use of the sensor. 
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Chapter 1 

Introduction 

 

1.1 Global Impact of Heavy Metals 

Heavy metal contamination poses a serious global threat to human health and the 

environment. Anthropogenic activities such as rapid industrialization, urbanization, 

and advanced technology adoption in developing countries have led to a significant 

rise in heavy metal pollution1. Industrial effluents, nickel-cadmium batteries, 

cigarettes, electroplating, and paints are major sources of toxic cadmium release 

into the environment1. Despite increasing global cadmium usage, no efficient 

recycling methods exist, putting humans at high risk of exposure from multiple 

sources2. Other hazardous heavy metals like lead, mercury, arsenic, and chromium 

are also widespread pollutants3. In the Weihe River Basin in China, average 

concentrations of arsenic, lead, zinc, nickel, chromium, mercury, copper, and 

cadmium in sediments were found to be 15.42, 27.27, 88.05, 31.05, 75, 0.13, 29.47, 

and 1.05 mg kg-1 respectively4, with cadmium and mercury posing the highest 

ecological risks. In the USA, an estimated 1,300,000 sites are contaminated with 

heavy metals, impacting over 10 million people5. A study on heavy metal 

contamination in road dust across 71 cities worldwide found concerning levels, 

with average concentrations of 72.8 mg kg-1 for copper, 397 mg kg-1 for zinc, 115 

mg kg-1 for lead, and 53.5 mg kg-1 for chromium6. In Latin America, severe heavy 
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metal pollution has been reported in rivers like the Magdalena River in Colombia 

and in the Riachuelo basin in Argentina7. Many governing agencies take several 

measures to contain the exposure of such contaminants by placing threshold 

concentration limits and the WHO Guidelines for Drinking-Water Quality 

recommend a threshold value of 3 μg/L for Cadmium8. 

The detrimental health effects of heavy metals are well-documented. Cadmium 

accumulation in the human body damages vital organs like the kidneys, lungs, and 

liver, and is linked to cell proliferation, apoptosis, chromosomal mutations, and 

various cancers9. Lead exposure impairs neurological development in children, 

while mercury is a potent neurotoxin9,10. Globally, 1.8 million deaths and 46.2 

million disability-adjusted life years (DALYs) were attributed to unsafe water 

containing heavy metals and other contaminants10. In the USA, an estimated 

450,000 children aged 1-5 have elevated blood lead levels11. Altogether, heavy 

metal pollution inflicts staggering economic losses from heavy metal-induced food 

pollution12. Urgent action is needed to mitigate this growing crisis and protect 

global public and environmental health. 

1.2 Heavy Metal Detection Methods 

Traditionally, heavy metal analysis has been performed using non-electrochemical 

techniques such as spectroscopy, chromatography, and colorimetry13–17. Mass 

spectrometry, in particular, has been widely used for sensitive and selective 
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detection of heavy metals18,19. Peng et al.20 developed a dual-cloud point extraction 

method coupled with inductively coupled plasma mass spectrometry (ICP-MS) for 

preconcentration and determination of twelve heavy metals in water samples. They 

achieved enhancement factors ranged from 9.85 to 35.98, with detection limits 

between 0.012 and 0.36 μg L-1. Shih et al.21 employed a dipole-assisted solid-phase 

extraction microchip combined with ICP-MS for online determination of trace 

heavy metals in natural water. The on-chip dipole-ion interactions between C-Cl 

moieties and metal ions facilitated the extraction, achieving detection limits from 

3.48 to 20.68 ng L-1.  

Colorimetric methods have also been explored for heavy metal detection. Quantum 

dots (QDs) have gained attention as promising nanomaterials for colorimetric 

sensing due to their unique optical properties. Abdelhamid et al.22 synthesized 

mercaptopropionic acid-modified CdS quantum dots (CdS@MPA) and applied 

them in laser soft desorption/ionization mass spectrometry (QELDI-MS) to detect 

labile metal-drug interactions. The CdS@MPA provided a large surface area and 

strong UV absorption, enabling soft ionization of metallodrugs without destroying 

the weak bonds. These non-electrochemical techniques have been conventionally 

used for heavy metal analysis. However, these methods have several limitations, 

including high instrument and operational costs, complex operations requiring 

advanced skills, large and bulky instrumentation unsuitable for on-site use, and the 

need for laborious sample pretreatment procedures15,18. For example, ICP-MS and 
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AAS require expensive equipment and are difficult for non-experts to operate, 

making them inaccessible to many23. Moreover, the pre-treatment steps involved, 

such as acid digestion and extraction, are time-consuming and can alter the original 

metal speciation, which is critical for accurately assessing toxicity23. These 

drawbacks have motivated the development of alternative techniques like 

electrochemical sensors that overcome many of these limitations. 

1.3 Electrochemical Methods of Heavy Metal Detection 

There are many electrochemical methods developed for the detection of heavy 

metals in aqueous samples. In the past decade, electrochemical sensors have shown 

a great leap in development due to their versatile application, analysis at fast 

speeds, and enabling rapid, sensitive, selective, and real-time measurements with 

simpler and more affordable devices24. The popular electrochemical techniques for 

heavy metal ion detection in aqueous samples are amperometry, anodic stripping 

voltammetry, voltammetry, and electrochemical impedance spectroscopy. 

 

Amperometry is a technique in which the working electrode or the working probe 

is held at a constant potential, and the response of the sensor is measured in terms 

of current. The potential can be held for short durations or longer holding times, 

which can be implemented to study the change in current response with time 

(chronoamperometry). Florescu et al.25 used amperometry with TCNQ-modified 

screen-printed electrodes to detect heavy metal ions (Ni(II), Cu(II), Cd(II)) in 
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aqueous solutions. The sensitivity was improved by using acetylcholinesterase 

(AChE) enzyme inhibition, with Cu(II) causing the most significant decrease in 

enzymatic activity. Using AChE, the sensitivity for Cu2+ detection was 18.02 µA 

mM-1, compared to 0.53 µA mM-1 without the enzyme. Gumpu et al.26 developed 

an amperometric urease inhibition-based biosensor using a Pt/CeO2/urease-

modified electrode to detect Pb(II) and Hg(II) ions in water samples. The biosensor 

exhibited detection limits of 0.019 ± 0.001 μM for Pb(II) with a sensitivity of 89.2 

× 10−3 μA μM−1, and 0.018 ± 0.003 μM for Hg(II) with a sensitivity of 94.1 × 10−3 

μA μM−1, along with a fast response time (<1 s), good stability for 20 days, and 

satisfactory repeatability and reproducibility. The sensor was successfully applied 

to detect Pb(II) and Hg(II) in Cauvery River water samples, with results in good 

agreement with atomic absorption spectroscopy (AAS) data. 

While this technique is widely adopted, it has certain limitations. The selectivity of 

the sensor is difficult to control, and the current response from the sensor is solely 

attributed to the target analyte. In case of unexpected interference from the system, 

the signal may be enhanced or suppressed, and it is difficult to detect those changes 

from the sensor's response alone. To avoid such undesired events, extensive surface 

modification is required to ensure the sensor produces a response from the target 

analyte alone. Such surface modification can be cumbersome and expensive. 

Another electrochemical technique is anodic stripping voltammetry. In this 

technique, the surface of the electrode is preconcentrated with the target analyte 
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during a deposition step, and a stripping anodic potential is applied to oxidize the 

deposited metal back into the solution. The potential and the current are recorded as 

responses and are used to study the analyte. The characteristics of the response help 

identify useful information about the analyte and examine any undesired reaction if 

present. Therefore, this technique provides more information than amperometry. 

Guo et al.27 synthesized a novel sulfur-bridged thiacalixarene-based metal-organic 

framework (Co-TIC4R-I) and used it to modify a glassy carbon electrode for the 

simultaneous electrochemical detection multiple metal ions using square wave 

anodic stripping voltammetry (SWASV). The Co-TIC4R-I modified electrode 

exhibited wide linear ranges (0.10-17.00, 0.05-16.00, 0.05-10.00, and 0.80-15.00 

μM for Cd(II), Pb(II), Cu(II), and Hg(II), respectively), low detection limits 

(0.0067, 0.0027, 0.0064, and 0.0037 μM), good selectivity, reproducibility, and 

stability. Rajawat et al.28 developed a carbon paste electrode modified with 

nanocellulosic fibers (NCF-MCPE) for the ultra-trace determination of Cd(II) and 

Pb(II) in aqueous solution using differential pulse anodic stripping voltammetry 

(DPASV). Under optimized conditions of acetate buffer pH 5 as the accumulating 

solvent, 0.1 M HCl as the stripping medium, and a scan rate of 50 mV s-1, linear 

calibration ranges of 150-650 μg L-1 for Cd(II) and 80-300 μg L-1 for Pb(II) were 

obtained with detection limits of 88 μg L-1 and 33 μg L-1, respectively, after a 10 

min accumulation time. Keramari et al.29 used square wave anodic stripping 

voltammetry (SWASV) with a bismuth film-modified glassy carbon electrode and 
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a dsDNA-modified electrode to simultaneously determine multiple metal ions in 

soil samples. The bismuth film electrode achieved method quantification limits of 

0.91, 0.88, 1.1, and 0.88 mg/kg for Zn(II), Cd(II), Cu(II), and Pb(II) respectively, 

with precisions ranging from 8.2 to 10.4%, while the dsDNA-modified electrode 

allowed Cu(II)/Cu(I) speciation with a recovery of 91.7% Cu(I) and RSD of 8.7% 

in a certified reference soil. Jongte et al.30 developed a novel electrochemical 

sensor for simultaneous detection of Cd(II) and Pb(II) using differential pulse 

anodic stripping voltammetry with a glassy carbon electrode modified by Ag 

nanoparticle decorated silane-grafted bentonite. The sensor achieved detection 

limits of 0.79 µg L1- for Cd(II) and 0.88 µg L-1 for Pb(II), with recoveries of 93-

108% for Cd(II) and 99-113% for Pb(II) in real water samples.  

Although anodic stripping voltammetry is widely adopted, it also has certain 

limitations. Like amperometry, this technique also needs extensive surface 

modification for successful operation, which makes electrode fabrication difficult 

and expensive. There may be some undesired interferences from the system of the 

analyte that may be hard to detect, which affects the accuracy of the results.  

Another popular electrochemical technique is voltammetry. It is further sub-

classified into cyclic voltammetry, square wave voltammetry, and differential pulse 

voltammetry, which all perform very similar functions, only differing in the way 

the potential is ramped. In this technique, a potential ramp is applied to go from a 

starting potential to a final potential, and a reverse scan is applied to go back to the 
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initial potential. The rate at which the potential is changed is called the scan rate. 

The Faradaic current response, derived from the redox reaction in the system, is 

recorded as a function of potential. The results provide three vital pieces of 

information that can be used to study the analyte: the peak potential (or half-wave 

potential), the current intensity, and the shape of the cyclic voltammogram (CV). 

The shape of the CV can provide information on the reversibility of the redox 

reaction and the diffusion/adsorption behavior of the analyte. Therefore, this 

technique has been very effective for the detection of various analytes in aqueous 

samples. Lu et al.31 developed a nickel oxide nanoparticle-decorated carbonized 

eggshell membrane (NiO/c-ESM) electrode for the electrochemical detection of 

urea using square wave voltammetry (SWV). The 3D porous NiO/c-ESM 

nanocomposite provided abundant active sites and efficient electron transport, 

enabling sensitive urea sensing with a linear range of 0.05-2.5 mM, a sensitivity of 

0.462 μA mM-1 cm-2, and a low detection limit of ~20 μM. 

Sibit et al.32 developed a glassy carbon electrode modified with electropolymerized 

L-tyrosinamide for the electrochemical determination of Hg(II) ions using 

differential pulse anodic stripping voltammetry (DPASV). The poly(L-

tyrosinamide) modified electrode exhibited a wide linear range from 0.5 to 1800 

pM and a low limit of detection of 0.16 pM for Hg(II) detection. The sensor was 

successfully applied to measure Hg(II) in real river water and soil samples with 

recoveries between 99.2 and 105.2%. These voltammetry-based sensors show great 
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potential; however, there are certain limitations to this technique. This technique is 

limited to analytes that are electroactive species, which means that the analyte must 

undergo complex redox reactions in order to be detected. However, many analytes 

do not undergo redox reactions readily. Therefore, stringent electrode fabrications 

may be required to ensure that the analyte undergoes such redox reactions in the 

host environment. This makes the electrode fabrication process cumbersome and 

expensive.  

Another electrochemical technique is electrochemical impedance spectroscopy. 

While all the above-discussed methods use direct current to detect the target 

analyte, EIS uses a sinusoidal alternating potential to probe the impedance of an 

electrochemical system over a range of frequencies. In such a system, the ions in 

the aqueous solution create an effect that is equivalent to combinations of resistors 

and capacitors, which induce impedance at zero phase shift and non-zero phase 

shift into the system. The impedance is measured as a complex quantity with real 

(resistive) and imaginary (capacitive) components, often represented as a Nyquist 

plot. The underlying principle of EIS is more advanced than the traditional 

electrochemical methods that use direct current and can provide more insights and 

information occurring at the electrode-electrolyte interface such as charge transfer, 

diffusion, and adsorption. Avuthu et al.33 developed a fully screen printed three 

electrode electrochemical sensor on a flexible PET substrate for the detection of 

toxic heavy metal ions. Using electrochemical impedance spectroscopy (EIS), they 
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demonstrated highly sensitive detection of Pb(II) and Cd(II) ions, achieving a low 

detection limit of 1 nM for both analytes, which is several orders of magnitude 

below the FDA limit. The sensor showed an 18% and 52% change in impedance 

for 1 nM and 1 μM concentrations of Pb(NO3)2 respectively, compared to DI water. 

Wei et al.34 reported an electrochemical impedance spectroscopy method for the 

ultrasensitive and ultraselective detection of Cr(VI) using a self-assembled 

monolayer of azacrown on gold electrodes. By exploiting the high affinity and 

specific binding of the azacrown to HCrO4- at pH 5.0, which hinders electron 

transfer, they achieved a detection limit of 0.0014 ppb Cr(VI) with a sensitivity of 

4575.28 kΩ [log c (ppb)]−1 over the linear range of 1−100 ppb. The azacrown 

modified electrode showed good selectivity for Cr(VI) with low interferences. 

Although EIS is an advanced electrochemical technique, it involves complex 

reactions and is an expensive instrument with which to perform accurate 

measurements. It also provides a lot more information than just the qualitative and 

quantitative analysis of the analyte and thus is not ideal for making a cost-effective, 

easy-to-use sensor. 

 

The electrochemical techniques mentioned above require the target analyte to 

undergo complex redox reactions, thus limiting the application to electroactive 

species. In this light, electrochemistry at the liquid-liquid interface has emerged as 

an attractive branch of electrochemistry. One such technique is called ion transfer 
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at the interface between two immiscible electrolyte solutions. The principle of this 

technique is that a potential can be applied to two immiscible electrolyte solutions 

and the potential difference will drive the ion transfer from one phase to the other 

phase. In most cases, the metal ions are in the aqueous phase, while an ionophore is 

added to the organic phase to facilitate the ion transfer from the aqueous phase at a 

lower potential by lowering the energy barrier for the ion transfer, which is dictated 

by the Gibbs free energy. This technique was first developed by Koryta et al.35 and 

was initially used to study the transfer of biological molecules across the 

immiscible interface. Later, this technique was employed for kinetic studies of 

many other analytes, including metals36–40. Bingol37 et al. investigated the assisted 

transfer of heavy metal ions, particularly Cd(II), across the water/1,2-

dichloroethane interface using cyclic voltammetry and 4'-morpholinoacetophenone-

4-phenyl-3-thiosemicarbazone (MAPPT) as the ligand. They determined that the 

assisted transfer of Cd(II) occurs via a quasi-reversible process following the 

transfer by interfacial complexation (TIC) mechanism, with a 1:3 (metal:ligand) 

stoichiometry and an association constant of log β = 15.46 ± 0.11. The authors also 

examined the assisted transfer of other heavy metal ions like Pb(II), Hg(II), Cu(II), 

and Zn(II), observing varying degrees of reversibility and transfer characteristics. 

Benvidi et al.38 investigated the facilitated transfer of Cd(II) across a water/1,2-

dichloroethane microinterface using cyclic voltammetry at a 25 μm diameter 

micropipette electrode, with 1,10-phenanthroline (phen) as the complexing agent. 
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They determined that Cd(II) forms a 1:3 complex with phen, with a formation 

constant of 3.9 x 1029. The authors calculated diffusion coefficients for Cd(II) in 

water (6.5 x 10-6 cm2 s-1), phen in DCE (5.8 x 10-6 cm2 s-1), and the Cd-phen. 

complex in DCE (5.1 x 10-6 cm2 s-1) using voltammetric data. 

While these studies used larger interfaces (in the µm range), Rodgers et al.41 

performed various kinetic studies on ion transfer at liquid-liquid interface and 

concluded that a macropipet (internal diameter in the µm range) produces a linear 

diffusion whereas a nanopipet (internal diameter in the nm range) produces a 

hemispherical diffusion. Linear diffusion is when the influx of fluid flow follows a 

linear profile with some negligible end effects, while a hemispherical diffusion is 

when the end effects are so large that the influx of fluid follows a hemispherical 

pattern. Hemispherical diffusion provides a high mass transfer rate, which produces 

a sigmoidal response that is essential for fast kinetic measurements. Sigmoidal 

response avoids the effect of ohmic resistance and capacitive currents, which helps 

it overcome the significant interference from the matrix in which the target analyte 

is present.  

Chen et al.42 synthesized a novel tris(crown ether) ionophore, TCEI, and 

investigated its performance for the electrochemical detection of potassium ions 

using nanointerfaces between two immiscible electrolyte solutions (nanoITIES). 

The researchers employed cyclic voltammetry and differential pulse stripping 

voltammetry at nanopipette electrodes with radii of approximately 100 nm to study 
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the facilitated ion transfer of K+ across the water-1,2-dichloroethane interface. They 

demonstrated that TCEI exhibited superior selectivity for K+ over Na+ compared to 

conventional crown ether ionophores, achieving a detection limit of 0.8 μM for K+ 

and a linear response range from 1 to 100 μM, showcasing the potential of this 

novel ionophore for potassium sensing applications. 

 

The fact that ITIES does not require the target analyte to undergo complex redox 

reactions and that this method detects the analyte using a simple ion transfer 

principle makes the electrode fabrication and instrumentation cost effective. The 

hemispherical diffusion ensures that the matrix effect is minimized, making this 

technique ideal for developing field electrodes. Furthermore, this technique does 

not require extensive sample pretreatment steps, which can alter the speciation of 

the metal, which is a crucial parameter in determining the toxicity of the metal. 

This technique is capable of delivering accurate information on metal speciation 

and involves a relatively simple and cost effective electrode fabrication step. 

Therefore, this study is dedicated to increasing our understanding of ITIES and 

expanding the realms of ITIES for the detection of heavy metal ions in aqueous 

samples. 

1.4 Literature Gap 

Many studies have reported the use of ITIES as an effective tool for the detection 

of a variety of analytes, including heavy metal ions. However, the reported studies 
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at micro-ITIES and nano-ITIES were performed in simple matrices where the metal 

of interest exists primarily in the unbound state. To the best of our knowledge, no 

studies have reported using ITIES to detect metals in the bound state. This is of 

great interest because metals are found in numerous bound forms with naturally 

present complexing agents in biological and environmental samples. Studying the 

response of an ITIES sensor toward heavy metals in a bound state will provide 

valuable information on the feasibility of the electrochemical technique in 

developing a fast and reliable sensor. 

 

Furthermore, many studies designed for metal ion detection face significant 

challenges in mitigating the interfering effects of other ions that are predominantly 

present in the aqueous sample of interest. This is of significance as there are many 

potentially interfering ions that are abundant in environmental and biological 

samples, which may affect the performance of the sensor. Studying the effect of 

such ions in excess during the detection of a target analyte will provide insights 

into the robustness of the sensor for practical applications. Furthermore, many 

electrochemical studies develop multi-bore working electrodes to detect multiple 

analytes. While this method is broadly used, the fabrication of a double-bore 

electrode involves great difficulty and includes significant cross-talk or interaction 

between the two channels, which may reduce the accuracy of the sensor. Therefore, 

a simple single-bore configuration that is easy to fabricate must be developed and 
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studied to mitigate the challenges faced during multi-analyte detection.  

 

There have been many electrochemical sensors that represent their result in the 

form of a CV. Although the peak potential and peak intensity can be quantified, 

there is no scientific method to quantify the shape of the CV. Due to sensor drift 

and other factors, it is challenging to differentiate the electrochemical response 

emerging from different metal ions that have small separations in their half-wave 

potential. Thus, the shape of the CV is a valuable characteristic feature for 

identifying the analyte and differentiating it from other analytes. Although these 

CVs can be easily analyzed by experts in the field, it is challenging for a nonexpert 

to look at and analyze these plots. Therefore, developing a smart method to analyze 

them will greatly improve the user-friendliness of such sensors. 

1.5 Research Objectives 

Based on the literature gap and extensive literature review, this dissertation was 

designed with three primary research objectives. 

i. InvesƟgaƟon of the performance of an ITIES sensor in various complex 

matrices 

For this objective, the ITIES sensor will be characterized in various complex 

matrices like artificial seawater, tris buffer solution, and phosphate buffer solution 

for the detection of Cd(II) ions. Then, the performance of the sensor will be 
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examined when Cd(II) is initially bound with chelating agents such as 

ethylenediaminetetraacetic acid (EDTA), 2,3-dimercaptosuccinic acid (DMSA), 

diethylenetriaminepentaacetic acid, (DTPA), and nitrilotriacetic acid (NTA). The 

sensor will then be used to detect dissolved Cd(II) ions in environmental water 

samples, and the result will be compared to the one reported using ICP-MS, which 

is the gold standard for the detection of metal ions in aqueous samples.  

ii. Develop a simplified ITIES configuraƟon for the simultaneous detecƟon of 

metal ions in aqueous system 

In this objective, we will examine a unique single bore single ionophore 

configuration for simultaneous detection of Cd(II) and Ca(II) ions in artificial blood 

and artificial urine. This study will incorporate preparing artificial urine using a 

comprehensive recipe to emulate a real human environment and preparing artificial 

blood by synthesizing artificial red blood cells (RBCs) and platelets. The 

concentration of Ca(II) will be in excess (at least 6.25 times) compared to that of 

Cd(II) ions, and the concentration of Ca(II) will represent the physiological 

concentration (2.5 mM). The ITIES sensor will then be used to examine the effect 

of a well-known chelating agent, EDTA disodium, on the detection of Cd(II) ions. 

iii. Develop AI architectures to study the electrochemical response of ITIES 

sensors for the detecƟon of Cd(II) and Cu(II) ions 
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In this objective, we will develop AI architectures like convolution neural network 

(CNN) and artificial neural network (ANN) to analyze the characteristic response 

from the ITIES sensor. CNN will be used to differentiate the good CVs from the 

not-good CVs, and then it will be employed to identify Cd(II) apart from Cu(II). 

CNN will also be used to differentiate between different imperfections in CVs, 

such as noisy, cross, adsorptive, etc. The ANN will then be used to quantify the 

concentration of both the analytes. 

1.6 Research Significance 

The study of ITIES in complex matrices in the first objective will evaluate the 

technology readiness level (TRL) of ITIES for heavy metal detection in complex 

and environmental samples. This is the first-time heavy metal detection has been 

performed on both complex and environmental samples using ITIES. The study of 

the electrochemical response of the sensor in the presence of strong ligands will 

increase our understanding of the strength of our sensor in detecting heavy metal 

ions in a bound state. Further, the comparison of the analysis of environmental 

samples with ITIES against the gold standard, ICP-MS, will be a huge step forward 

in increasing the reputation of ITIES as a powerful electroanalytical tool for 

environmental sample analysis. This objective seeks to widen the possibilities and 

the reach of electrochemistry at the liquid-liquid interface in developing analytical 

tools for real-world applications.  

The development of a simplified configuration with ITIES to detect both target and 
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prominent interfering ions will give us valuable insights into the practical 

applicability of the sensor in real-world situations. It will expand our knowledge 

and understanding of the performance of the sensor in complex media with in situ 

interfering ions (Ca(II)). This objective will help us understand the response of 

ITIES sensor to a combination of metal ions and examine if the presence of one ion 

has an impact on another. It will also give us clarity on how the electrochemical 

signal will be affected and if the response of the primary analyte will be affected by 

the presence of interfering ions in excess. This study will shed light on the effect of 

chelation therapy as a viable medical remedy for early-stage Cd(II) poisoning.  

The development of AI models to further study and evaluate the CVs from an 

ITIES experiment will help us make the sensor more user-friendly. It will vastly 

help untrained individuals operate the sensor without needing to have an 

electrochemical background to make informed decisions. This is the first study to 

develop CNN models to understand various imperfections in a CV and identify the 

imperfect CVs from the good ones. The CNN model can also differentiate between 

Cd(II) and Cu(II) CVs, using the shape of the CV alone, and it is the first time a 

scientific method has been developed to exploit the unique shape associated with 

each analyte for their identification. The ANN model will then be employed to 

predict the concentration of each analyte based on the electrochemical signal. The 

ANN model, with proper training, can be effective in handling baseline shifts and 

plateau potential current alignments, thus providing accurate results. Overall, the 
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integration of ITIES with AI will enable us to make the sensors more user-friendly 

and deployable for on-field applications in the hands of non-experts. 

Chapter 2 

Electrochemical Detection of Cd(II) Ions in Complex 

Matrices with Nanopipets 

This dissertation chapter content covers research objective i. It was published in the 

journal of Royal Chemical Society Advances. Authors: Muzammil M. N. Ahmed, 

Faieza S. Bodowara, Wendy Zhou, Juliana F. Penteado, Jessica L. Smeltz and 

Pavithra Pathirathna*  

*Corresponding Author: Pavithra Pathirathna (ppathirathna@fit.edu); 150 W. 

University Blvd, Melbourne, FL 32904 

Abstract 

Heavy metal contamination and its detrimental health effects are a growing concern 

globally. Several metal mitigation systems and regulatory approaches have been 

implemented to minimize the negative impacts on human health. However, none of 

these function at maximum efficiency, mainly due to the lack of accurate 

information about metal speciation. Therefore, there is a critical need to develop 

novel, cheap, efficient, and robust metal detecting sensors. In this study, we 

describe the application of a nanopipet based electrochemical sensor to detect 

aqueous Cd(II) ions. The inner radius of our nanopipets is ~300 nm, and the 
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fundamental mechanism behind our sensor's response is ion transfer between two 

immiscible electrolyte solutions (ITIES). The absence of redox behavior makes 

ITIES an excellent, attractive electrochemical tool to study various ions in aqueous 

solutions. In this study, we used 1,10-phenanthroline as our ionophore in the 

organic phase (dichloroethane) to facilitate the transfer of Cd(II) ions from the 

polar aqueous phase to the less polar organic phase. Unlike previous studies, we 

characterized our nanopipet in complicated matrices, including, but not limited to, 

tris buffer and artificial seawater. We performed quantitative assessments to 

determine our sensor's limit of detection, stability, sensitivity, and selectivity. We 

further show that our nanosensor can detect free Cd(II) ions in the presence of 

strong complexing agents such as ethylenediaminetetraacetic acid, 2,3-

dimercaptosuccinic acid, etc. We quantified the concentration of free Cd(II) ions in 

a water sample collected from a local lagoon. Thus, we showcased the power of our 

nanopipets to act as a robust, accurate, and efficient speciation sensor to detect 

Cd(II) ions in environmental samples. 

2.1. Introduction 

Exposure to heavy metals is a global health concern that results in various 

deleterious and harmful effects. Thus, regulation agencies such as the World Health 

Organization and Environmental Protection Agency43 have determined permissible 

levels of heavy metals in drinking water, food, paint, and other sources, to ensure 

regulation in the environment, therefore minimizing human exposure. Among 
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different toxic metal ions, Cd(II) is a highly poisonous heavy metal largely present 

in industrial effluents. Anthropogenic Cd(II) sources include nickel-cadmium 

batteries, cigarettes, electroplating, and paints. Despite the rapid increase of Cd(II) 

usage across the globe, there is no efficient recycling method for Cd-containing 

compounds; thus, humans are at a high risk of exposure to Cd(II) via multiple 

sources. Accumulation of Cd(II) in the human body can cause a variety of 

detrimental health hazards, such as cell proliferation, apoptosis, chromosomal 

mutations, and damage to vital organs, including the kidneys, lungs, and liver44,45. 

Traditionally, metal analysis has been primarily performed with non-

electrochemical techniques such as spectroscopy13,14 chromatography15,16 and 

colorimetry17. Although these tools are compelling, they are not well-suited for on-

site measurements due to the sophisticated, physically large instruments, extensive 

labor, and analysis time. In contrast, electrochemical techniques offer an excellent 

platform for real time in situ metal analysis. These utilize small, robust, cheap 

electrodes that non-experts can easily handle, in addition to having faster response 

times. Chen et al. designed a novel electrochemical sensor by depositing BiSn 

nanoparticles on a glassy carbon electrode (GCE) to detect Cd(II) using differential 

pulse stripping voltammetry46. Because the authors increased the surface area by 

integrating nanoparticles onto the carbon surface, they achieved an excellent limit 

of detection (LOD). Abdallah and colleagues recently developed another GCE-

based electrode by depositing ion-imprinted polymer47. Using anodic stripping 
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voltammetry, the authors detected Cd(II) in biological samples. However, 

conventional electrochemical techniques such as cyclic voltammetry, anodic 

stripping voltammetry, and linear sweep voltammetry require the target analyte to 

easily undergo the oxidation-reduction process. Furthermore, they often need 

complicated fabrication processes, thus limiting the versatility of these applications. 

In this respect, electrochemistry at the liquid-liquid interface has emerged in recent 

decades as an active branch of electroanalytical chemistry. An ionophore is 

typically added to the organic phase to facilitate the ion transfer across the water–

organic interface in the presence of an applied external voltage. While most 

researchers take advantage of ion transfer at the interface between two immiscible 

electrolyte solutions (ITIES) to study more complicated biological molecules such 

as proteins, few have reported studies with simple yet toxic metal ions40. Wilke and 

Wang reported a thermodynamic study of Cd(II), Cu(II), and Pb(II) ion transfer 

across a water/nitrobenzene interface using ETH1062 as the ionophore with 

microITIES36. Benvidi et al. characterized Cd(II) transfer across water/1,2 

dichloroethane (DCE) using a different microITIES geometry in the presence of 

1,10-phenanthroline (phen)38. In contrast to microITIES, Bingol and Atalay studied 

the transfer mechanism of Cd(II) ions across an interfacial area of 0.27 cm2 in the 

presence of a neutral ionophore 40-morpholinoacetophenone-4- phenyl-3-

thiosemicarbazone37. Lee et al. described a detailed study on Cu(II) ion transfer 

across water/1,2-DCE with picolinamide-phenylenevinylene39. These studies 
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employed an interface of ~20–30 mm or above between the aqueous and organic 

phases, revealing exciting findings. Nano-ITIES show superior electrochemical 

performances over micro-ITIES, leading to enhanced mass transport and low ohmic 

drop. More recently, Chen et al. introduced a new tris(crown ether) ionophore for 

the assisted ion transfer of metal ions at nano-ITIES42. These reported studies at 

micro-ITIES and nano-ITIES were performed in simple matrices where the metal 

of interest exists primarily in the unbound state. 

More precisely, metals are found in numerous bound forms with naturally present 

complexing agents in biological and environmental samples. In this work, we 

utilized a nano-ITIES-based electrochemical sensor to detect free Cd(II) ions in 

intricate matrices where Cd(II) is initially bound with strong chelating agents 

including, but not limited to, ethylenediaminetetraacetic acid (EDTA), 2,3-

dimercaptosuccinic acid (DMSA), and diethylenetriaminepentaacetic acid, 

(DTPA). We first characterized our nano electrochemical sensor in KCl and then in 

a more complex matrix resembling artificial seawater (ASW). We incorporated 

phen as the ionophore in our sensor as it shows the best sensitivity among all the 

reported ionophores for Cd(II) detection with ITIES38. Furthermore, we quantified 

the dissolved Cd(II) ions in a water sample collected from the Indian River Lagoon, 

Melbourne, FL. To the best of our knowledge, this is the first time anyone has 

reported the use of nano-ITIES-based electrochemical sensors to study the 

speciation of Cd(II) in a complex matrix and actual environmental samples. This 
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study provides excellent insights into future applications of nano-ITIES 

electrochemical sensors, particularly in detecting heavy metals in environmental 

and biological samples as implantable sensors. 

2.2. Materials and Methodology 

Chemicals 

All chemicals were purchased from Sigma-Aldrich (St. Louis, MO) unless 

otherwise specified. CdCl2 was used as the Cd(II) source. Cd(II) solutions were 

prepared in different matrices, including KCl (0.3 M), ASW, TRIS buffer, and 

phosphate buffer solution (PBS). TRIS buffer was composed of tris hydrochloride 

(15 mM), NaCl (140 mM), KCl (3.25 mM), CaCl2 (1.2 mM), NaH2PO4 (1.25 mM), 

MgCl2 (1.2 mM), and Na2SO4 (2.0 mM) at pH 7.4. The composition of ASW was 

NaCl (402 mM), MgCl2 (48 mM), Na2SO4 (26 mM), and HEPES (10 mM) at pH 

7.0. EDTA, DMSA, DTPA, and nitrilotriacetic acid (NTA) were used as model 

ligands to prepare Cd(II)–ligand samples by mixing Cd(II) and ligand in a 1:1 ratio 

in ASW at pH 7. CuSO4
.5H2O, Fe(NO3)3

.9H2O, FeSO4
.7H2O, Ni(NO3)2

.6H2O, 

Co(OOCCH3)2
.4H2O, CaCO3, MgCl2

.6H2O, and PbCl2 were used as the sources for 

the selectivity test in KCl. 

Electrode fabrication 
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Borosilicate glass capillaries (O.D. ¼ 1.0 mm, I.D. ¼ 0.58 mm, Sutter Instruments, 

CA, USA) were pulled using a P-2000 laser puller (Sutter Instruments, CA, USA) 

to obtain nanopipets with a tip diameter of ~600 nm. Nanopipets were imaged with 

a scanning electrochemical microscope, JEOL JSM-6380LV (JEOL Ltd, Tokyo, 

Japan), to accurately measure the pipet tip diameter (Fig. S1). The inner walls of 

the pulled pipets were silanized with chloromethylsilane prior to being filled with 

the organic phase. The silanization of glass pipettes is crucial48 in experiments 

where the organic phase is placed inside a glass pipette. The inner wall of the glass 

pipets is hydrophilic; thus, the outer aqueous phase penetrates inside the pipet and 

moves the organic phase upward from the tapered end, altering the electrochemical 

measurements. This issue is avoided by depositing a hydrophobic material such as 

chloromethylsilane on the inner walls of the glass pipets, hence making it more 

hydrophobic and resistive to aqueous solutions. Here, the pipets (maximum of 6 

pipets at once) were placed inside a desiccator connected to a vacuum pump. After 

a sufficient vacuum was established inside the desiccator, chlorotrimethyl silane 

(500 mL) was introduced for 30 min to 1 h. The silanization time varied depending 

on the relative humidity and the temperature of the surroundings. Silanized 

nanopipets were filled with the organic phase. The organic phase (dichloroethane) 

consisted of 10 mM 1,10-phenanthroline (phen) as the ionophore and 

tetradodecylammoniumtetrakis(pentafluorophenyl)borate (TDDATFAB, 0.1 M) as 

the electrolyte. TDDATFAB was synthesized as previously described49. 



 

26 

 

 

Electrochemical experiments 

All electrochemical experiments were conducted with a CHI660E potentiostat (CH 

Instruments, TX, USA) in a three-electrode system using a lab-built Ag/AgCl 

electrode as the reference electrode and a Pt wire (Alfa Aesar, MA, USA) as the 

counter electrode. Each experiment was conducted with at least 4 nanopipets in 

triplicate (at least 12 runs in total). 

2.3. Results and Discussion 

2.3.1 Cyclic voltammogram of Cd(II) at nano-ITIES 

Ion transfer across ITIES was first introduced by Koryta35. The fundamental 

mechanism of electrochemistry at ITIES is that ion transfer is ruled by the ion's 

Gibbs energy of transfer for a specific aqueous-organic solvent system. Further, 

ions (with z+ charge) are transferred across the interface by imposing a potential 

difference (using a potentiostat) greater than the Gibbs energy for transfer between 

the two phases (Eqn. (1)), and the resultant current can be measured as a function 

of applied potential. 

I(ୟ୯)
୸ା ⇌  I(org)  

        

୸ା                                                      (Eqn. 1)  
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I(ୟ୯)
୸ା +  L(୭୰୥) ⇌  [I − L](୭୰୥)

୸ା                    (Eqn. 2)  

When the Gibbs energy for ion transfer is too high (compared to that of the 

background electrolyte solution), the presence of a suitable ionophore, L, in the 

organic phase lowers the required applied energy via the external circuit by forming 

a stable metal–ionophore complex (Eqn. (2)). Moreover, the second approach, 

facilitated ion transfer, provides greater selectivity for a particular target ion in the 

presence of a mixture of other ions. The steady-state current, id, obtained for ion 

transfer at nanoITIES formed at the tip of a nanopipette can be equated as follows 

(Eqn. (3)), 

iୢ = 4xzFDCr                                          (Eqn. 3)  

where z is the charge of the analyte, C is the concentration, D is the diffusion 

coefficient in the phase of origin, r is the radius of the pipette, x is a parameter that 

accounts for the thickness of the glass wall, and F is the Faraday constant. 
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Figure 1 Yellowish-green trace is a representative CV of Cd(II) transfer and between 
water and DCE at 10 mV s-1. Aqueous phase: 400 µM Cd(II) in 0.3 M KCl. Organic phase: 
10 mM phen and 0.1 M TDDATFAB. 

Before moving into more complicated matrices, we tested our nanopipet ITIES 

sensor with Cd(II) dissolved in a simple electrolyte solution, KCl. Upon optimizing 

the potential window for the detection of Cd(II), we didn't observe any cyclic 

voltammograms (CV) in the absence of phen (data not shown here). We obtained a 

sigmoidal-shaped CV with an E1/2 value of -0.46 V after adding excess phen to the 

organic phase (Fig. 1). Since the preliminary work by Koryta,35 it was well 

established that the presence of ionophore in the organic phase lowers the solvation 

energy of the hydrophilic metal ions, subsequently reducing the Gibbs energy for 

the transfer across ITIES, resulting in a CV at a less negative potential. Conversely, 

in the absence of such an ionophore, the transfer energy of metal ions surpasses or 
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overlaps with the energy of the ions in the background electrolyte; hence a well-

resolved CV is not obtainable. 

Different mass transport mechanisms at nano-ITIES define the shapes of both the 

forward and backward waves in a CV. In general, when excess ionophore is present 

in the inner organic solution and a simple ion is present in the outer aqueous 

solution, ingress transfer is controlled by hemispherical diffusion; thus, a steady-

state sigmoidal forward wave results41. Subsequently, the egress transfer of the ions 

or ion– ionophore complexes from the inner solution to the outer solution is 

controlled by linear diffusion; hence, a peak-shaped backward wave results38. 

However, in more recent studies, steady-state sigmoidal CVs for both ingress and 

egress transfer at micropipet and nanopipet ITIES have been reported42,50 similar to 

our CV shown in Fig. 1. The lack of a peak on the backward wave is due to the 

steady-state nonlinear mass transport in the inner solution as a result of the unique 

tip geometry of the glass pipet. Rodgers and Amemiya used finite elemental 

simulations to show that the steady-state sigmoidal wave could be achieved for 

egress transfer with a small tip inner angle at tapered glass pipets.41 Establishing a 

mass-transport controlled steady-state voltammogram at nano-ITIES is very 

important, particularly in studying the kinetics of ion transfer. We found Cd(II)'s 
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diffusion coefficient in the aqueous phase to be 8.8(±0.4) × 10-6 cm2 s-1, which is in 

close agreement with the literature reported values38,51. 

 

 

Figure 2  Green trace is a representative CV of Cd(II) transfer between water and DCE at 
10 mV s-1. Aqueous phase: 400 µM Cd(II) in ASW buffer, Organic phase: 10 mM phen 
and 0.1 M TDDATFAB. 

We then tested our sensors in three different buffer solutions at pH 7; TRIS buffer 

(resembles artificial cerebellum fluid), PBS (Fig. S2 and S3), and a buffer solution 

designed to mimic the composition of seawater50 (Fig. 2). Among all three buffer 

solutions, the steady-state current we obtained in ASW is most similar to that in 
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KCl; thus, the D in ASW, 8.5(±0.2) × 10-6 cm2 s-1, is within experimental error of 

the D in KCl. As predicted for the PBS solution, we obtained a low Cd(II) transfer 

response. We attribute this mainly to the formation of an insoluble Cd-phosphate 

complex. Furthermore, nanoscopic particles of this insoluble complex can interfere 

with our nano-ITIES, thus blocking the passage for Cd(II) transfer. Response in 

TRIS buffer was not as low as in PBS; however, it wasn't as high as in KCl or 

ASW, resulting in a lower diffusion coefficient, 4.5×10-6 cm2 s-1. Moreover, we 

observed a relatively larger background current in the TRIS buffer, presumably due 

to the transfer of its background electrolyte ions. 

2.3.2 Calibration, stability, and selectivity 

We performed calibration studies in KCl, tris buffer (Fig. S5 and S6), and ASW 

(Fig. 3) to find the sensitivity and LOD of our nanopipets. As seen in Fig. 4, the 

sensitivity in ASW was 0.127 pA mM-1 whereas in KCl, it was 0.162 pA mM-1 

(Fig. S5). Although there is a notable change in the solution composition, the 

sensitivities are not drastically different; thus, the matrix effect from ASW on our 

sensor's performance is negligible. However, we noticed the sensitivity in TRIS 

buffer was much lower (0.085 pA mM-1) compared to the other two solutions; 1.5 

times and 2 times lower compared to ASW and KCl, respectively. Furthermore, 

LOD in both KCl and ASW was 5 mM (0.56 ppm), whereas, in TRIS buffer, it was 

10 mM (1.12 ppm). Moreover, a relatively high background current was obtained 

in TRIS buffer (Fig. S6). We ascribe the higher LOD and reduced sensitivity in 
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TRIS to its solution composition that yields a high background current. Moreover, 

studies have reported that Cd(II) makes strong complexes with TRIS52. Thus, 

removing some free Cd(II) ions in the solution subsequently decreases the 

measured current in our potential window. Based on these results, we performed 

most of our experiments in ASW, thus making our sensor the first nano- pipet 

based electrochemical sensor that can detect Cd(II) in complicated matrices. 

Previously reported ITIES based studies were performed with macropipets or 

macro ITIES36–38 in a simple electrolyte solution composed of one salt. 

Furthermore, these studies are primarily focused on theoretical aspects compared to 

applications of these sensors to aid in solving real-world problems; thus, no 

calibration studies were performed, nor was LOD reported. Conversely, our 

primary goal was to determine whether this sensor could be utilized to detect Cd(II) 

samples first in environmental samples and then in biological samples. 
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Figure 3  Calibration curve in ASW for Cd(II) transfer. Aqueous phase: x mM Cd(II) in 
ASW buffer, where x= 5, 10, 50, 100, 200 and 400. Organic phase: 10 mM phen and 0.1 M 
TDDATFAB. 

 

 

Figure 4 Left: representative CVs for different concentrations of Cd(II) transfer in ASW. 
Right: current vs. time (i–t) traces for each concentration. 
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We tested the stability of our sensor amperometrically by holding each nanopipet at 

the plateau potential. Although the actual measurement requires only a few 

seconds, as seen in Fig. 4, the current was stable for over a minute. Maintaining a 

constant current at nano-ITIES is often challenging, mainly due to fouling that 

occurs from the adsorption of nanoscopic particles at the ultra-small interface. Our 

finding showcases the robustness of our sensor to overcome that obstacle, thus 

making it an excellent tool for real sample analysis. Moreover, our data is in good 

agreement with a similar study performed by Colombo et al.; hence, validating our 

sensor's stability50. We also assessed the selectivity of our nanopipet towards Cd(II) 

ions over some potential interfering ions; Co(II), Fe(II), Fe(III), Ni(II), Pb(II), 

Ca(II), Cu(II), and Mg(II) (Fig. S7). 

Here, we tested each individual ion (400 mM; upper limit of our linear range) in 

KCl using phen (10 mM). Although it is known that phen is not selective only for 

Cd(II) ions,53 the rationale for this experiment was that E1/2 for each metal ion 

would be unique; therefore, it is still possible to distinguish Cd(II) ions from other 

ions. Interestingly, only Cu(II), Ca(II), and Pb(II) resulted in quasi-steady state 

CVs. However, all three metal ions showed a significantly lower current and high 

negative E1/2 compared to Cd(II), see Figure 37. Other metal ions didn't 

significantly respond within the potential limit we tested for Cd(II). This is an 

exciting finding as our nanopipet can differentiate Cd(II) with appreciable 

selectivity even using a non-selective ionophore. 
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2.3.3 Cd(II)–ligand complexes 

Metals in environmental samples exist in complex forms with naturally present 

ligands, thus lowering the concentration of free metal ions. However, free metal 

ions are readily accessible for chemical reactions and therefore are more 

responsible for toxicity. Hence, it is vital to detect free metal ions in a system 

compared to bound metal ions. Before we tested our nanopipets with natural water 

samples, we performed a pilot study to verify our sensor's ability to detect free 

Cd(II) ions in the presence of known ligands. We chose EDTA, DTPA, DMSA, 

and NTA as four model ligands. These were chosen based on their usage as Cd(II) 

detoxifying agents in the medical field. These ligands have been tested for their 

efficacy by several research groups, primarily to administer them to remove 

ingested Cd(II) from the body54–58.We first mixed Cd(II) and each ligand in 1:1 

molar ratio in ASW and let the mixtures equilibrate for ~24 h. Then we analyzed 

these samples with our nanopipets by running CV experiments. At pH 7, 

deprotonated forms59–61 of ligands exist as EDTA3-, DTPA3-, NTA3- and DMSA2-; 

thus, we expected to observe prominent CVs corresponding to [Cd–EDTA]-1, [Cd–

DTPA]-1, [Cd–NTA]-1 appearing with an increase in the negative current on the 

forward scan, and almost no CV for [Cd–DMSA]0 since the overall charge of the 

complex is zero at pH 7.0. However, as seen in Fig. 5, we observed quasi-steady-

state CVs for all four Cd–ligand mixtures resembling positively charged, free 

Cd(II) ions in ASW. We expanded our potential window beyond the limits shown 
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in Fig. 5 to observe any [Cd–ligand] complexes; however, no such feature was 

observed for any of these complexes (Fig. S8 in ESI†). 

 

Figure 5  Representative CVs obtained for Cd(II) ion transfer in the absence (green) and 
in the presence of EDTA (light blue), DTPA (yellow), NTA (dark purple), and DMSA 
(light purple) in ASW at pH 7.0. 

Furthermore, the current at the quasi-steady state is lower, and CVs are less steep 

than the CVs collected for Cd(II) in ASW. Interestingly, the E1/2 of all four samples 

shifted to higher negative potentials compared to that of Cd(II). Therefore, we 

attribute these CVs to free Cd(II) ions in equilibrium with Cd–ligand complexes. 

Lower current, less steepness, and higher E1/2 values are presumably due to the 

competition between the ligands and the applied potential. The presence of phen in 
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the organic phase will favor the movement of free Cd(II) ions to the organic phase, 

pulling more free Cd(II) ions from the Cd–ligand complex. Moreover, because 

Cd(II) ions are bound to ligands, the required energy for their ion transfer is higher 

than that in the absence of ligands; thus, E1/2 values are shifted more towards the 

high negative potentials. To the best of our knowledge, this is the first time 

reporting a Cd(II)–ligand study with an ITIES-based nanopipet. This is an exciting 

finding as it showcases the power of our sensor to identify free Cd(II) ions in the 

presence of strong complexing agents. 

2.3.4 Analysis of an environmental sample 

We tested a water sample obtained from the Indian River Lagoon, Melbourne, FL, 

with our nanopipets. Here, we quantified the concentration of Cd(II) ions in this 

water sample using the standard addition approach. We first let the river water 

sample settle for ~48 hours and removed debris by filtration. A series of Cd(II) 

concentrations were prepared by mixing a known volume of filtered river water 

sample with different concentrations of Cd(II) in ASW (see Table S6 for more 

details). The corresponding CVs were taken with at least 4 nanopipets, each with 

three runs. As depicted in Fig. 6, the average current for at least 12 replicates for 

each concentration was plotted against the concentration of Cd(II). The 

extrapolation of the graph yielded the concentration of Cd(II) in the analyte sample, 

and by adjusting the dilution factor, we found the concentration of Cd(II) in the 

Indian River Water Lagoon to be 0.27 ppm. 
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Figure 6  Plot between the concentration of Cd(II) ions added and the steady-state 
current. Inset shows where the graph meets the x-axis and thus, Cd(II) concentration in the 
analyte sample. 

Interestingly, our finding agrees well with the literature. Trefry and Trocine 

reported Cd(II) concentrations (0.62–0.26 ppm) at different locations in the 

lagoon62. Furthermore, the authors used inductively coupled plasma mass 

spectrometry as their analysis tool, thus confirming our sensor's great potential for 

use as an environmental monitoring tool.
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2.4. Conclusion 

In this paper, we described the use of a nanopipet-based electrochemical sensor to 

detect Cd(II) ions in aqueous samples. Our electrode is a borosilicate glass 

electrode with an inner radius of 300 nm. It follows a hemispherical diffusion 

regime, owing to its nanoscale interface that allows fast measurements. Phen was 

used to facilitate the Cd(II) transfer across the nano-interface. We performed 

ITIES-based cyclic voltammetry and amperometry experiments with our 

nanosensor in various matrices, including simple electrolytes like KCl and 

complicated buffer solutions such as artificial seawater and artificial cerebellum 

fluid. We also tested the strength of our sensor against other standard ligands such 

as EDTA, NTA, DTPA, and DMSA. We found out that our electrode shows 

excellent stability and can withstand complex matrices without fouling, an 

attractive feature of an exemplary sensor. We tested our sensor with Cd(II) 

dissolved in a water sample collected from the Indian River Lagoon, Melbourne, 

FL; thus, we showcase our sensor's power as an environmental monitoring tool. To 

the best of our knowledge, this is the first time reporting a glass electrode with a 

nanometer scale for Cd(II) detection in a natural environmental sample using 

ITIES. Our ultra-small electrode will enable us to study the kinetics of ion transfer 

across ITIES; thus, allowing us to modify the sensor to enhance the sensitivity and 

selectivity in our future studies. 
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Chapter 3 

Simplified Nano-ITIES System for Simultaneous Detection 

of Metal Ions in Aqueous Samples 

This dissertation content covers research objective ii. It is in preparation for 

publication in the journal of Applied Sciences. Authors: Muzammil M.N. Ahmed, 

Nishal M. Egodawaththa, Anthi Savvidou, Nasri Nesnas and Pavithra Pathirathna*  

*Corresponding Author: Pavithra Pathirathna (ppathirathna@fit.edu); 150 W. 

University Blvd, Melbourne, FL 32904 

Abstract 

Electrochemical sensors capable of trace metal detection in environmental samples 

are critically needed to assess exposure and prevent toxic effects. In our previous 

work, we developed a Cd(II) sensor capable of detecting trace amounts of Cd(II) in 

environmental samples using ion transfer between two immiscible electrolyte 

solutions (ITIES). The sensor showed exceptional performance that was on par 

with that of the ICP-MS. The development of ITIES technology toward the 

simultaneous detection of numerous metal ions will mark a significant 

advancement in the usefulness of the sensor and position it as a resourceful 

instrument for a range of uses, including environmental monitoring and biomedical 

diagnostics. In this work, we expand on our previous studies to create an 

electrochemical sensor that is reliable, fast and easy to fabricate for the 
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simultaneous quantitative and qualitative detection of metal ions, specifically 

Cd(II) and Ca(II), in complex matrices such artificial blood (AB) and artificial 

urine (MP-AU). In contrast to multi-bore arrangements, the suggested sensor uses a 

single-bore, single-ionophore configuration, which streamlines the fabrication 

process and lowers the number of variables, reducing uncertainty and the load for 

theoretical modeling. To determine the sensor's applicability for practical uses, its 

performance is assessed in intricate matrices like MP-AU and AB. Our sensor is 

characterized in the presence of EDTA calcium disodium(EDTA), a chelating 

agent, in AB, and the conditional stability constants in these intricate systems are 

evaluated. This study aims to develop a practical and efficient technique for 

simultaneous metal ion detection, especially in situations where Cd(II) monitoring 

is necessary. Faster and more accurate detection of metal ions in aqueous solutions 

is made possible by the straightforward single bore, single ionophore arrangement, 

which presents a viable substitute for more intricate sensing devices. This work 

advances the potential for ITIES to be utilized as a simultaneous metal ion 

detection technique in practical applications. 

3.1. Introduction 

Concerns about environmental heavy metal poisoning and its harmful 

consequences on human health are ever-increasing in the world. Cadmium is one of 

the most hazardous heavy metals and has been connected to a number of illnesses, 

including cancer, bone fragility, and kidney impairment63–66. The main industrial 
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pollutants that cause anthropogenic sources of environmental cadmium pollution 

are paints, batteries, electronic components, and waste from electroplating63–66. Due 

to the world's rapidly growing consumption of cadmium and the lack of effective 

cadmium recycling techniques, there is a significant risk that humans will be 

exposed to cadmium from a variety of sources67–69. When cadmium enters the 

human body, it tends to accumulate in soft tissues because of its poor excretion rate 

and long biological half-life (around 20–30 years)70. This build-up can cause 

detrimental health issues, especially in the liver and kidneys. Exposure to cadmium 

can result in proximal tubular dysfunction in the kidneys, which can induce 

glucosuria, aminoaciduria, and proteinuria1, while renal failure may develop as a 

result of glomerular damage71 brought on by prolonged exposure to cadmium. 

Hepatocyte necrosis and apoptosis are two signs of hepatocellular injury caused by 

cadmium buildup in the liver72. Furthermore, cadmium has been linked to the 

development of chronic liver disorders by inducing oxidative stress, inflammation, 

and fibrosis in the liver73. In addition, cadmium has been connected to a number of 

other health problems, such as osteoporosis, endocrine and reproductive toxicities, 

and several forms of cancer63. A number of neurodegenerative illnesses, such as 

Parkinson's and Alzheimer's, have also been linked to it because of its blood-brain 

barrier penetration74. The main pathway that people get exposed to cadmium is 

through their diet, especially in places where the soil and water are contaminated75. 

In order to lower the effects of cadmium poisoning and safeguard human health, 
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precise and effective techniques for monitoring cadmium levels in biological and 

environmental samples must be used. 

Several research groups have created Cd(II) monitoring devices for application in 

biological samples. Certain systems depend on biomarkers, like urine levels of β2-

microglobulin, to determine the extent of Cd(II) exposure in the body76,77. 

However, the reliability of such biomarkers as sole indicators of Cd(II) levels is 

questionable because their concentrations in urine can fluctuate due to various 

factors unrelated to Cd(II) exposure, potentially leading to misinterpretation of 

results. Elevated levels of β2-microglobulin in the urine, for example, have been 

linked to a number of illnesses, such as inflammatory disorders, cancer, and renal 

failure, making it difficult to interpret Cd(II) exposure solely based on this 

biomarker78. Thus, to guarantee an accurate assessment of Cd(II) levels in 

biological systems, biomarker-based techniques should be employed in conjunction 

with direct measurement techniques of Cd(II) in biological systems. Many sensors 

have been developed to detect Cd(II) for biological application. However, 

traditional techniques such as atomic absorption spectrometry13,79 and inductively 

coupled plasma mass spectrometry18,19 require expensive equipment and are 

difficult to operate, making them inaccessible to many. Moreover, the pretreatment 

steps involved in these techniques, such as acid digestion and extraction, limit real-

time detection and can alter metal speciation, which is a critical factor in 

determining metal toxicity. Metal speciation determines the uptake, transport, and 
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interaction of metals with biological molecules, which directly influences their 

toxicodynamics80–82. Therefore, for accurate toxicity assessment, it is important that 

the original speciation state is maintained. The need for low-cost, portable, and 

reliable sensors that can provide real-time information while preserving metal 

speciation has fueled the development of electrochemical sensors for detecting 

Cd(II) in aqueous solutions83–86. These sensors offer various advantages such as 

high sensitivity, selectivity, and the ability to perform on-site detection without any 

tedious sample pre-treatment procedures. Liao et al. developed a novel 

electrochemical sensor with a TiO2 nanocrystal fabricated glassy carbon electrode 

for the detection of Cd(II) and Pb(II) ions using SWASV2887. They concluded that 

by increasing the exposed percentage of the (001) facet, the sensitivity of the sensor 

toward the heavy metal ions increases, achieving a low limit of detection. Bi et al. 

developed a disposable electrochemical sensor using double-sided conductive 

carbon tape coated with a thin layer of gold as the working electrode for the 

stripping analysis of Cd(II) coupled with in situ electrodeposition of bismuth88. 

With an optimized gold sputtering time of just 10 seconds to retain the 

nanostructure of the carbon tape, the sensor achieved a low detection limit of 0.1 

μgL-1 for Cd(II) using differential pulse voltammetry (DPV). It was successfully 

applied for detecting Cd(II) in rice samples. Manring et al. developed a novel 

electrochemical sensor using gold nanoparticle-modified carbon-fiber 

microelectrodes for the detection of Cd(II) ions via fast-scan cyclic voltammetry74. 
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With optimized parameters, the sensor achieved a low detection limit of 0.01 μM 

(1.12 ppb) for Cd(II) and demonstrated excellent selectivity even in the presence of 

interfering metal ions such as Cu(II), Co(II), Mn(II) and Pb(II). However, 

conventional electrochemical techniques, such as cyclic voltammetry, anodic 

stripping voltammetry, and linear sweep voltammetry have certain limitations. 

These techniques typically require the target analyte to undergo facile oxidation-

reduction processes, which can restrict their use to electroactive species. Moreover, 

fabricating electrodes for these techniques often involves complex procedures, 

further limiting their versatility and widespread adoption. 

In this light, ion transfer in the interface of two immiscible electrolyte solutions 

(ITIES) has emerged as an aspiring branch of electroanalytical chemistry. This 

technique does not involve complex redox reactions in the system and relies on 

simple or assisted ion transfer. The addition of an ionophore to the organic phase 

allows for more selectivity and sensitivity while achieving assisted ion transfer37. 

Several studies have been performed using ITIES designed for both environmental 

and biological systems30–3636–40,42,89. Mastouri et al. developed a liquid-liquid 

micro interface array with micropores drilled by laser in polyimide membranes for 

the detection of cadmium ions using cyclic voltammetry and square wave 

voltammetry89. They demonstrated the perfect additivity of currents from 1 to 256 

micropores, independent of array geometry, and achieved a low limit of detection 

of 11 ppb (100 nM) for cadmium ions using a 64 micropore array. This study 
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illustrates a significant gain in sensitivity compared to a single micropore. Viada et 

al. developed a novel electroanalytical approach for the detection of 

perfluorooctanesulfonate (PFOS-) using differential pulse stripping voltammetry 

(DPSV) at an array of micro-interfaces between two immiscible electrolyte 

solutions (μITIES)90. By employing a 5-minute preconcentration step to accumulate 

PFOS- into the organic phase held within the μITIES array, they achieved a limit of 

detection of 0.03 nM (0.015 μg L-1). Lu et al. investigated the detection of ametryn, 

a model lipophilic herbicide, at a single micro-interface between two immiscible 

electrolyte solutions (μITIES) fabricated using a glass capillary91. They developed 

a two-step method involving accumulation of the neutral form of ametryn in the 

organic phase at open-circuit potential followed by AC voltammetry detection of 

the proton transfer assisted by ametryn, achieving a limit of detection of 0.2 μM in 

real river water samples. In our previous work, we developed a nanopipet-based 

electrochemical sensor with an inner radius of 300 nm for the detection of Cd(II) 

ions using cyclic voltammetry and amperometry at the interface between two 

immiscible electrolyte solutions (ITIES)92. Employing 1,10-phenanthroline as the 

ionophore in the organic phase (dichloroethane), we achieved a limit of detection of 

5 μM (0.56 ppm) for Cd(II) in complex matrices such as artificial seawater. We 

also quantified the dissolved Cd(II) concentration in an environmental water 

sample from the Indian River Lagoon to be 0.27 ppm, showcasing the sensor's 

potential for environmental monitoring applications. As an example of a study that 
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used ITIES for biological application, Iwai et al. developed a novel strategy for the 

electrochemical detection of γ-aminobutyric acid (GABA) at biological pH using 

nano-ITIES pipet electrodes with radii of 320-340 nm, fabricated by laser pulling 

of quartz capillaries93. By introducing octanoic acid to the organic phase, they 

enabled the detection of GABA, a zwitterion, via assisted ion transfer, achieving a 

limit of detection of 22.4 μM. However, the studies mentioned above do not 

characterize their sensors in a mixture of analytes and possible interfering ions. 

Among the limited attempts of co-detection of metals using ITIES, Mastouri et al. 

investigated the assisted transfer of Pb(II), Cd(II), and Zn(II) ions using a 

micropore drilled in polyimide plates as the working electrode and 8-

hydroxyquinoline as a ligand in the organic phase, employing cyclic voltammetry 

and square wave voltammetry techniques94. They achieved a limit of detection of 

0.2 ppm for lead, which is significant for monitoring heavy metals in industrial 

effluents. However, they conclude that co-detection leads to signal overlap without 

proper discrimination, leading to an overall combined response, which results in 

ambiguity in assigning the signal to individual analytes. 

Furthermore, many studies designed for metal ion detection face significant 

challenges in mitigating the interfering effects of Ca(II), a prominent ion in blood. 

This is of significance as Ca(II) is an abundant ion in environmental and biological 

samples95. In this study, for the first time, we propose a single-channel nano-ITIES-

based electrochemical sensor capable of distinctly detecting multiple ions in 
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aqueous solutions. We employ a simple single bore-single ionophore configuration 

and characterize our sensor in complex matrices such as artificial urine (AU) and 

artificial blood (AB). We use 1,10-phenanthroline as the ionophore in the organic 

phase as it shows affinity towards both Cd(II) and Ca(II)92 and demonstrate that our 

sensor is capable of producing unique signals for Cd(II) and Ca(II) when both are 

present in a mixture with Ca(II) in excess. This demonstrates the practical 

application of our sensor in biological samples in which the concentration of Ca(II) 

is always sufficiently larger than Cd(II). We further characterize the performance of 

our sensor in the presence of chelating agents such as EDTA calcium disodium 

(EDTA) in AB. We calculated the conditional stability constant of Cd-EDTA in 

AB. The proposed configuration in this study will simplify the simultaneous ion 

detection process and reduce the number of variables, thereby minimizing 

uncertainties and making theoretical modeling more straightforward, and it shows 

great potential to be employed in biological samples. 

3.2. Materials and Methodology 

Chemicals 

Unless otherwise specified, all chemicals were purchased from Sigma-Aldrich (St. 

Louis, MO). CdCl2 was used as the Cd(II) source. Cd(II) solutions were prepared in 

artificial urine and artificial blood. CaCl2 at physiological concentration was used 

as the interfering ion while detecting Cd(II) in artificial blood. EDTA was 
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purchased from Sigma Aldrich and used as a model ligand to prepare Cd(II)–ligand 

samples by mixing Cd(II) and EDTA in a 1:1 ratio in AB at pH 7.4  

Preparation of artificial urine 

The artificial urine used for this study was prepared according to the procedure 

described by Sarigul et al.96. The ingredients are listed in Table 1. The components 

were dissolved in deionized water and stirred using a magnetic stirrer. 

Table 1  Ingredients of Artificial Urine 

Components Molarity (mM) 

Na2SO4 11.965 

C5H4N4O3 1.487 

Na3C6H5O7.2H2O 2.450 

C4H7N3O 7.791 

CH4N2O 249.750 

KCl 30.953 

NaCl 30.053 

CaCl2 1.663 

NH4Cl 23.667 

K2C2O4
.H2O 0.19 

MgSO4
 .7H2O 4.389 

NaH2PO4
 .2H2O 18.667 

Na2HPO4
 .2H2O 4.667 
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Preparation of artificial blood 

The artificial blood used for this study was prepared according to the procedure 

described by Li et al.97. 

 

Figure 7  Representation of synthesis of artificial blood a) step by step mechanism of 
polymerization leading to PSt-OEDA seed b) Explore the graphical depiction of ABS 
formation and, Scanning Electron Microscopy (SEM) images, showcasing the emergence 
of Artificial Blood (AB) particles in sizes ranging from 1-2 μm to 7-8 μm. (St - Styrene, 
OEDA - Di(ethylene glycol)diacrylate (75%), PVP - Polyvinylpyrrolidone (M=40,000), 
AIBN - 2,2′-Azobis(2-methyl-propionitrile) (98%).) 
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Materials used  

Styrene (St, ReagentPlus®, ≥99%), di(ethylene glycol)diacrylate (OEDA, 75%), 

polyvinylpyrrolidone (PVP, M=40,000), and 2,2′-Azobis(2-methyl-propionitrile) 

(AIBN, 98%) were purchased from Sigma-Aldrich. Ethyl alcohol (99.5%) was 

obtained from EMD Millipore Corporation, while n-heptane (99%) was purchased 

from Fisher Chemical. 

Formulating Artificial Blood: A Refined Step-by-Step Process 

In the synthesis of artificial blood, a precise procedure was followed. Initially, a 

mixture of 10g styrene, 0.2g OEDA, 0.3g AIBN, and 10g PVP was dissolved in a 

45/15mL ethanol/n-heptane medium within a 250mL 3-neck roundbottom flask 

under a nitrogen atmosphere. The solution was stirred at a constant rate (150 RPM) 

using a magnetic stirrer, and the flask was submerged in a water bath with a 

controlled temperature of 52°C. The reaction was allowed to proceed for 3 hours to 

form St-OEDA seeds. After this initial phase, an additional solution containing 

45/15mL ethanol/n-heptane, 10g styrene, 0.2g OEDA, 0.3g AIBN, and 0.5% (wt. 

% to styrene) Oil Red O was prepared and loaded into a syringe. Using a syringe 

pump, the chemicals were gradually added to the flask at a constant rate over a 5-
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hour period. The reaction was then allowed to continue for a total of 12 hours. To 

create the artificial blood substitute, the synthesized particles were dispersed into 

deionized water. Initially, the particles were separated from the polymerization 

medium through centrifugation. Subsequently, the particles were removed, 

dispersed into deionized water, and subjected to multiple cycles of centrifugation 

and re-dispersion for thorough washing. Following washing, the particles were 

dispersed in deionized water at a volume concentration of 40%-50%, resembling 

the hematocrit value of porcine blood. This meticulous process resulted in the 

production of an artificial blood substitute with the desired characteristics. 

The Effect of Stabilizer Concentration on Particle Size 

The introduction of a small percentage of suitable stabilizers is essential for 

achieving particle dispersion stability. The primary function of these stabilizers is 

to establish a protective layer on each particle surface, preventing direct contact 

between particles. This form of stabilization is commonly referred to as "steric 

stabilization." Optimal stabilizers for dispersion polymerization are polymer and 

oligomer compounds with low solubility in the polymerization medium and a 

moderate affinity for polymer particles. In alcohol or other polar solvent-based 

dispersion polymerization, various polar organic polymers, including 

polyvinylpyrrolidone (PVP), poly(vinyl alcohol), and cellulose derivatives, are 

employed as stabilizers, either independently or with co-stabilizers. The resulting 

particle size is intricately influenced by factors such as temperature, initiator 
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concentration, stabilizer concentration, monomer concentration, and the type of 

stabilizer used. Additionally, the solvency of the medium plays a role in 

determining particle size. Notably, the particle size distribution exhibits a narrow 

range, and the average particle sizes demonstrate a modest decrease with increasing 

PVP concentration. Remarkably, the particle sizes achieved through dispersion 

polymerization align with the dimensions of human red blood cells. This nuanced 

control over particle size is crucial for tailoring the properties of synthesized 

polymers for specific applications. In the synthesis of formulating artificial blood, 

the chemical interaction between di(ethylene glycol)diacrylate (OEDA) and styrene 

initiates a copolymerization process facilitated by the radical initiator 

azobisisobutyronitrile (AIBN; see Fig. 7). This process leads to the formation of 

copolymer chains with incorporated diethylene glycol and acrylate functionalities. 

OEDA's acrylate groups contribute to cross-linking within the copolymer structure, 

while diethylene glycol units may enhance hydrophilicity. The copolymer growth, 

termination reactions, and the stabilizing role of polyvinylpyrrolidone (PVP) are 

integral to the synthesis. Additionally, Oil Red O serves as a dye or modifier, 

influencing the final characteristics of the artificial blood substitute. Particles were 

synthesized using the procedure described in the above section with 1g and 10g 

PVP, respectively. Optical microscope imaging along with ImageJ analysis shows 

that the particles that were produced using 1g PVP formed suspended organic 

particles with an average diameter of 7-8 μm, while the ones produced using 10g 
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PVP had an average particle size of 1-2 μm. This meticulously designed process 

aims to replicate specific features of natural blood cells, presenting a versatile 

synthetic material potentially suitable for biomedical applications. 

Incorporate Oil Red O 

Oil Red O dye was purchased from Sigma-Aldrich. In the initial phase, St-OEDA 

seeds were allowed to form during the first 3 hours of polymerization. 

Subsequently, a continuous addition of 0.5% (wt. % to styrene) Oil Red O, along 

with the remaining chemicals, was performed using a syringe. The reaction was 

then allowed to progress for a total duration of 12 hours. 

Electrode fabrication 

Borosilicate glass capillaries (O.D. ¼ 1.0 mm, I.D. ¼ 0.58 mm, Sutter Instruments, 

CA, USA) were pulled using a P-2000 laser puller (Sutter Instruments, CA, USA) 

to create nanopipets with a tip diameter of 851 nm as seen in Figure S39. The 

nanopipet tip diameters were precisely measured using a scanning electrochemical 

microscope, JEOL JSM-6380LV (JEOL Ltd, Tokyo, Japan). Prior to filling the 

nanopipets with the organic phase, the inner walls were silanized with 

chloromethylsilane. Silanization of glass pipettes is essential when the organic 

phase is placed inside a glass pipette. The hydrophilic nature of the inner wall of 

glass pipets allows the outer aqueous phase to penetrate inside the pipet, displacing 

the organic phase upward from the tapered end and interfering with electrochemical 
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measurements. This problem is circumvented by coating the inner walls of the glass 

pipets with a hydrophobic material such as chloromethylsilane, making them more 

hydrophobic and resistant to aqueous solutions. This study placed pipets inside a 

desiccator connected to a vacuum pump, and after establishing sufficient vacuum 

inside the desiccator, chlorotrimethylsilane (500 mL) was introduced for 30 min to 

1 h, with the silanization time varying based on the relative humidity and ambient 

temperature. The silanized nanopipets were then filled with the organic phase, 

which consisted of dichloroethane containing 10 mM 1,10-phenanthroline (phen) 

as the ionophore and 0.1 M tetradodecylammoniumtetrakis(penta-

fluorophenyl)borate (TDDATFAB) as the electrolyte, which was synthesized 

according to a previously described method49. 

Electrochemical experiments 

Electrochemical experiments were performed using a CHI660E potentiostat (CH 

Instruments, TX, USA) in a three-electrode configuration. A custom-made 

Ag/AgCl was used as the reference electrode, while a Pt wire (Alfa Aesar, MA, 

USA) was used as the counter electrode. Each experiment was carried out using a 

minimum of 4 nanopipets, and each nanopipet was used for three runs, resulting in 

at least 12 runs for each experimental condition, ensuring reproducibility. 
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3.3. Results and Discussion 

Developing an electrochemical sensor for metal monitoring poses certain 

challenges, particularly in achieving the necessary sensitivity and selectivity to 

detect the target analyte accurately. This becomes more challenging when 

conducting in vivo measurements in complex matrices like blood, where interfering 

ions such as Ca(II) and other charged molecules are present. Therefore, it is 

essential to develop a sensor capable of detecting the target analyte Cd(II) along 

with Ca(II), providing distinct, assignable signals or peaks for each. There have 

been many attempts at simultaneous detection of analytes using electrochemical 

sensors. In these, the studies either make use of multi-channels98,99 or single-

channels83–86. However, single-channel sensors have distinct advantages over 

multi-channel sensors in that they have fewer electrode preparation steps, 

translating to cheap and easy fabrication. They have no dimensional discrepancies 

between channels, which reduces the number of variables, thereby minimizing 

uncertainties and making theoretical modeling more straightforward. Among the 

electrochemical sensors that are capable of simultaneous detection of metal ions 

using single channels, most of them employ traditional electrochemical techniques 

such as SWV, SWASV, and DPV with a single working electrode configuration. 

While these studies show great selectivity and sensitivity, they require cumbersome 

electrode fabrication steps, which are expensive to mass produce, and do not have 

Ca(II) in the metal ion mixture. They also require the metal to undergo complex 
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redox electrochemistry, making the simple ion transfer mechanism of ITIES an 

attractive alternative. Out of the limited recent studies focusing on the simultaneous 

detection of metal ions using ITIES, Mastouri et al. demonstrated the concurrent 

detection of Pb(II), Cd(II), and Zn(II) by employing an ITIES assisted by an 8-

hydroxyquinoline ionophore94. However, their findings revealed that the mixture of 

ions produced only a single electrochemical process, with the stationary currents 

increasing in direct linear proportion to the total concentration of M(II) ions added 

to the water. This approach enables an overall detection of heavy metals rather than 

distinguishing between individual metal ions. This may lead to significant 

uncertainty in uncontrolled studies, such as detecting metal ions in biological 

samples, due to interference from other metal ions. In this study, we employ 1,10-

phenanthroline (phen) for the assisted nano-ITIES to detect Cd(II) in the presence 

of Ca(II). We have previously reported that phen has a great affinity towards 

Cd(II), and our sensor showed great analytical ability92. We now sought to explore 

the same single bore single ionophore configuration for the detection of Cd(II) in 

the presence of Ca(II) in excess in intricate matrices such as artificial urine (AU) 

and artificial blood (AB). 

 

 



 

58 

3.3.1 Testing in MP-AU 

 

Figure 8  A representative CV of Cd(II) transfer between MP-AU and DCE at a scan rate 
of 20 mV/s. Aqueous phase: 0.4 mM Cd(II) in MP-AU. Organic phase: 10 mM phen and 
0.1 M TDDATFAB in DCE. 
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Figure 9  Calibration curve in MP-AU for Cd(II) transfer. Each data point represents the 
average current ± standard error of the mean. Aqueous phase: x mM Cd(II) in MP-AU, 
where x = 0.01, 0.05, 0.1, 0.2 and 0.4. Organic phase: 10 mM phen and 0.1 M 
TDDATFAB. 

Many options for the preparation of artificial urine were considered100–102. 

However, Sarigul et al. developed a new artificial urine protocol (MP-AU) that 

closely mimics the chemical composition of human urine at the molecular level, as 

confirmed by ATR-FTIR spectroscopy96. They compared MP-AU with two other 

commonly used artificial urine formulations and found that MP-AU showed the 

closest similarity to the average spectrum of urine samples from 28 healthy 

individuals, demonstrating its potential as a reliable and economical substitute for 

human urine in various research applications. Therefore, we proceeded with MP-

AU for further electrochemical analysis. After the fabrication and preparation of the 

electrodes, we performed calibration studies for the detection of Cd(II) in MP-AU. 

Figure 8 shows a typical cyclic voltammogram (CV) for Cd (II) in MP-AU. It is 
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observed that the nano-ITIES electrode provides a steady state sigmoidal forward 

and backward scan. The calibration curve of Cd(II) in MP-AU is shown in Figure 9 

depicts a sensitivity of 91.745 pA mM-1 and a limit of detection (LOD) of 0.01 

mM. We examined the stability of the interface of our sensors by performing 

amperometric measurements for a span of 50 sec. The results can be seen in Figure 

S40, where we find that the current does not deteriorate over time. This is of great 

significance as most studies that perform ITIES measurements tend to use simple 

matrices, which facilitates a stable interface, whereas, from the stability study, we 

find that our sensor is able to maintain a stable interface for extended periods of 

time in MP-AU, which is made using a combination of 13 different components. 

From the tests performed in MP-AU, we find that our nano-ITIES sensor’s 

performance is largely similar to our previous studies that have been performed in 

various complex matrices, showcasing the robustness of our sensor. 

3.3.2 Testing in AB 

Human blood composition consists of 45% blood cells and 55% blood plasma. It 

can be considered as a suspension of cells in aqueous solution containing 90% 

water by weight97. Among the suspended particles are predominantly red blood 

cells (RBC), followed by platelets and white blood cells (WBC)103. While the shape 

and size of the red RBC and plasma are fairly constant, the WBC has various 

subtypes that have different shapes and sizes104. Furthermore, the WBC varies in 

concentration depending on the physiological conditions of the body, such as the 
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presence or absence of pathogens, whereas the concentration of RBC and platelets 

remains constant. Therefore, we designed our artificial blood with molecules that 

mimic RBC and platelets by synthesizing organic molecules that mimic the size of 

RBC and plates, which are 7-8 m and 1-2 m, respectively. A scanning electron 

microscope image of the synthesized organic molecules confirmed these 

dimensions, as seen in Figure 7, and the image distribution was also confirmed 

separately with an optical microscope (not shown). These organic molecules were 

suspended in an artificial blood medium, as described in the experimental methods. 

Many electrochemical experiments have been performed in blood substitutes, such 

as artificial blood serum and artificial blood media105–109. However, all of these 

diluted the blood substitute at least 5-10 times to achieve a higher signal-to-noise 

ratio. In our experiments, we diluted our artificial blood samples 5 times with 0.3 

M KCl to increase the signal-to-noise ratio, as it was observed that non-

conventional response, with a pre-peak, was observed with undiluted blood, as seen 

in Figure S41. A typical CV for 0.4 mM Cd(II) in AB is shown in Figure 10, which 

has a slightly higher ohmic loss and hysteresis, which can be attributed to a matrix 

effect on the sensor. The responses in AB were also, in general, noisier than the 

response in MP-AU, which can be attributed to slight instability of the interface, 

which may be caused due to interactions of the interface with the synthesized 

organic molecules. However, a steady-state sigmoidal forward and backward scan 

is still observed. The calibration curve of Cd(II) in AB is shown in Figure 11 
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depicts a sensitivity of 144.16 pA mM-1 and a limit of detection (LOD) of 0.01 

mM. 

 

Figure 10  A representative CV of Cd(II) transfer between AB and DCE at a scan rate of 
20 mV/s. Aqueous phase: 0.4 mM Cd(II) in AB. Organic phase: 10 mM phen and 0.1 M 
TDDATFAB in DCE. 
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Figure 11  Calibration curve in AB for Cd(II) transfer. Each data point represents the 
average current ± standard error of the mean. Aqueous phase: x mM Cd(II) in AB, where 
x= 0.01, 0.05, 0.1, 0.2, and 0.4. Organic phase: 10 mM phen and 0.1 M TDDATFAB. 

3.3.3 Detection of Ca(II) in AB 

Blood contains prominent levels of Ca(II)with an average concentration of 2.5 

mM95. This is of major concern for electrochemical systems that are designed to 

detect Cd(II) in blood, as Ca(II) can be a potential interfering ion in the 

electrochemical process. It is important to study the response of the proposed 

electrochemical sensor toward Ca(II) and determine the effects, it has on the 

detection of Cd(II) in AB. Ideally, developing a sensor capable of detecting both 

these metal ions will be well-suited for biological application. A typical CV for 2.5 

mM Ca(II) in AB can be seen in Figure 12, where we see a sigmoidal response with 

a plateau current of 15.59 pA and plateau potential of -0.8 V, which is more 
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negative than that of Cd(II) at -0.53 V. This huge difference in plateau potential can 

serve as a beneficial signal separator between these two metal ions. 

 

Figure 12  A representative CV of Ca(II) transfer between AB and DCE at a scan rate of 
20 mV/s. Aqueous phase:  0.4 mM Ca(II) in AB. Organic phase: 10 mM phen and 0.1 M 
TDDATFAB in DCE. 

3.3.4 Simultaneous detection of Cd(II) and Ca(II) in AB 

After establishing the response of Cd(II) and Ca(II) separately in AB, we now 

examine the response of our sensor for both these metal ions in a mixture in AB. 

The steady-state diffusion limiting current for our sensor is given by equation 3: 

iୢ = 4xzFDCr                                      (Eqn 3) 

where, id, the diffusion limiting current is directly proportional to the concentration, 

C, in the electrochemical cell, D is the diffusion coefficient of the phase of origin, F 
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is the Faraday constant, z is the charge of the analyte, x is the parameter that 

accounts for the thickness of the glass wall, and r is the internal radius of the 

working electrode. 

 

Figure 13  Representative CVs obtained for the simultaneous detection of Cd(II) and 
Ca(II) in AB, at a scan rate of 20 mV/s. Aqueous phase: x mM Cd(II) in AB, where x =  
0.1, 0.2, and 0.4, and 2.5 mM Ca(II) in each case. The green arrow indicates the plateau 
potential region of Ca(II). 

Mastouri et al. previously demonstrated perfect additivity of currents from 1 to 256 

micropores for the detection of Cd(II) using ITIES89. Based on this study and 

equation (1), we expect the currents to have an additive nature. The results from the 

simultaneous detection of Cd(II) and Ca(II) can be seen in Figure 13, which was 

performed with three different concentrations, 0.1, 0.2 and 0.4 mM of Cd(II) with 

plateau potential of -0.53 V, and a single concentration of Ca(II) at 2.5 mM with 
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plateau potential of -0.8 V. It can be seen that the response from Cd (II) and Ca(II) 

are completely separate from each other, and their salient electrochemical features 

are preserved. The plateau potential is consistent among the individual and 

simultaneous runs, and the currents in the simultaneous runs display an additive 

behavior of the currents observed in the individual runs. From the calibration curve, 

we see that the average plateau current for Cd(II) for the concentrations 0.4, 0.2, 

and 0.1 mM is 55.62 pA, 30.78 pA, and 17.33 pA, respectively, while the plateau 

current for 2.5 mM Ca(II) in AB is 15.59 pA. In the simultaneous runs, we see that 

the plateau current measured for Cd(II) at -0.53 V for concentrations 0.4, 0.2, and 

0.1 mM are 55.56 pA, 27.08 pA, and 17.97 pA, respectively, while the 

corresponding response for Ca(II) for these three runs are 70.65 pA, 43.71 pA, and 

32.60 pA respectively. The difference in current between the response for Cd(II) 

and Ca(II) for each run is calculated to be 15.09 pA, 16.63 pA, and 14.63 pA, 

respectively, which averages to 15.45 pA, which is the expected current for 2.5 mM 

Ca(II) in AB. This provides new insights into the potential of utilizing phen as an 

effective ionophore in the detection of Cd(II) ions in the presence of excess, 

physiologically relevant Ca(II) ions using nano-ITIES. This approach greatly 

simplifies the potential simultaneous detection of metal ions using ITIES and 

alleviates the need for complicated fabrication of double bores, thus simplifying the 

fabrication process, minimizing uncertainty, cutting costs, and reducing the caveats 

for theoretical modeling. 
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3.3.5 EDTA calcium disodium as a binder for Cd(II) 

Early treatment of cadmium toxicity in humans is crucial to prevent organ damage 

and long-term health consequences. Chelation therapy is a primary treatment 

approach that involves administering chelating agents to bind and remove cadmium 

from the body110. Common chelating agents used for cadmium toxicity include 

calcium disodium ethylenediaminetetraacetic acid (EDTA), which has shown 

efficacy in reducing toxic metal burden and improving symptoms in patients with 

neurodegenerative diseases111. Other chelators such as desferrioxamine (DFO), 

deferasirox (DFX), and deferiprone (DFP) have been studied in animal models, 

demonstrating their ability to enhance urinary and biliary excretion of cadmium and 

restore altered levels of essential metals like iron112. In addition to intravenous 

chelation therapy, oral tablets such as D-penicillamine and succimer have been 

used as treatment options for cadmium toxicity110. These oral chelators can easily 

be administered at home, making them more convenient and effective for patients. 

To examine the efficiency of such chelation therapy, a common chelation agent, 

EDTA was added in a 1:1 ratio with Cd(II) in AB, and the solution was adjusted to 

a pH of 7.4 by adding the required amount of sodium hydroxide to the solution. 

The rationale behind this study is to examine the response of our sensor for Cd(II) 

in the presence of EDTA and to derive the conditional stability constant of the 

system. 
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Figure 14  CV of 0.2 mM Cd(II) in AB (green) and 0.2 mM Cd(II) in AB in the presence 
of EDTA in the solution (light blue), with a scan rate of 20 mV/s. Organic phase: Organic 
phase: 10 mM phen and 0.1 M TDDATFAB in DCE. 

Figure 14 shows the response of our sensor for 0.2 mM Cd(II) in the presence of 

equimolar EDTA. It can be observed that the plateau current of the sensor for the 

metal-ligand complex Is much lower than that of the ligand-free system. The 

extended response is shown in Figures S42 and S43. From Figure S42, we infer 

that the response appearing after -0.53 V is interactions of ions other than Cd(II), 

possibly deriving from the interactions of the chelating agent and other components 

in AB. Similar to Figure 14, the response of our sensor for 0.4 mM Cd(II) in the 

presence of EDTA, as seen in Figure 15, is much lower than in the absence of the 
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chelating agent. The formation of complexes between Cd(II) and EDTA in AB can 

be affected by several phenomena, such as ligand protonation, interactions of 

Cd(II) with components of AB, and interaction of EDTA with components of AB. 

Thus, it is very difficult to calculate the theoretical stability constants in AB, as this 

would require extensive research and understanding of the interactions of AB with 

the metal and ligand. Therefore, the conditional stability constant of Cd(II)- EDTA 

in AB is calculated, which is given by equation 4: 

𝑘ᇱ =  
[𝐶𝑑(𝐸𝐷𝑇𝐴)]

[𝐶𝑑ଶା] [𝐸𝐷𝑇𝐴]
                                                (𝐸𝑞𝑛. 4) 

where [Cd(EDTA)] is the concentration of the complex, [Cd2+] is the concentration 

of free Cd(II), and [EDTA] is the initial concentration of EDTA. Based on the 

response seen in Figure 14, it is seen that the plateau current of 0.2 mM Cd(II) is 

31.80 pA, while the plateau current of the same in the presence of EDTA is 14.72 

pA. This indicates that the ratio of free Cd(II) ions in the presence of EDTA is 

14.72 / 31.80 = 0.4629 of the initial free Cd(II) in the 0.2 mM solution. Therefore, 

the concentration of free Cd(II) ions is 0.093 mM, and that of Cd(EDTA) complex 

is 0.107 mM. Substituting these values into equation 2, we calculate the conditional 

stability constant to be 5.752 x 104. The log(k’) value is calculated as 3.75, which is 

lower than the literature-reported values for Cd(II)-EDTA complex in a simple 

solution61113. This is understandable as EDTA interacts with other components of 

AB, hindering the binding ability to Cd(II), thus yielding a lower value for log(k’). 
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Figure 15  CV of 0.4 mM Cd(II) in AB (green) and 0.4 mM Cd(II) in AB in the presence 
of EDTA in the solution (light blue), with a scan rate of 20 mV/s. Organic phase: Organic 
phase: 10 mM phen and 0.1 M TDDATFAB in DCE. 

Similar to Figure 14, it can be seen in Figure 15 that the plateau current in the 

absence of EDTA is 50.90 pA, and in the presence of EDTA, it is reduced to 22.63 

pA. The ratio of free Cd(II) in the presence of EDTA is 22.63 / 50.90 = 0.4446 of 

the initial free Cd(II) in the 0.4 mM solution. Therefore, the concentration of free 

Cd(II) ions is 0.178 mM and that of Cd(EDTA) is 0.222 mM. Substituting these 

values in equation 2, we calculate the conditional stability constant (k’) to be 3.117 

x 104. The log(k’) value is calculated as 3., which is similar to the one calculated 

earlier for 0.2 mM Cd(II). This experiment provides insights into the interaction of 

EDTA with Cd(II) ions in complex AB media. The significant reduction in the 
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plateau current indicates that a substantial amount of Cd(II) is complexed with the 

EDTA, providing evidence that EDTA supplements are an effective treatment for 

cadmium toxicity in the body. However, it must be noted that the chelation therapy 

medical remedy takes time to be effective against such toxicity, and early diagnosis 

will largely aid in the success of chelation therapy114. Thus, our cost-effective, 

smart, portable, and reliable sensor can aid in the success of such reversible metal 

mitigation treatments. 

3.4. Conclusion 

In this study, we have successfully developed a single bore, single ionophore 

electrochemical sensor capable of simultaneous detection of Cd(II) and Ca(II) in 

complex matrices such as artificial urine (MP-AU) and artificial blood (AB). The 

sensor uses ion transfer between two immiscible electrolyte solutions (ITIES) and 

demonstrates excellent sensitivity, selectivity, and stability. Compared to double-

bore configurations, the streamlined fabrication process, which uses a single-bore 

and single-ionophore configuration, reduces the number of variables and 

uncertainties, allowing for easier theoretical modeling. Our sensor showed 

exceptional performance in MP-AU and AB, which showcases its robustness and 

potential for real-world applications such as healthcare monitoring. The 

simultaneous detection of Cd(II) and Ca(II) in AB addresses a significant caveat 

that may be faced during in vivo measurements and marks a significant 

advancement in ITIES technology. The sensor's ability to provide distinct, 
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assignable signals for each metal ion enables Cd(II) detection without interference, 

which greatly enhances its utility and reliability. The additive nature of the currents 

observed in the simultaneous detection experiments aligns with theoretical 

expectations, further validating the sensor's performance. The investigation of the 

sensor's response in the presence of a chelating agent, EDTA calcium disodium, in 

AB provides valuable insights into the conditional stability constants of the Cd(II)-

EDTA complex in the intricate AB matrix. The significant decrease in plateau 

current indicates the effectiveness of EDTA supplements in treating cadmium 

toxicity, highlighting the importance of early diagnosis and the potential role of our 

sensor in aiding the success of chelation therapy. 
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Abstract 

Electrochemical sensors are an emerging field due to the ease of fabrication, the 

variety of techniques available, and the vast number of working electrodes that can 

be employed depending on the assigned task. These sensors provide numerous 

advantages over conventional ones in that they are very cost-effective, easy to 

fabricate and maintain, have high selectivity and sensitivity, and are relatively easy 

to use. In this realm, ITIES poses itself as one of the fastest-growing branches that 

depends on simple ion transfer rather than complex redox chemistry adopted by 

other electrochemical techniques. While ITIES sensors are comparatively easy to 

use, considerable improvements can be made to make them more user-friendly. 
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One common claim that many electrochemists have is that the shape of the cyclic 

voltammogram (CV) is unique for each analyte. Although experts in the field back 

this claim, it can be challenging for a nonexpert to spot the subtle differences, 

especially for certain analytes that appear very similar and have very small 

separations in their half-wave potentials. A method to scientifically determine the 

difference based on the shape has yet to be developed and implemented while 

doing so will expand the ease of use of such electrochemical sensors. In this study, 

we have developed a method based on AI that implements both ANN and CNN to 

help evaluate the CVs obtained from ITIES. The CNN model helps us identify any 

faults in the CV and differentiate the Good CVs from the faulty ones. The CNN 

will then be able to examine the good CV and determine if it is an electrochemical 

response from Cd(II) or Cu(II) based on the shape and salient electrochemical 

features in the sigmoidal steady state forward and backward scans. The ANN 

model will then be used to examine the CV with relevant information, such as 

plateau current and plateau potential, to determine the concentration of the analyte 

present. To the best of our knowledge, this is the first time a method to 

scientifically differentiate two analytes based on the electrochemical response from 

an ITIES sensor is reported. This study provides valuable insights into the 

integration of AI with ITIES-based sensors, and this knowledge can be transferred 

to build similar models for the detection of other metal ions. 
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4.1. Introduction 

In recent years, the global problem of heavy metal contamination has compounded 

at an alarming rate. The number of urban industries that rely on heavy metals for 

various commercial processes has increased steadily, with many exploiting the 

catalytic abilities of such heavy metals115. However, economically and 

energetically inefficient recycling systems cause industries to overlook the 

possibility of recycling these heavy metals, exposing them to the environment. 

These heavy metals enter the food chain, and due to biomagnification, it affects all 

levels of the food chain116. One of the major pathways of exposure is through the 

uptake of contaminated water by plants and animals117. Therefore, there is a need to 

develop effective sensors for heavy metals in aqueous samples that will help 

implement and establish metal mitigation systems that will help reduce the risk of 

exposure to humans and the environment118–120. Many such tools for detecting 

heavy metals have been developed over recent decades. Of these methods, the 

conventional methods include clinometry and mass spectrometric techniques such 

as ICPMS119. Although ICPMS is the golden standard for the detection of metal 

ions in aqueous samples due to its high accuracy and sensitivity, it has certain 

caveats that limit its use and widespread adoption121,122. The equipment is very 

expensive, and bulky and requires a trained individual for operation and 

maintenance. They are very expensive both in terms of capital and operational 

costs. They require cumbersome sample pretreatment steps that can only be 
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performed by experts, coupled with a lengthy analysis time123–125. The sample 

pretreatment can alter the speciation of the heavy metal ions and give no 

information about the speciation of the heavy metal. The instrument is not portable, 

which limits its ability for onsite use126. All these factors limit the use of ICPMS 

within lab settings, with high capital and operational costs and lengthy analysis 

times. 

On the other hand, electrochemical sensors, which is a fast-growing field within 

analytical chemistry, provide an attractive alternative127,128. These sensors are fast, 

portable, cost-effective, and reliable and can provide accurate information on the 

speciation of heavy metal ions, which is invaluable information for determining the 

toxicity of the heavy metal. These sensors can be successfully miniaturized, which 

decreases the cost of the sensors and increases the portability129,130. They do not 

need lengthy sample pretreatment and can be easily operated by non-experts in the 

field131. Some of the common electrochemical techniques for the detection of heavy 

metal ions in aqueous solutions include cyclic voltammetry, FSCV, and 

amperometry74,98,127,132,133. Cyclic voltammetry measures the current response while 

sweeping the potential back and forth, providing qualitative information. Anodic 

stripping voltammetry involves a pre-concentration step followed by stripping of 

the analyte, enabling low detection limits. Amperometry uses a fixed potential to 

measure the current response, allowing for sensitive quantitative analysis134,135. 

Significant research efforts have focused on developing new electrochemical 
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methods and modifying electrode surfaces to enhance the sensitivity and selectivity 

for heavy metal detection. Strategies include using chemically modified electrodes, 

nanostructured interfaces, and incorporating selective recognition elements like 

DNA, peptides, and metal-organic frameworks136–138. Shan et al. developed an 

electrochemical sensor using a GR/GO-modified glassy carbon electrode for the 

sensitive detection of cadmium ions in water samples by differential pulse 

voltammetry139. Sacara et al. used square wave anodic stripping voltammetry with 

glassy carbon electrodes modified with various ordered mesoporous silica materials 

and Nafion to detect Cd(II) ions in solution140. Manring et al. reports using fast-

scan cyclic voltammetry with carbon fiber microelectrodes, which were surface-

modified by electrodepositing dopamine, in order to enhance the detection of 

Cu(II) ions in solution. The dopamine coating improved the limit of detection and 

sensitivity for measuring Cu(II) compared to bare, unmodified carbon fiber 

electrodes133. 

While these electrochemical methods show great sensitivity and detection limits for 

heavy metals, they require the target analyte to undergo complex redox reactions, 

achieved by tedious electrode fabrication steps. This makes the electrode 

fabrication process lengthy and expensive. In this light, ion transfer between two 

immiscible electrolyte systems (ITIES) emerges as an attractive alternative to 

conventional electrochemical techniques in that it does not require such redox 

reactions to take place within the system. ITIES exploits electrochemistry at the 
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interface between water and organic solvent and detects the ions that move from 

one phase to the other under the influence of an electric potential. The current is 

measured as a result of direct ion transfer in lieu of transfer of electrons. This 

simple yet effective electrochemical technique was initially developed to study the 

kinetic interactions of proteins and other biological analytes with higher oxidation 

states, such as proteins141. However, ITIES has also been employed to study the 

kinetics of metal ions with lower oxidation states, such as K+ and Na+142. 

Shen et al.42 synthesized tris(crown ether) ionophore, TriBCE, for the assisted ion 

transfer of various metal ions; Mg(II), Cu(II), Cd(II), Li(i) and dopamine at 

nanopipette-based ITIES electrodes. Compared to the mono(crown ether) 

ionophore DB18C6, TriBCE enabled easier transfer of the ions, characterized by 

less positive half-wave transfer potentials, higher binding constants, and more 

negative Gibbs free energy of complexation. The stoichiometry of TriBCE 

complexation was 2:1 with Cd(II) and 1:1 with Li(I), providing insights into the 

interaction between multi-site ionophores and ions of different charges at 

nanoITIES electrodes. Ishimatsu et al.143 used cyclic voltammetry to study the 

kinetics and mechanism of facilitated ion transfer of Ag(II), K(I), Ca(II), Ba(II), 

and Pb(II) at the interface between water and oNPOE-plasticized PVC membranes 

doped with selective ionophores. The membranes were supported on Au or GC 

electrodes modified with a PEDOT-C14 conducting polymer films. The results 

confirmed a one-step electrochemical (E) mechanism with standard ion transfer rate 
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constants of 10-2 to 10-3 cm s-1, rather than a two-step electrochemical-chemical 

(EC) mechanism. While these studies mainly focus on the kinetics of the metal ions 

and their response in the forward and reverse scans, ITIES was previously used as 

an analytical tool for quantifying the amount of Cd(II) in an environmental sample 

in our previous work92. The nanopipet sensor was employed to detect Cd(II) in the 

Indian River Lagoon, Melbourne, FL, and the results were in close agreement with 

the analysis from ICPMS, showcasing the analytical ability of ITIES sensors.  

The advancement of electrochemical sensors in recent years and the simplicity of 

ITIES present such sensors as an attractive alternative to conventional techniques 

that are not user-friendly, nor portable. However, these electrochemical sensors 

generate results in the form of a cyclic voltammogram (CV), which is a graph 

plotted between current and voltage depicting the forward and reverse scans. 

Although these plots can be easily analyzed by experts in the field, it is challenging 

for a non-expert to look at and analyze these plots. It is further challenging to 

differentiate the electrochemical response emerging from different metal ions that 

have small separations in their half-wave potential, while over-dependence on half-

wave potential as the sole indicator of the identity of the metal ion may not be 

practical, as sensor drift may affect half-wave potential in practical applications. 

CVs have many salient electrochemical features that can be extracted from them, 

and developing a smart method to analyze them will greatly improve user-

friendliness with such electrochemical sensors. There have been many recent 
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studies that have integrated Artificial Intelligence (AI) with electrochemical 

sensors144–149. Many factors, such as the ease of integration, the instrumentation, 

and the speed of the analysis time, make it a successful combination. 

Electrochemical sensors can produce a large amount of data within a short period 

of time, which can be processed and digested by various AI architectures to provide 

valuable insights. The quick operation times of these sensors make them more 

suitable for integration with AI than other conventional analytical methods. Wang 

et al. presents a novel dual-modal fluorescence (FL) and electrochemistry (EC) 

sensor combined with neural networks for simultaneous detection of cadmium 

Cd(II) and lead Pb(II) ions in complex water samples150. The sensor uses quantum 

dots for FL detection of Cd(II) and sea urchin-like FeOOH modified gold 

electrodes for EC detection of Pb(II). A one-dimensional convolutional neural 

network (1D CNN) was implemented to process the combined FL spectra and EC 

current curves, enabling simultaneous detection without sample pretreatment. The 

CNN model reported mean absolute errors of 0.2176 μg L-1 for Cd(II) and 0.6002 

μg L-1 for Pb(II), with R-squared values of 0.974 and 0.999 respectively.  

Choi et al. compares deep learning and principal component regression (PCR) for 

analyzing fast-scan cyclic voltammetry (FSCV) data to estimate neurotransmitter 

concentrations151. They implemented a 1D convolutional neural network (CNN) 

using TensorFlow and Keras, with multiple convolutional and max-pooling layers 

followed by fully connected layers. The CNN was trained on FSCV 
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voltammograms from dopamine, epinephrine, norepinephrine, and serotonin at 

various concentrations. CNN aimed to improve neurotransmitter identification and 

concentration estimation, especially for mixtures. Results showed CNN 

outperformed PCR, reducing RMSE by 5-20% for mixtures. This study 

demonstrates CNN’s potential to enhance FSCV data analysis, particularly for 

resolving complex neurotransmitter mixtures in physiological environments. Kudr 

et al.105 developed an automated electrochemical system using differential pulse 

anodic stripping voltammetry (DPASV) with a thin-film mercury electrode for 

simultaneous detection of Zn(II), Cd(II), Cu(II), and Pb(II) ions in environmental 

samples. They implemented a multilayer perceptron artificial neural network 

(ANN) with 4 input, 8 hidden, and 4 output neurons to correct for interferences 

between metals and improve quantification accuracy. The ANN inputs were the 

peak heights for each metal from the voltammograms. The optimized ANN model 

achieved excellent performance, with R2 values of 0.995-0.999 for predicting 

concentrations of all four metals in validation samples. This approach enabled 

accurate multi-element analysis even with overlapping voltammetric signals. Farris 

et al.152 investigate the use of machine learning models, including artificial neural 

networks (ANNs), to predict outcomes in electrochemical CO2 reduction reactions. 

The authors implemented a multilayer perceptron ANN using the Keras library, 

alongside decision trees and random forests, to classify reaction outcomes based on 

experimental conditions. The ANN was trained on a human-curated dataset of 127 
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samples from the literature. Key input parameters included catalyst metal, dopant, 

structure, electrolyte, applied potential, and reaction conditions. The models aimed 

to predict electron transfer events, carbon-carbon coupling, ethylene production, 

and major product formation. The ANN performed comparably to shallow learning 

models, achieving accuracies between 0.7-0.8 for binary classification tasks. 

However, for multiclass product prediction, the random forest outperformed the 

ANN with an accuracy of 0.6. The study demonstrates that even with limited 

datasets, machine learning can provide insights into electrochemical CO2 reduction, 

identifying important features like applied potential and electrolyte composition. 

The authors suggest that larger datasets could further improve predictive 

capabilities in this field. 

Herein, we study the electrochemical response of ITIES sensors for the detection of 

Cd(II) and Cu(II) ions using CNN and ANN architectures. CNN will be employed 

to analyze the CV, identify any faults, and differentiate the faulty CVs from the 

good ones. This model will be trained on both the Cd(II) and Cu(II) datasets, and 

its performance will be evaluated against each other. It will then identify different 

types of faults in the CVs, giving us more insights into the electrochemical 

response. The CNN architecture will finally distinguish between the 

electrochemical response from Cd(II) and Cu(II). An ANN architecture will be 

employed to analyze good CVs and predict the concentration of the analytes. To 

the best of our knowledge this is the first time CNN or ANN is being implemented 
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on an ITIES based sensor, although similar studies have been performed on other 

electrochemical based techniques150,151,153. 

4.2. Materials and Methodology 

Chemicals and electrode fabrication 

All chemicals were purchased from Sigma-Aldrich (St. Louis, MO). CdCl2 was 

used as the Cd(II) source, and CuSO4 was used as the Cu(II) source. Aqueous 

solutions of the metal ions were prepared in 0.3 M KCl solution. Electrode 

fabrication was done based on our previous work. The nanopipette had a tip 

diameter of 680 nm. 

Electrochemical experiments 

A CHI660E potentiostat (CH Instruments, TX, USA) in a three-electrode 

configuration was used to perform electrochemical experiments. A custom, lab-

built Ag/AgCl was used as the reference electrode, while a Pt wire (Alfa Aesar, 

MA, USA) was used as the counter electrode. The electrochemical experiments 

were run at a scan rate of 20 mV/sec. 

Data acquisition and preprocessing 

The CHI660E electrochemical workstation software was used to operate the 

potentiostat and generate raw data. MATLAB R2023b was used to generate the 
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images that were used to train the CNN model. It was also used to preprocess the 

data to reduce the dimensionality before training the ANN model. PyCharm 2024.1 

was used to train the CNN and ANN models. 

4.3. Results and Discussion 

4.3.1 Electrochemical Detection of Heavy Metals 

Electrochemical sensors have made huge developments in analytical chemistry in 

recent decades. One of the driving forces behind this is the development of 

electronics and electrical engineering, which enables the manufacturing of 

extremely miniaturized sensors that perform with great analytical integrity. The 

cost of making these sensors has also significantly reduced over the last decade154. 

The widespread adoption of these sensors and their portability and affordability 

make them an attractive tool for commercialization and everyday use by non-

experts155. Many electrochemical sensors deliver the results in the form of CV, 

which can provide us with three electrochemical features: current intensity (plateau/ 

peak current), potential (half wave/ peak potential), and the shape of the CV for a 

particular analyte. While the current intensity is directly proportional to the 

concentration of the sensor, the half-wave potential is fixed for a given analyte. 

Therefore, many research studies use well-established half-wave potentials to 

identify analytes of interest156. This is successful in a controlled environment such 

as a lab setting with less variability in experimental conditions. However, in some 
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electrochemical techniques, such as ITIES and many others, the half-wave potential 

is known to be affected by changes in the matrix of aqueous phase, such as pH or 

ionic strength157. This limits the over-reliance of analytical techniques solely on the 

half-wave potential for practical application, where there can be dynamic changes 

to the matrix of the aqueous phase. Also, sensor drift is a common occurrence in 

electrochemical sensors due to stress and strain during the lifetime of the sensor158. 

This makes reliance solely on the half-wave potential impractical for distinguishing 

between different analytes, especially when the separation in the half-wave 

potential is small. The third electrochemical feature is the shape of the CV, which 

is unique for each analyte. A combination of the half-wave potential and the shape 

of the CV can be used to identify analytes more accurately. While many researchers 

agree that the shape of the CV can be used to identify the analyte159, a scientific 

method to do so has not been developed yet. While experienced researchers use 

their knowledge to understand the differences between the CVs of different 

analytes, it is very difficult for non-experts to identify the difference. Therefore, 

there is a need to develop a scientific method that will analyze the CVs obtained 

from the electrochemical sensor and predict the analyte, and doing so will greatly 

increase the user-friendliness of the sensor, making it more accessible and enabling 

widespread adoption and use. 

In this study, we integrated a combination of CNN and ANN to analyze the CVs 

obtained for Cd(II) and Cu(II) in aqueous solutions. The electrochemical 
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experiments were carried out using a CHI660E potentiostat. The nanopipette was 

silanized and filled with the organic phase- 0.1 M tetradodecylammoniumtetrakis 

(penta-fluorophenyl)borate (TDDATFAB) in dichloroethane (DCE), and 10 mM 

1,10 Phenanthroline (Phen) was added as the ionophore. Our earlier studies found 

that our phen-assisted sensor shows a response for Cd(II) and Cu(II). It must be 

noted that the half-wave potential for each Cd(II) and  Cu(II) showed little 

separation, making them difficult to differentiate. The CVs also are similar in 

appearance; therefore, these analytes were chosen for the current study. Solutions 

containing different concentrations of Cd(II) and Cu(II) were made in 0.3 M KCl as 

the background electrolyte. The electrochemical sensor was set in a three-electrode 

system, and a large amount of data was collected for each concentration (>300 

scans). The resulting CVs were classified as good and not good. The good CVs had 

a smooth sigmoidal steady state forward and backward scan, with no artifacts. The 

CVs classified as not good had many sub-classifications: adsorptive, cross, 

incomplete, and noisy. A representative CV for each classification is seen in Figure 

16. 
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Figure 16  Representative CVs of 0.4 mM Cd(II) ion transfer between 0.3 M KCl and 0.1 
M TDDATFAB in DCE: a) good, b) adsorptive, c) cross, d) incomplete, and e) noisy. 

Among the classifications, a good CV indicates that the response is good in both 

the forward and backward scans, and there is no noise affecting the current. The 

plateau current reading from such a CV can be used for calibration. An adsorptive 

CV is one in which there is an unusually huge separation between the forward and 

backward scan in certain regions. This can happen due to some impurities in the 

interface that make the sensor deviate from the diffusion limiting behavior 

observed in the nanopipette due to hemispherical diffusion, and these CVs cannot 

be used for calibration. A cross CV represents a run in which the noise/ other 

impurity in the interface affects the response of the sensor significantly and the 

backward scan intersects the forward scan. Such a response is deemed to be 

unusable for calibration as it is severely affected by imperfections. An incomplete 

CV is one in which the electrochemical sensor was not given enough time to reach 

the steady state. In such a response, the plateau region is not reached, and this 

happens because the switching potential is set well before the plateau potential. In 

such a response, there is no plateau current; thus, it cannot be used for calibration. 
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Finally, a noisy CV is one in which the response of the sensor is affected by noise 

from some source, either instrumental, static, or electrochemical. Such a response 

may contain random spikes that appear in many parts of the CV. This imperfection, 

although not as severe as some of the others, makes the response unusable for 

calibration. Such classifications were made for CVs of 0.4 mM, 0.2 mM, 0.1 mM, 

and 0.05 mM Cd(II), and 0.2 mM, 0.1 mM, 0.05 mM Cu(II). Figure 17 shows the 

representative CV for each classification. 

 

Figure 17  Representative CVs of f 0.1 mM Cu(II) ion transfer between 0.3 M KCl and 
0.1 M TDDATFAB in DCE: a) good, b) adsorptive, c) cross, d) incomplete, and e) noisy. 

A CNN architecture was trained to identify and differentiate between the good and 

not-good classifications within Cd(II) and Cu(II) CVs. This will separate the good 

CVs of the two metal ions from the rest. Then, a CNN architecture was trained to 

differentiate the Cd(II) CVs from the Cu(II) CVs. Figure 18 shows a representative 

good CV of Cd(II) and Cu(II). To the best of our knowledge, this is the first time 

reporting an AI-based method to differentiate between the CV of two metal ions 

obtained from ITIES. We further train the CNN architecture to learn and classify 
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the differences between the different types of not-good CVs. This was done to 

explore CNN’s ability to provide more insights into classifying the imperfections 

found in a CV. The results from this experiment have a lot of overlaps in that many 

CVs contained more than one type of imperfection, and the CNN model made 

predictions based on the more prominent imperfection found in a particular CV. 

Figure 19 shows some representative CVs of the not-good classification.   

 

Figure 18  Representative good CVs of a) 0.4 mM Cd(II) and b) 0.2 mM Cu(II) ion 
transfer between 0.3 M KCl and 0.1 M TDDATFAB in DCE. 
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Figure 19  Representative CVs of not good classification from ion transfer of 0.2 mM 
Cd(II) between 0.3 M KCl and 0.1 M TDDATFAB in DCE:  a) adsorptive, b) cross, 
c)incomplete, d) noisy. 

ANN architecture was trained on good Cd(II) CVs to predict the concentration of 

the analyte. This process was initially done by including the entire dimension of the 

CV and uniformly standardizing the dimensions. This process had low accuracy 

and high mean square error (MSE). To minimize the computational strain and 

increase the accuracy of the ANN architecture, the data must undergo 

preprocessing in which its dimensionality is reduced. This is done by extracting the 

most vital information from each CV. A MATLAB code was developed to identify 

the plateau current point and the initial plateau before the plateau potential and 

extract these two points from the entire CV. Now, the entire CV will be represented 

by these two points. Figure 20 represents the points that were used to reduce the 
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dimensionality of the data. The pathway of the data will start from the data 

acquisition, followed by image generation using MATLAB, which will then go to 

CNN to differentiate between good and not good CV, which is followed by 

identification of the analyte (Cd(II) or Cu(II)) and then MATLAB will be used to 

preprocess the data to reduce dimensionality which will enter the ANN model to 

predict the concentration.  

 

Figure 20  A representative CV depicting the points that are extracted using MATLAB. 
These points provide the most vital information that represents the entire CV. 
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4.3.2 AI Architecture 

Convolutional Neural Network 

Convolutional Neural Networks (CNNs) are a type of deep learning model known 

for their ability to extract intricate features from data160–165, particularly in tasks like 

image recognition. They leverage local connectivity and weight sharing, optimizing 

the analysis and prediction process. Notable examples include LeNet-5, which 

excels in recognizing handwritten digits, and AlexNet, acclaimed for its 

effectiveness in face recognition and pedestrian detection. Zhang et al. presents a 

novel approach for heavy-metal ion detection using a convolutional neural network 

(CNN) combined with square wave anodic stripping voltammetry (SWASV)153. 

The authors implemented a 1D CNN model to analyze SWASV data for the 

simultaneous detection of Pb(II), Cd(II), and Cu(II)) ions. The CNN was trained on 

a dataset of 1,000 SWASV curves, utilizing current, potential, and concentration as 

key input parameters. The model's purpose was to accurately predict heavy metal 

concentrations from voltammetric data, addressing challenges in traditional peak-

based analysis methods. The CNN demonstrated superior performance compared to 

conventional techniques, achieving high accuracy (R² > 0.99) and low relative 

errors (<5%) for all three target analytes. Notably, the model showed robust 

performance in complex scenarios, including overlapping peaks and interference 

from other metal ions. This CNN-based approach offers a promising tool for rapid, 

accurate, and automated heavy metal detection in environmental and health 
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monitoring applications, potentially improving the efficiency and reliability of 

electrochemical sensing techniques. 

CNNs are composed of multiple layers such as convolutional layers, pooling layers, 

and fully connected layers. Convolutional layers are the core building blocks of 

CNNs. They apply convolution operations to input data using filters (also called 

kernels) to extract various features. By convolving filters across the input image, 

CNNs can detect patterns such as edges, textures, and shapes. Pooling layers are 

often inserted after convolutional layers to reduce the spatial dimensions of the 

feature maps while retaining important information. Common pooling operations 

include max pooling and average pooling, which down sample the feature maps by 

selecting the maximum or average value within a certain window. Fully connected 

layers similar to those in traditional feedforward neural networks, are typically 

placed at the end of the CNN architecture. They receive flattened feature maps 

from the preceding layers and perform classification or regression tasks based on 

the learned features. CNNs exploit the spatial locality of data by connecting each 

neuron in a layer to only a local region of the input volume. This enables them to 

capture spatial patterns efficiently.  The same set of weights (filters) is applied 

across different spatial locations of the input data. This parameter sharing 

significantly reduces the number of parameters in the model, making it more 

efficient and less prone to overfitting. CNNs learn hierarchical representations of 

data. Lower layers capture low-level features like edges and textures, while higher 
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layers learn more abstract features relevant to the task at hand. This hierarchical 

feature learning enables CNNs to achieve superior performance in tasks like image 

classification, object detection, and segmentation. 

 

Figure 21  Modified LeNet architecture for CV classification 

The CNN implementation starts by loading the dataset of PNG images from the 

specified folder path. It preprocesses the images by normalizing pixel values and 

encoding the labels. The dataset is then split into training, validation, and testing 

sets. A modified LeNet-5 architecture is defined as one that consists of 

convolutional, max-pooling, and fully connected layers. The model is compiled 

with binary cross-entropy loss and an Adam optimizer. Several callbacks, including 

early stopping, learning rate scheduling, and model checkpointing, are employed to 

monitor and improve the training process. After training, the code visualizes the 

training and validation metrics, evaluates the model on the test set, and provides a 

function to visualize the model's predictions on a subset of test images, comparing 

the true and predicted labels. 
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The CNN model achieved impressive results in classifying good vs. not good cyclic 

voltammograms (CVs) for both Cd(II) and Cu(II) analytes. The validation 

accuracies for these classifications were above 95%, indicating that the model 

learned to effectively differentiate between good and faulty CVs. Furthermore, the 

CNN model demonstrated exceptional performance in distinguishing between 

Cd(II) and Cu(II) CVs, achieving a validation accuracy of 99.15%. This remarkable 

result suggests that the model successfully learned the unique shapes and features 

of the CVs for each analyte, enabling accurate identification based solely on the CV 

shape. 

However, the model's performance in classifying the different types of not good 

CVs (noisy, incomplete, adsorptive, cross) was relatively lower, with validation 

accuracies around 85-88%. This implies that distinguishing between these subtypes 

of faulty CVs posed a greater challenge for the CNN model, possibly due to 

similarities or subtleties in their characteristics. The ability to identify faulty CVs is 

a significant advantage of the CNN model, as it can help eliminate data points that 

may lead to inaccurate concentration predictions, improving the overall reliability 

of the electrochemical sensor. 
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Table 2  Accuracy for Different Categories of CNN Classification 

CNN 
Classification 

Train 
Accuracy 

Validation 
Accuracy 

Test 
Accuracy 

Learning 
Rate 

Cd(II) Good vs 
Not Good 

99.96% 96.12% 95.37% 0.001 

Cu(II) Good vs 
Not Good 

99.62% 98.68% 98.34% 0.001 

Cd(II) vs Cu(II) 99.20% 99.15% 99.14% 0.0005 

Cd(II) – Not good 96.80% 87.71% 92.45% 0.001 

Cu(II) – Not Good 93.63% 85.14% 89.19% 0.001 
 

 

Figure 22  Line plots of the training and validation accuracy and loss values over 20 
training epochs. 
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Figure 23  Cd(II) Classification of Good vs. Not Good CV Types. 
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Figure 24  Cu(II) Classification of Good vs. Not Good CV Types. 

 

 

Figure 25  Line plots of the training and validation accuracy and loss values over 20 
training epochs. 
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Figure 26  Classification of Cd(II) vs Cu(II) CVs. 

 

Figure 27  Line plots of the training and validation accuracy and loss values over 20 
training epochs. 
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Figure 28  Cd(II) Classification of Not Good CV Types (Noisy, Incomplete, Adsorptive, 
Cross). 

 

The CNN model demonstrated exceptional performance in classifying cyclic 

voltammograms (CVs) for both Cd(II) and Cu(II) analytes. The model achieved 

high validation accuracies of over 95% for distinguishing between good and faulty 

CVs, and an impressive 99.15% accuracy for differentiating between Cd(II) and 

Cu(II) responses. These results highlight the CNN's ability to effectively learn and 

recognize the unique shapes and features of CVs for different analytes and quality 

levels. While the model showed slightly lower accuracy (85-88%) in classifying 

specific types of faulty CVs, its overall performance underscores the potential of 
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CNNs in enhancing the analysis and interpretation of electrochemical sensor data. 

By automating the process of CV classification and analyte identification, this 

CNN-based approach significantly improves the user-friendliness and reliability of 

ITIES-based electrochemical sensors for heavy metal detection. 

Artificial Neural Network 

Artificial Neural Networks (ANNs) are a class of machine learning models inspired 

by the biological neural networks found in the human brain166. They consist of 

interconnected nodes, or artificial neurons, organized in layers. These neurons 

process and transmit information through weighted connections, enabling the 

network to learn complex patterns and relationships in data. ANNs have found 

widespread applications in various fields, including image and speech recognition, 

natural language processing, and data analysis167. 

The basic building block of an ANN is the artificial neuron, which receives inputs, 

applies weights to them, and produces an output through an activation function. 

The weights determine the strength of connections between neurons and are 

adjusted during the learning process. The activation function introduces non-

linearity, allowing the network to model complex relationships. ANNs typically 

consist of an input layer, one or more hidden layers, and an output layer. The input 

layer receives the raw data, while the hidden layers perform feature extraction and 

transformation. The output layer produces the final prediction or classification. The 
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learning process in ANNs involves adjusting the weights of connections based on 

the error between predicted and actual outputs. This is often done using 

backpropagation, an algorithm that propagates the error signal backward through 

the network, updating weights to minimize the error. 

In the context of electrochemistry, ANNs can be employed to analyze complex 

electrochemical data, such as CVs168. By training on a dataset of CVs with known 

analyte concentrations, the ANN can learn to recognize patterns and correlations 

between the CV features and the corresponding concentrations. Once trained, the 

ANN can predict the concentration of an analyte in a new, unseen CV, providing a 

rapid and accurate method for quantitative analysis169–171. This application is 

particularly useful in environmental monitoring, where the rapid and accurate 

detection of heavy metal ions like Cd(II) and Cu(II) is crucial for assessing water 

quality and ensuring public safety. 

The ANN implementation loads the dataset from text files containing the x and y 

coordinates of cyclic voltammograms (CVs). The data is split into training and 

testing sets. A simple feed-forward neural network architecture with two dense 

layers and an output layer for regression is defined. Similar to the CNN 

implementation, early stopping and learning rate scheduling callbacks are used. The 

model is compiled with mean squared error loss, Adam optimizer, mean absolute 

error, and mean squared error as evaluation metrics. After training, the code 

visualizes the training and validation loss, mean absolute error, and mean squared 
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error. It evaluates the model on the test set and reports the corresponding metrics. 

Finally, the code demonstrates making predictions on the test set and visualizes the 

comparison between predicted and actual values in a DataFrame. Additionally, it 

showcases predicting the concentration for a set of unrecognized CV data points. 

 

Figure 29  ANN architecture with the training parameters. 

The proposed ANN architecture is a sequential model designed for regression tasks 

in electrochemistry, such as predicting analyte concentrations from cyclic 

voltammetry data. The model consists of an input layer with 64 neurons, followed 

by two hidden layers with 32 neurons each, and an output layer with a single 

neuron making 2,433 trainable parameters in total. The hidden layers utilize the 

Rectified Linear Unit (ReLU) activation function for introducing non-linearity, 

while the output layer employs a linear activation for direct prediction of the target 
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value. The model is trained using the Adam optimizer with an initial learning rate 

of 0.01 and mean squared error (MSE) as the loss function. To prevent overfitting, 

early stopping is implemented with a patience of 5 epochs, restoring the best 

weights if no improvement is observed. Additionally, a learning rate scheduler is 

employed, reducing the learning rate by half every 5 epochs to fine-tune the 

model's performance. 

Table 3  ANN Results with the Mean Absolute Error and Mean Squared Error 

ANN MAE MSE LR 
Cd(II) 0.0158 4.09E-04 0.01 
Cu(II) 0.0127 2.61E-04 0.01 

 

Table 4  Test Results of ANN Prediction of Concentration for 10 Randomly Selected 
Cu(II) Values 

Cu(II) Real Values Predicted Values 
0.05 0.032442 
0.05 0.039273 
0.05 0.056565 
0.1 0.109722 

0.05 0.017079 
0.1 0.099719 
0.2 0.209858 

0.05 0.065821 
0.05 0.046686 
0.1 0.123535 
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Figure 30  Variance of the concentration predictions for Cu(II). 

 

Table 5  Test Results of ANN Prediction of Concentration for 10 Randomly Selected 
Cd(II) Values. 

Cd(II) Real Values Predicted Values 
0.1 0.120909 
0.4 0.392451 

0.05 0.036781 
0.05 0.036781 
0.2 0.182019 

0.05 0.058828 
0.4 0.392429 
0.4 0.392018 
0.4 0.388183 
0.1 0.10314 
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Figure 31  Variance of the concentration predictions for Cd(II). 

The ANN model demonstrated promising results in predicting the concentrations of 

Cd(II) and Cu(II) analytes based on the CV data. The model achieved low Mean 

Absolute Error (MAE) and Mean Squared Error (MSE) values on the test set, 

indicating good performance in the regression task. Specifically, for Cd(II), the 

model achieved a test MAE of 0.0158 and a test MSE of 4.0896e-04, while for 

Cu(II), the test MAE was 0.0127, and the test MSE was 2.6129e-04. These results 

indicate the ANN's ability to accurately estimate analyte concentrations from 

preprocessed CV data. The model's performance was consistent across different 



 

107 

concentration ranges, as evidenced by the comparison between predicted and actual 

values.  

The code provides a comparison of the predicted concentrations with the actual 

values in a DataFrame, allowing for a visual inspection of the model's performance. 

Additionally, it demonstrates the ability of the trained ANN model to predict 

concentrations for a set of unrecognized CV data points, showcasing its potential 

for practical applications. Overall, the combination of the CNN for classifying and 

identifying good CVs and the ANN for concentration prediction showcases the 

effective integration of AI architectures with electrochemical sensors. The CNN's 

ability to differentiate analytes based on CV shapes and identify faulty data, 

coupled with the ANN's concentration prediction capabilities, provides a robust and 

reliable analytical platform for accurate and user-friendly detection of heavy metal 

ions in environmental samples. 

4.4. Conclusion 

In conclusion, this study demonstrates the successful integration of artificial 

intelligence techniques with nano-ITIES-based electrochemical sensors for the 

detection and quantification of heavy metal ions, specifically Cd(II) and Cu(II). 

The combination of Convolutional Neural Networks (CNNs) and Artificial Neural 

Networks (ANNs) significantly enhances the analytical capabilities and user-

friendliness of these sensors. The CNN model excels in classifying cyclic 



 

108 

voltammograms, achieving high accuracies of over 95% in distinguishing between 

good and faulty CVs, and an impressive 99.15% accuracy in differentiating 

between Cd(II) and Cu(II) responses. This classification step is crucial for ensuring 

data quality and reliability. Complementing the CNN, the ANN model 

demonstrates excellent performance in predicting analyte concentrations, with low 

Mean Absolute Errors of 0.0158 for Cd(II) and 0.0127 for Cu(II). The synergy 

between these AI models creates a robust analytical pipeline that automates CV 

classification, analyte identification, and concentration prediction. This integrated 

approach not only improves the accuracy and reliability of heavy metal detection 

but also makes ITIES-based sensors more accessible to non-expert users, 

potentially broadening their application in environmental monitoring and other 

fields requiring rapid, on-site metal ion analysis.
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Chapter 5 

Conclusion and Future Work 

5.1 Conclusion 

This dissertation presents a series of innovative advancements in the field of 

electrochemical sensing for metal ion detection, particularly focusing on Cd(II) 

ions in complex matrices. The research progressed through three interconnected 

projects, each building upon the findings of the previous one to address critical 

challenges in heavy metal analysis and sensor development. The first project 

successfully developed a nanopipet-based electrochemical sensor for Cd(II) 

detection using ITIES. The sensor demonstrated excellent stability and 

performance in various complex matrices, including artificial seawater and 

cerebellum fluid. The sensor's ability to withstand complex environments without 

fouling and its successful application to a real environmental sample from the 

Indian River Lagoon highlight its potential as a powerful tool for environmental 

monitoring. Building on this foundation, the second project expanded the sensor's 

capabilities to simultaneously detect Cd(II) and Ca(II) in complex biological 

matrices such as artificial urine and blood. The innovative single-bore, single-

ionophore configuration simplified the fabrication process and reduced 

uncertainties, making it more suitable for theoretical modeling and practical 

applications. The sensor's performance in the presence of chelating agents provided 

valuable insights into conditional stability constants and showcased its potential for 
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healthcare monitoring and toxicity treatment assessment. The third project marked 

a significant leap forward by integrating artificial intelligence with ITIES-based 

sensors. The combination of Convolutional Neural Networks (CNNs) and Artificial 

Neural Networks (ANNs) greatly enhanced the analytical capabilities and user-

friendliness of these sensors. The CNN model achieved high accuracies in 

classifying cyclic voltammograms and differentiating between Cd(II) and Cu(II) 

responses, while the ANN model demonstrated excellent performance in predicting 

analyte concentrations. This AI-integrated approach not only improves the accuracy 

and reliability of heavy metal detection but also makes ITIES-based sensors more 

accessible to non-expert users. Collectively, these studies represent significant 

advancements in electrochemical sensing technology. The progression from a 

single-ion nanopipet sensor to a multi-ion detection system, and finally to an AI-

integrated analytical platform, showcases the evolution and potential of ITIES-

based sensors. These developments address critical needs in environmental 

monitoring, healthcare diagnostics, and analytical chemistry. The sensors 

developed in this dissertation offer several advantages over conventional methods, 

including cost-effectiveness, ease of fabrication and maintenance, high selectivity 

and sensitivity, and improved user-friendliness. The integration of AI further 

enhances these benefits by automating complex data interpretation tasks and 

improving overall analytical accuracy. 
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5.2 Future Work 

The research performed in this dissertation pave way to the following research 

work for the future: 

1. Expand the range of detectable heavy metal ions to other ions such as 

Hg(II), Cr(II) to ensure that more heavy metals have reliable 

electrochemical sensors 

2. Further validate the sensors performance in practical application such as 

industrial effluent samples to demonstrate the practical applicability of the 

sensor. 

3. Refine AI models for wider application in signal processing by integrating 

other AI architectures  

4. Develop a user-friendly interface and software package integrated with the 

developed AI model to enhance widespread usage 

5. Investigate the potential for miniaturization of the sensor for integration into 

wearable devices 
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Appendix A 

Supplementary images for this dissertation 

Figure 32  Representative SEM image of the nanopipete. 
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Figure 33  Brown trace is a representative CV of Cd(II) transfer and between water and 
DCE at 10 mV s-1  Aqueous phase: 400 µM Cd(II) in tris. Organic phase: 10 mM phen and 
0.1 M TDDATFAB. Orange trace represents the background CV. 
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Figure 34  Dark blue trace is a representative CV of Cd(II) transfer and between water 
and DCE at 10 mV s-1  Aqueous phase: 400 µM Cd(II) in PBS. Organic phase: 10 mM 
phen and 0.1 M TDDATFAB. Orange trace represents the background CV. 
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Figure 35  Calibration curve in KCl for Cd(II) transfer. Each data point represents the 
average current ± standard error of the mean obtained for 4 nanopipets with at least 3 
replicates for each pipet (at minimum 12 replicates in total) Aqueous phase: x µM Cd(II) in 
KCl, where x = 5, 10, 50, 100, 200 and 400 µM. Organic phase: 10 mM phen and 0.1 M 
TDDATFAB. 
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Figure 36  Calibration curve in TRIS buffer for Cd(II) transfer. Each data point represents 
the average current ± standard error of the mean obtained for 4 nanopipets with at least 3 
replicates for each pipet (at minimum 12 replicates in total) Aqueous phase: x µM Cd(II) in 
TRIS buffer, where x = 5, 10, 50, 100, 200 and 400 µM. Organic phase: 10 mM phen and 
0.1 M TDDATFAB. 
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Figure 37  Representative CVs for the transfer of interfering metal ions between water 
and DCE at 10 mV s-1. Aqueous phase: 400 µM M(II/III) in KCl. Organic phase: 10 mM 
phen and 0.1 M TDDATFAB. 

 

 

-40

0

40

80

-0.9-0.8-0.7-0.6-0.5-0.4-0.3

C
u

rr
e

n
t 

(p
A

)

Potential (V)

Co(II) Fe(II) Ni(II) Fe(III) Pb(II) Ca(II) Cu(II) Cd(II) Mg(II)



 

146 

 

Figure 38  Representative CVs of [Cd-ligand]n transfer and between water and DCE at 10 
mV.s-1 (where n = -1 or 0) Aqueous phase: 400 µM Cd(II) in ASW. Organic phase: 10 mM 
phen and 0.1 M TDDATFAB. 

 

Table 6  Experimental parameters used for the standard addition method 
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2. 3 10 50 24.5 
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Figure 39  SEM image of nanopipet taken at a magnification of 45000x and spot size of 
35. 

 

Figure 40  Representative CVs for different concentrations of Cd(II) transfer in MP-AU 
on the left. Current vs. time (i–t) traces for each concentration, on the right. Each i–t curve 
was obtained for 50 s by applying a constant potential obtained from the plateau region of 
the CV. 
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Figure 41  A representative CV of Cd(II) transfer between undiluted AB and DCE at a 
scan rate of 20 mV/s. Aqueous phase: 0.4 mM Cd(II) in undiluted AB. Organic phase: 10 
mM phen and 0.1 M TDDATFAB in DCE. 
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Figure 42  CV (green), and extended CV (light green) of 0.2 mM Cd(II) in AB in the 
presence of EDTA in the solution with a scan rate of 20 mV/s. Organic phase: Organic 
phase: 10 mM phen and 0.1 M TDDATFAB in DCE. 
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Figure 43  CV (green), and full range CV (blue) of 0.2 mM Cd(II) in AB in the presence 
of EDTA in the solution with a scan rate of 20 mV/s. Organic phase: Organic phase: 10 
mM phen and 0.1 M TDDATFAB in DCE. 
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Appendix B 

Codes used related to chapter 4 

MATLAB Code for image generation to train the CNN model 

% Specify the folder containing your .txt files 

folderPath = 'C:\Users\namuz\OneDrive\Desktop\Cd2+ [Final]\0.05mMCd\Good\Txt'; % Adjust this to your 

folder path 

% List all .txt files in the folder 

txtFiles = dir(fullfile(folderPath, '*.txt')); 

% Initialize an array to store unique identifiers and Y coordinates of the first sharp point 

sharpPointsData = {}; 

% Desired image size (32x32) 

desiredSize = [128, 128]; 
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% Specify the factor by which to adjust the curve thickness 

thicknessFactor = 0.3; % Adjust this value as needed 

% Loop through each file 

for fileIdx = 1:length(txtFiles) 

    % Full path to the current .txt file 

    filename = fullfile(txtFiles(fileIdx).folder, txtFiles(fileIdx).name); 

    % Extract the unique identifier 

    pattern = 'P\d+C\d+V\d+'; % Regular expression for the pattern P#C##V## 

    [token, match] = regexp(filename, pattern, 'tokens', 'match'); 

    if isempty(match) % Skip if pattern not found 

        disp(['Pattern not found in ', filename]); 

        continue; 

    end 
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    uniqueId = match{1}; % Assuming there's at least one match 

    % Specify the delimiter and read the CV data 

    delimiter = ','; % Change based on your file's formatting 

    opts = detectImportOptions(filename, 'Delimiter', delimiter); 

    data = readmatrix(filename, opts); 

    % Check if the data has at least two columns 

    if size(data, 2) < 2 

        sharpPointsData{end+1, 1} = uniqueId; % Store unique identifier 

        sharpPointsData{end, 2} = NaN; % Store NaN for Y coordinate 

        continue; 

    end 

    % Adjust the current by multiplying with 10^12 

    data(:,2) = data(:,2) * 10^12; 
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    % Assign columns to X and Y 

    X = data(:,1); 

    Y = data(:,2); 

    % Initialize variables to store the first sharp point 

    first_sharp_X = NaN; 

    first_sharp_Y = NaN; 

    % Iterate through the data to find the first sharp point 

    for i = 2:length(X) 

        if abs(X(i)) < abs(X(i-1)) 

            first_sharp_X = X(i); 

            first_sharp_Y = Y(i); 

            break; % Exit the loop after finding the first sharp point 

        end 
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    end 

    % Store the unique identifier and corresponding Y coordinate of the first sharp point 

    sharpPointsData{end+1, 1} = uniqueId; % Store unique identifier 

    sharpPointsData{end, 2} = first_sharp_Y; % Store Y coordinate 

    % Plot with original X-axis order 

    f1 = figure('Visible', 'off'); % Create invisible figure 

    set(f1, 'Position', [0, 0, desiredSize(1), desiredSize(2)]); % Set figure size to desired size 

    plot(X, Y, 'k', 'LineWidth', thicknessFactor); % Plot in black with adjusted thickness 

    xlim([-0.75, -0.2]); 

    ylim([-20, 60]); 

    set(gca, 'PlotBoxAspectRatio', [1, 1, 1]); % Set aspect ratio to 1:1 

    set(gca, 'Visible', 'off'); % Make the axis invisible     

    % Save the image 
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    originalImage = frame2im(getframe(gcf)); % Capture the figure as an image 

    imwrite(originalImage, fullfile(folderPath, [uniqueId, '_original.png'])); 

    close(f1); % Close the figure to free up memory 

    % Plot with reversed X-axis order 

    f2 = figure('Visible', 'off'); % Create invisible figure 

    set(f2, 'Position', [0, 0, desiredSize(1), desiredSize(2)]); % Set figure size to desired size 

    plot(X, Y, 'k', 'LineWidth', thicknessFactor); % Plot in black with adjusted thickness 

    set(gca, 'XDir','reverse'); % Reverse the X-axis direction 

    xlim([-0.75, -0.2]); % Adjust the limits to reverse the direction 

    ylim([-20, 60]); 

    set(gca, 'PlotBoxAspectRatio', [1, 1, 1]); % Set aspect ratio to 1:1 

    set(gca, 'Visible', 'off'); % Make the axis invisible     

    % Save the image 
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    reversedImage = frame2im(getframe(gcf)); % Capture the figure as an image 

    imwrite(reversedImage, fullfile(folderPath, [uniqueId, '_reversed.png'])); 

    close(f2); % Close the figure to free up memory 

end 

% Convert the array to a table for better readability 

sharpPointsTable = cell2table(sharpPointsData, 'VariableNames', {'UniqueIdentifier', 'Current'}); 

% Display the table 

disp(sharpPointsTable); 
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MATLAB Code for data generation and preprocessing to train the ANN model 

% Specify the folder containing your .txt files 

folderPath = 'C:\Users\namuz\OneDrive\Desktop\retxt'; % Adjust this to your folder path 

% List all .txt files in the folder 

txtFiles = dir(fullfile(folderPath, '*.txt')); 

% Initialize a cell array to store the table data 

tableData = cell(length(txtFiles), 7); 

% Loop through each file 

for fileIdx = 1:length(txtFiles) 

    % Full path to the current .txt file 

    filename = fullfile(txtFiles(fileIdx).folder, txtFiles(fileIdx).name);     

    % Extract the unique identifier 
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    pattern = 'P\d+C\d+V\d+'; % Regular expression for the pattern P#C##V## 

    [token, match] = regexp(filename, pattern, 'tokens', 'match'); 

    if isempty(match) % Skip if pattern not found 

        disp(['Pattern not found in ', filename]); 

        continue; 

    end 

    uniqueId = match{1};  

    % Specify the delimiter and read the CV data 

    delimiter = ','; % Change based on your file's formatting 

    opts = detectImportOptions(filename, 'Delimiter', delimiter); 

    data = readmatrix(filename, opts); 

    % Check if the data has at least two columns 

    if size(data, 2) < 2 
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        disp(['Data in ', filename, ' does not have two columns. Skipping.']); 

        continue; 

    end 

    % Adjust the current by multiplying with 10^12 

    data(:,2) = data(:,2) * 10^12; 

    % Assign columns to X and Y 

    X = data(:,1); 

    Y = data(:,2); 

    % Identify the direction change point in X 

    dX = diff(X); 

    changePointIdx = find(dX(1:end-1) .* dX(2:end) < 0, 1, 'first') + 1; 

    if isempty(changePointIdx) 

        disp(['No change in direction detected in ', filename, '. Skipping.']); 
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        continue; 

    end     

    % Extract the sharp point values 

    sharpPointX = X(changePointIdx); 

    sharpPointY = Y(changePointIdx);     

    % Separate into forward and backward scans 

    X_forward = X(1:changePointIdx); 

    Y_forward = Y(1:changePointIdx); 

    X_backward = X(changePointIdx:end); 

    Y_backward = Y(changePointIdx:end); 

    % Now plot using X_forward and Y_forward 

    %figure; 

    %plot(X_backward, Y_backward, 'g-', 'LineWidth', 2); % Plot backward scan in green 
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    %hold on; 

    %plot(X_forward, Y_forward, 'b-', 'LineWidth', 2); % Plot forward scan in blue 

    %xlabel('Potential (V)'); 

    %ylabel('Current (pA)'); 

    %title(['Current vs. Potential for ', uniqueId]); 

    %grid on; 

    %xlabel('X-Axis'); 

    %ylabel('Y-Axis'); 

    %legend('Data', 'First Sharp Point'); 

    %xlim([-0.65, -0.2]); 

    %ylim([-20, 70]); 

    % Calculate the derivative of Y in the forward scan 

    dy_forward = diff(Y_forward); 
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    % Set a threshold for derivative values close to zero for plateau detection 

    derivative_threshold = 8e-2;     

    % Set a threshold for the x-axis distance between plateau points and sharp point 

    X_threshold = 0.1;     

    % Find the indices where the derivative in the forward scan is close to zero 

    % and the x-values are above the x-threshold 

    plateau_indices_forward = find(abs(dy_forward) < derivative_threshold & abs(X_forward(1:end-1) - 

sharpPointX) >= X_threshold);    

    % Extract the coordinates of the last plateau value in the forward scan 

    if ~isempty(plateau_indices_forward) 

        lastPlateauX = X_forward(plateau_indices_forward(end)); 

        lastPlateauY = Y_forward(plateau_indices_forward(end)); 
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    else 

        lastPlateauX = NaN; 

        lastPlateauY = NaN; 

    end     

    % Calculate the derivative of Y in the reverse scan 

    dy_backward = diff(Y_backward); 

    % Find the indices where the derivative in the reverse scan is close to zero 

    % and the x-values are above the x-threshold 

    plateau_indices_backward = find(abs(dy_backward) < derivative_threshold & abs(X_backward(2:end) - 

sharpPointX) >= X_threshold); 

    % Extract the coordinates of the last plateau value in the reverse scan 

    if ~isempty(plateau_indices_backward) 

        lastPlateauX_backward = X_backward(plateau_indices_backward(1) + 1); 
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        lastPlateauY_backward = Y_backward(plateau_indices_backward(1) + 1); 

    else 

        lastPlateauX_backward = NaN; 

        lastPlateauY_backward = NaN; 

    end     

    % Store the data in the table 

    tableData{fileIdx, 1} = uniqueId; 

    tableData{fileIdx, 2} = sharpPointX; 

    tableData{fileIdx, 3} = sharpPointY; 

    tableData{fileIdx, 4} = lastPlateauX; 

    tableData{fileIdx, 5} = lastPlateauY; 

    tableData{fileIdx, 6} = lastPlateauX_backward; 

    tableData{fileIdx, 7} = lastPlateauY_backward;     
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    % Save the sharp point and last plateau point values in a new text file 

    newFileName = ['shrBK', uniqueId, '.txt']; 

    newFilePath = fullfile(folderPath, newFileName); 

    fileID = fopen(newFilePath, 'w'); 

    fprintf(fileID, '%.6f,%.6f\n', sharpPointX, sharpPointY); 

    fprintf(fileID, '%.6f,%.6f\n', lastPlateauX, lastPlateauY); 

    fprintf(fileID, '%.6f,%.6f\n', lastPlateauX_backward, lastPlateauY_backward); 

    fclose(fileID);     

    % Identify the plateau region in terms of X values in the forward scan 

    if ~isempty(plateau_indices_forward) 

        plateau_X_forward = X_forward(plateau_indices_forward); 

        % Visualize the detected plateau region in the forward scan 
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        %plot(plateau_X_forward, Y_forward(plateau_indices_forward), 'ro', 'MarkerSize', 8); % Mark 

plateau points 

    else 

        disp(['No plateau found in forward scan of ', filename]); 

    end     

    % Identify the plateau region in terms of X values in the reverse scan 

    if ~isempty(plateau_indices_backward) 

        plateau_X_backward = X_backward(plateau_indices_backward + 1); 

        % Visualize the detected plateau region in the reverse scan 

        %plot(plateau_X_backward, Y_backward(plateau_indices_backward + 1), 'mo', 'MarkerSize', 8); % 

Mark plateau points 

        %legend('Backward Scan', 'Forward Scan', 'Plateau Region (Forward)', 'Sharp Point', 'Plateau 

Region (Reverse)'); 

    else 
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        disp(['No plateau found in reverse scan of ', filename]); 

        %legend('Backward Scan', 'Forward Scan', 'Plateau Region (Forward)', 'Sharp Point'); 

    end     

    % Plot the sharp point 

    %plot(sharpPointX, sharpPointY, 'ko', 'MarkerSize', 10, 'LineWidth', 2); 

    %hold off; 

end 

% Create a table with the collected data 

varNames = {'File Name', 'Sharp Point X', 'Sharp Point Y', 'Last Plateau X (Forward)', 'Last Plateau Y 

(Forward)', 'Last Plateau X (Reverse)', 'Last Plateau Y (Reverse)'}; 

resultTable = cell2table(tableData, 'VariableNames', varNames); 

% Display the table 

disp(resultTable); 
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Python Codes for CNN model 

import os 

import tempfile 

from datetime import datetime 

import numpy as np 

import cv2 

import tensorflow 

from keras.callbacks import ModelCheckpoint 

from sklearn.model_selection import train_test_split 

from sklearn.preprocessing import LabelEncoder 

from keras.models import Sequential 

from keras.layers import Conv2D, MaxPooling2D, Flatten, Dense 
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from tensorflow.keras.callbacks import EarlyStopping, LearningRateScheduler 

from tensorflow.keras.optimizers import Adam, SGD 

from tensorflow.keras.utils import to_categorical 

from tqdm import tqdm 

from matplotlib import pyplot as plt 

# Function to load images and labels from the dataset folder 

def load_dataset(dataset_path): 

    images = [] 

    labels = [] 

    # Get the list of concentration folders 

    concentration_folders = [folder for folder in os.listdir(dataset_path) if 

os.path.isdir(os.path.join(dataset_path, folder))] 
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    for concentration_folder in tqdm(concentration_folders, desc="Loading Concentrations"): 

        concentration_path = os.path.join(dataset_path, concentration_folder) 

        # Get the list of quality folders (good, not good) 

        quality_folders = [folder for folder in os.listdir(concentration_path) if 

os.path.isdir(os.path.join(concentration_path, folder))] 

        for quality_folder in quality_folders: 

            quality_path = os.path.join(concentration_path, quality_folder) 

            # Check if the PNG folder exists 

            png_folder = os.path.join(quality_path, "PNG") 

            if os.path.exists(png_folder): 

                # Get the list of PNG files 

                png_files = [file for file in os.listdir(png_folder) if file.endswith('.png')] 

                for png_file in png_files: 
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                    png_path = os.path.join(png_folder, png_file) 

                    # Read the image 

                    image = cv2.imread(png_path) 

                    # # Resize the image to fit the CNN model architecture 

                    image = cv2.resize(image, (128, 128)) 

                    # Append the image and label to the lists 

                    images.append(image) 

                    labels.append(quality_folder) 

    return np.array(images), np.array(labels) 

# Load dataset 

dataset_path = 'C:\Cu2+ (-incomplete)' # Change to your dataset folder path 

images, labels = load_dataset(dataset_path) 

print(labels) 
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# Preprocess images and labels 

images = images.astype('float32') / 255.0 

label_encoder = LabelEncoder() 

labels = label_encoder.fit_transform(labels) 

labels = to_categorical(labels) 

# Split dataset into training and testing sets 

train_images, test_images, train_labels, test_labels = train_test_split(images, labels, test_size=0.2, 

random_state=42, shuffle=True) 

train_images, val_images, train_labels, val_labels = train_test_split(train_images, train_labels, 

test_size=0.125, random_state=42,  shuffle=True) # 0.125 x 0.8 = 0.1 

# Define LeNet model architecture 

model = Sequential() 

model.add(Conv2D(6, kernel_size=(5, 5), strides=(1, 1), activation='relu', input_shape=(128,128,3))) 
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model.add(MaxPooling2D(pool_size=(2, 2), strides=(2, 2))) 

model.add(Conv2D(16, kernel_size=(5, 5), strides=(1, 1), activation='relu')) 

model.add(MaxPooling2D(pool_size=(2, 2), strides=(2, 2))) 

model.add(Flatten()) 

model.add(Dense(120, activation='relu')) 

model.add(Dense(84, activation='relu')) 

model.add(Dense(len(label_encoder.classes_), activation='softmax')) 

# Define early stopping callback 

early_stopping = EarlyStopping(monitor='val_accuracy', patience=10, restore_best_weights=True) 

# Define learning rate scheduler 

def lr_scheduler(epoch, learning_rate): 

    if epoch % 5 == 0 and epoch > 0: 

        learning_rate = learning_rate * 0.7 
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    return learning_rate 

lr_scheduler_callback = LearningRateScheduler(lr_scheduler) 

# Define model checkpoint callback 

checkpoint_callback = ModelCheckpoint(filepath='model_checkpoint.h5', monitor='val_accuracy', 

save_best_only=True, verbose=1) 

# Compile the model 

optimizer = Adam(learning_rate=0.0003) 

model.compile(loss='binary_crossentropy', optimizer=optimizer, metrics=['accuracy']) 

log_dir = r"C:\GitHub Projects\Runs\run"+ datetime.now().strftime("%Y%m%d-%H%M%S") 

model_checkpoint_callback = tensorflow.keras.callbacks.ModelCheckpoint( 

    filepath=log_dir) 

# Train the model 

print("Training LeNet model...") 
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history = model.fit(train_images, train_labels, batch_size=32, epochs=100, 

validation_data=(val_images, val_labels), callbacks=[early_stopping, lr_scheduler_callback, 

checkpoint_callback,model_checkpoint_callback], verbose=1) 

#Evaluation 

plt.style.use('seaborn') 

plt.figure(figsize=(6,6)) 

plt.plot(history.history['loss'], color='b', label="training loss") 

plt.plot(history.history['val_loss'], color='r', label="validation loss") 

plt.legend() 

plt.show() 

plt.figure() 

plt.figure(figsize=(6,6)) 

plt.plot(history.history['accuracy'], color='b', label="training accuracy") 
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plt.plot(history.history['val_accuracy'], color='r',label="validation accuracy") 

plt.legend() 

plt.show() 

# Load the best model checkpoint 

model.load_weights('model_checkpoint.h5') 

# Function to visualize predictions on a subset of images 

def visualize_predictions(images, true_labels, predicted_labels, num_samples=20): 

    fig, axes = plt.subplots(nrows=num_samples, ncols=2, figsize=(10, 20)) 

    for i in range(num_samples): 

        axes[i, 0].imshow(images[i]) 

        axes[i, 0].set_title(f"True: 

{label_encoder.inverse_transform([np.argmax(true_labels[i])])[0]}") 

        axes[i, 0].axis('off') 
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        axes[i, 1].imshow(images[i]) 

        axes[i, 1].set_title(f"Predicted: 

{label_encoder.inverse_transform([np.argmax(predicted_labels[i])])[0]}") 

        axes[i, 1].axis('off') 

    plt.tight_layout() 

    plt.show() 

# Evaluate the model on the test set 

print("Evaluating the model on the test set...") 

test_loss, test_accuracy = model.evaluate(test_images, test_labels) 

print(f'Test Loss: {test_loss}') 

print(f'Test Accuracy: {test_accuracy}') 

# Make predictions on the test set 

test_predictions = model.predict(test_images) 
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# Visualize predictions on a subset of test images 

visualize_predictions(test_images, test_labels, test_predictions) 
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Python Codes for ANN model 

import os 

import cv2 

import numpy as np 

import pandas as pd 

from keras.callbacks import EarlyStopping, LearningRateScheduler 

from matplotlib import pyplot as plt 

from sklearn.model_selection import train_test_split 

from sklearn.preprocessing import LabelEncoder 

from keras.models import Sequential 

from keras.layers import Dense 

from tqdm import tqdm 
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from tensorflow.keras.optimizers import Adam, SGD 

# Function to load data from text files 

def load_dataset(dataset_path): 

    data = [] 

    labels = [] 

    # Get the list of concentration folders 

    concentration_folders = [folder for folder in os.listdir(dataset_path) if 

os.path.isdir(os.path.join(dataset_path, folder))] 

    for concentration_folder in tqdm(concentration_folders, desc="Loading Concentrations"): 

        concentration_path = os.path.join(dataset_path, concentration_folder) 

        print(concentration_folder) 

        # Get the list of quality folders (good, not good) 
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        quality_folders = [folder for folder in os.listdir(concentration_path) if 

os.path.isdir(os.path.join(concentration_path, folder))] 

        # 

        for quality_folder in quality_folders: 

            if(quality_folder == 'Good'): 

                quality_path = os.path.join(concentration_path, quality_folder) 

                print(quality_folder) 

            # Check if the PNG folder exists 

                txt_folder = os.path.join(quality_path, "txt") 

                if os.path.exists(txt_folder): 

                    # Get the list of PNG files 

                    txt_files = [file for file in os.listdir(txt_folder) if file.endswith('.txt')] 

                    #print(txt_files) 
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                    for txt_file in txt_files: 

                        txt_path = os.path.join(txt_folder, txt_file) 

                        with open(txt_path, 'r') as f: 

                            lines = f.readlines() 

                            x_coords = [] 

                            y_coords = [] 

                            for line in lines: 

                                # Split each line by comma 

                                parts = line.strip().split(',') 

                                # Convert parts to floating-point numbers 

                                x = float(parts[0]) 

                                y = float(parts[1]) 
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                                # Append x and y coordinates to lists 

                                # x_coords.append(x) 

                                y_coords.append(y) 

                            # Append x and y coordinates as a tuple to data 

                            data.append(y_coords) 

                            # Append the label (concentration_folder) to labels 

                            labels.append(float(concentration_folder.split('mM')[0])) 

    return np.array(data), np.array(labels) 

# Load dataset 

dataset_path = 'C:\Trim_CdTxtfiles' # Change to your dataset folder path 

data, labels = load_dataset(dataset_path) 

# Determine the maximum length of x and y coordinate lists 

max_length = max(len(y_coords) for y_coords in data) 
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min_length = min(len(y_coords) for y_coords in data) 

print(min_length,max_length) 

# Pad or truncate x and y coordinate lists to max_length 

#padded_data = [] 

#for y_coords in data: 

#    padded_y_coords = np.pad(y_coords, (0, max_length - len(y_coords)), mode='empty') 

#    padded_data.append(padded_y_coords) 

# Convert padded_data to NumPy array 

#reshaped_data = np.array(padded_data) 

print(data, labels) 

# Split the reshaped data into training and testing sets 

train_data, test_data, train_labels, test_labels = train_test_split(data, labels, test_size=0.2, 

random_state=42) 
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# Define the ANN model architecture 

model = Sequential([ 

    Dense(128, activation='relu', input_shape=(240,)), 

    Dense(64, activation='relu'), 

    Dense(32, activation='relu'), 

    Dense(1, activation='linear') 

]) 

early_stopping = EarlyStopping(monitor='mae', patience=5, restore_best_weights=True) 

# Define learning rate scheduler 

def lr_scheduler(epoch, learning_rate): 

    if epoch % 5 == 0 and epoch > 0: 

        learning_rate = learning_rate * 0.5 

    return learning_rate 
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lr_scheduler_callback = LearningRateScheduler(lr_scheduler) 

optimizer = Adam(learning_rate=0.001) 

model.compile(loss='mse', optimizer=optimizer, metrics=['mae'])  # Use appropriate loss and optimizer 

for regression 

# Train the model 

history = model.fit(train_data, train_labels, epochs=100, batch_size=32, validation_split=0.2,  

callbacks=[early_stopping, lr_scheduler_callback],verbose=1) 

plt.style.use('seaborn') 

plt.figure(figsize=(6,6)) 

plt.plot(history.history['loss'], color='b', label="training loss") 

plt.plot(history.history['val_loss'], color='r', label="validation loss") 

plt.legend() 

plt.show() 
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plt.figure() 

plt.figure(figsize=(6,6)) 

plt.plot(history.history['mae'], color='b', label="Mean absolute error") 

plt.plot(history.history['val_mae'], color='r',label="Validation Mean absolute error") 

plt.legend() 

plt.show() 

# Evaluate the model on the test set 

test_loss, test_mae = model.evaluate(test_data, test_labels) 

print(f'Test Loss: {test_loss}') 

print(f'Test MAE: {test_mae}') 

# Make predictions 

predictions = model.predict(test_data) 

predictions_df = pd.DataFrame(np.ravel(predictions),columns=["Predictions"]) 
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comparison_df = pd.concat([pd.DataFrame(test_labels,columns=["Real Values"]), predictions_df],axis=1) 

print(comparison_df) 

# # Visualize predictions against actual concentrations 

# # Add visualization code here 
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Appendix C 

 

Experimental operating parameters related to electrochemical experiments 

Table 7  Silanization setup operating parameters 

S.No 
Date 

Pressure 
(atm) 

Temperature 
(F) 

% 
Humidity  

Vacuum Prep Time 
(min) 

Silanization Time 
(min) 

1 12/31/2020 0.0164 68 49 10 60 
2 1/1/2021 0.0165 70 45 10 50 
3 1/2/2021 0.0167 70 45 10 40 
4 1/6/2021 0.0167 70 42 8 40 
5 1/8/2021 0.0169 70 44 9 40 
6 1/11/2021 0.0165 70 45 9 45 
7 1/12/2021 0.0165 72 64 7 30 
8 1/13/2021 0.0036 70 46 10 30 
9 1/14/2021 0.0165 70 41 11 40 

10 1/14/2021 0.0165 72 36 9 50 
11 1/19/2021 0.0166 70 33 8 45 
12 2/19/2021 0.0166 70 47 10 35 
13 2/24/2021 0.0176 70 46 8 40 
14 3/3/2021 0.0193 70 48 11 50 
15 3/5/2021 0.0204 68 48 9 60 
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16 3/10/2021 0.0190 70 47 12 60 
17 3/11/2021 0.0190 70 48 13 40 
18 3/12/2021 0.0193 68 48 15 40 
19 3/13/2021 0.0188 70 49 10 45 
20 3/15/2021 0.0193 70 49 15 50 
21 3/16/2021 0.0193 68 48 10 40 
22 3/17/2021 0.0195 70 48 15 60 
23 3/18/2021 0.0195 68 50 15 60 
24 3/22/2021 0.0172 70 49 15 45 
25 3/23/2021 0.0172 68 49 13 50 
26 3/23/2021 0.0170 68 49 14 45 
27 3/24/2021 0.0171 68 50 12 40 
28 3/25/2021 0.0170 68 49 15 60 
29 3/29/2021 0.0172 68 51 15 60 
30 3/29/2021 0.0170 68 50 15 50 
31 3/30/2021 0.0170 68 50 14 40 
32 4/1/2021 0.0172 68 50 12 50 
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Table 8  P-2000 Laser Puller operating parameters 

Starting Material B100-58 B100-58 
Line 1 1 
Heat 490 480 

Filament 4 4 
Velocity 25 26 

Delay 140 140 
Pull 0 0 

Loop 1 1 
Internal Diameter ~600 nm ~850 nm 

 

Construction of Electrode Holders  

The electrochemical experiments were performed using working electrodes that 

were fabricated from borosilicate glass capillaries with an outer diameter of 1.0 

mm. The working electrodes should be held in position with great stability and 

precision to ensure that accurate measurements are made during the 

electrochemical experiments. To achieve this, custom-built 3D-printed electrode 

holders were produced. The 3D model was created using Creo software (PTC, Inc.) 

and was printed using polylactic acid filament. The holder was then threaded with 

appropriate screws with a rubber washer to ensure comfortable handling of the 

electrodes. Three distinct models were created for different purposes: a single-

electrode holder, a dual-electrode holder and a multi-electrode holder (9 

electrodes). Many trials were performed to achieve the final product, which was 

used to perform all the electrochemical experiments for this dissertation. 
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Figure 44 3D model of multi-electrode holder. 

 

Figure 45  3D model of single and dual electrode holder. 
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Figure 46  Images of the single electrode holder with rubber holding mechanism 
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Figure 47  Image of multi-electrode holder. 

 

Construction of Faraday Cage  

To perform the electrochemical experiments with great accuracy, the system must 

be insulated from any external electrical noise. A Faraday cage is used to achieve 

this electrical insulation, ensuring that the signal-to-noise ratio remains high. A 

Faraday cage was constructed from scratch, and all the electrochemical 

experiments for this dissertation were performed in it. Materials were purchased 

from a hardware shop, and the parts were drilled with screws to fix them in place. 

A hinge mechanism was employed to ensure ease of access when opening and 

closing the door. A locking mechanism was used to ensure the door remained still 

when closed. 
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Figure 48  Images of the constructed Faraday cage. 

The top left shows a general picture, top right shows the screws drilled to hold the 

structure, bottom left shows the locking hook mechanism, bottom right shows the 

hinge mechanism used to open the door.



 

197 

Appendix D 

Internship at X-BATT 

The focus of the internship was to develop a novel anode material configuration for 

high-performance batteries ideal for small utility devices (portable potentiostats). 

The development of such batteries will enable efficient miniaturization of 

potentiostats which can be deployed for on-field applications. Many duties were 

carried out during the internship ranging from making design of experiments, 

optimizing unit operation such as vacuum oven and wet ball mill, conducting 

feasibility study and technoeconomic analysis of several processes, performing 

mass and energy balance and electrochemical analysis of anode material.  

Some of the relevant duties include: 

 Preparation of anode material for coin cells 

 Assemble the coin cells in a glove box 

 Put the coin cells for testing 

 Analyze the testing results 

Preparing the anode material for the coin cells 

Synthesis of Active Material 
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Graphite and biobased materials are sieved, dried, and mixed with a resin system, 

DVB, and Cat-TX. The mixture is processed in a Flak Tek mixer and cured in an 

oven under argon flow at specific temperatures and times. 

 

Processing of Cured Active Material 

The cured material is removed from the petri dishes, broken into small pieces, and 

blended in a coffee processing apparatus until the desired particle size is achieved. 

The processed material is then stored in labeled bags. 

Pyro in Tube Furnace 

The furnace is prepared, and the processed material is weighed and placed in 

cleaned and labeled ceramic crucibles. The pyro process is carried out for 

approximately 24 hours, and the material is weighed again after cooling. 

Milling and Sieving 

The pyro-treated material is milled overnight in a dry alumina milling container 

with milling media. The milled material is then sieved under 32 µm until 1.5 g is 

obtained and dried overnight in a vacuum oven. 

Assembling the coin cells inside a glove box 

Slurry Mixing 
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The active material is dried, and the slurry composition is determined using a 

template. C65, AM, NMP, and binder are mixed in a thinky mixer, and the Hegman 

particle size is checked and recorded. 

 

Electrode Preparation 

The coating table is cleaned with ethanol/isopropyl. A copper sheet is placed on the 

coating table (shiny side down) and wiped with ethanol. The active material is 

scooped onto the copper, and a doctor blade set to 200 µm is placed. The material 

is coated at speed 4. The convection oven is preheated to 70 °C. The electrode is 

baked for 20 minutes or until thoroughly dried. It is then placed in the top vacuum 

oven overnight at 120 °C. The horizontal plates are heated up to 200 °C, ensuring 

they are pressed together for even heating. A ½ inch strip is trimmed from the top 

and bottom of the electrode. 

Half-Cell Battery Assembly 

Ideally, the glove box settings should have H2O < 1 ppm, and the pressure should 

be 6-8 mbar. The stage is cleaned with ethanol if needed. The electrode is punched 

out using the bottom half. The electrode is layered with weighing paper and quickly 

punched along the straight edge to avoid fraying. The electrode discs are weighed, 

and the weight is recorded to the nearest 0.1 microns on the cell container. The 



 

200 

coating is brushed off the Li chip, keeping containers closed as much as possible to 

avoid oxidation. The brushed Li chips are pressed to the spacer with flat sides 

touching. The anode is centered in the cell bottom. 185 µL of LiPF6 is pipetted, and 

a few drops are applied to the center of the anode until it is covered. The separator 

is placed on top of the anode, and the remaining LiPF6 solution is pipetted on top of 

the separator. The Li chip and 1 mm spacer are layered on top of the separator, with 

the Li chip side touching the separator. The spring with the larger cone opening is 

placed on the spacer and gently pressed with forceps. The cell lid is placed on top 

using plastic forceps and pushed down, ensuring that the spring is not displaced in 

this step. The cell is crimped by putting it in the center of the crimper bed, setting 

the crimper to 8.00, and pressing start. The cell is removed from the crimper with a 

Kimwipe, and the excess electrolyte solution is dried outside. The cells are put into 

a transparent battery storage case and put into the antechamber. The glovebox 

gloves may be cleaned with propanol after use. 

Electrochemical Testing 

Take the assembled coin cell and make sure it is properly connected to the battery 

testing system in the open circuit voltage (OCV) mode. Let the cell rest in this 

mode for about one hour to allow it to stabilize before starting the test. Based on 

the active material used in the working electrode, define the appropriate voltage 

window for testing the cell. This voltage range should be selected to avoid any 

unwanted side reactions or degradation of the electrode materials. To evaluate the 
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performance of the coin cell, calculate its theoretical capacity using the weight of 

the active material in the electrode. This will serve as a reference to compare 

against the actual measured capacity during testing. Set up the battery tester to 

perform repeated charge and discharge cycles on the coin cell at the required C-rate 

(current). The C-rate determines how fast the cell is charged or discharged relative 

to its capacity. For example, a 1C rate means the cell is fully charged or discharged 

in one hour. 

Analysis of Electrochemical Results 

 

Figure 49   Example of half coin cell rate progression study with a potential window of 
0.005 – 3.0V. 

Figure 49 shows the half-coin cell rate progression for a specific half-cell 

configuration. From the plot the specific discharge capacity is examined across 

multiple cycles at various C-rates. It also gives us capacity retention over time and 
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illustrates the cell's rate capability, showing how performance changes as 

charge/discharge rates increase. Coulombic efficiency can often be inferred from 

the data. The overall trend of the capacity curves provides insights into the long-

term cycling stability of the material. After high-rate cycling, the cell's ability to 

recover capacity when returned to lower C-rates is assessed, indicating the 

reversibility of electrochemical processes and structural stability. Different binder 

formulations or additives, as seen in the legend of this diagram, are often compared 

on the same plot to evaluate their relative effectiveness. The initial capacity, usually 

at a low C-rate, is examined to assess the material's theoretical versus practical 

capacity utilization. By systematically analyzing these aspects, we can gain 

comprehensive insights into the electrochemical behavior of the anode material, 

guiding further optimization efforts and assessing its suitability for specific battery 

applications.
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Appendix E 

This dissertation was complimented with the following awards: 

 

1. Outstanding Graduate Student Award, from the Department of chemistry 

and Chemical Engineering, April 2024 

 

2. Outstanding Graduate Student in a Research Institution (given annually 

to only one form all research institution under Orlando Section), from the 

American Chemical Society, Orlando Section, December 2022 

 

3. Outstanding Graduate Student Oral Presentation, from the 

86th Annual Meeting Florida Academia of Science, March 2022 

 

4. Outstanding Graduate Student Oral Presentation, from the 

85th Annual Meeting Florida Academia of Science, March 2021 

 

5. Best Oral Presenter, from the 19th Raymond N. Castle 

Conference, April 2021
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Appendix F 

Copyright from publisher 

The copyright for the material used in chapter 2 is shown below. 
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