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ABSTRACT 

 

This thesis examines the impact of synthesis conditions on the formation of silver 

nanoparticles (AgNPs), focusing on system chemistry, hydrodynamics, and storage 

temperature. The study uses T-junction continuous single-phase flow and droplet 

microfluidic reactors with 500 μm width channels as well as a batch reactor (beaker).  The 

microfluidic reactors were evaluated under identical conditions, revealing that continuous 

flow reactors produced AgNPs comparable in size to those from droplet reactors.  

Consequently, the study focused on the former design with optimization of AgNP 

formation initially carried out using a predictive regression model with response surface 

methodology, employing tannic acid (TA) and trisodium citrate (TC) as a reducing agent.  

Key factors affecting particle size, such as pH, stabilizer concentration, and reactor outlet 

curvature, were identified.  However, limitations due to the complexity of the multi-step 

reaction scheme were noted, with response surface models being effective only within 

specific operating ranges and unable to provide detailed microscopic insights.  To better 

understand AgNP reaction kinetics, the Finke-Watzky two-stage kinetic model was fitted 

to experiments carried out in a well-mixed reactor using two distinct chemical protocols.  

Incorporating these kinetics into a regression model allowed particle size distribution 

(PSD) predictions with an average error of 4.9%.  Experimental validation of a more 

sophisticated coupled PBM-CFD simulation was then used to interpret hydrodynamic and 

kinetic effects on AgNP size distribution in the T-junction device and a well-mixed reactor, 

showing consistency with experimental trends, particularly regarding pH, stabilizer 

concentration, and average PSD in a well-mixed reactor.  Specifically, the experimental 
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and Finke-Watzky based PBM predictions in the well-mixed reactor obtained at pH = 7 

showed a maximum deviation of 10.1% and 31.2% for average particle diameter and 

standard deviation, respectively.  PBM-CFD simulations for the continuous flow device 

showed that operating conditions, especially inlet flow rates, significantly impact precursor 

consumption rates and PSD.  Helical channels posed additional challenges for precursor 

consumption, suggesting areas for further research.  Machine learning and data science 

approaches were then used to further optimize AgNP synthesis in continuous reactors 

and generalize the regression model.  A decision tree-guided design of experiments 

predicted AgNP size using generic parameters, reducing computational costs and 

enhancing model performance.  Factors such as Reynolds number and the Dean number 

to Reynolds number ratio were used to assess hydrodynamics and mixing.  Nucleation 

and growth constants derived from the independent set of experiments with TA and TC 

using the Finke-Watzky model examined the system's chemistry, while storage 

temperature ensured particle stability.  The decision tree approach, validated by 

experimental data, proved effective, indicating that well-designed experiments could 

substantially reduce mean squared error (MSE) in models like XGBoost (-26%) and 

Random Forest (-38%).  Additionally, in the context of data science, inverse modeling, 

employing polynomial functions and data assimilation, facilitated nanoparticle design with 

desired sizes, demonstrating consistency and accuracy, with an average percentage error 

of 11.99% between predicted and experimental sizes.  This approach provided valuable 

insights for decision-making in nanoparticle manufacturing under uncertainty. 
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CHAPTER 1: INTRODUCTION 
 

1.1 BACKGROUND AND MOTIVATION 
 

Silver nanoparticles (AgNPs) are well-known for their unique properties, making them 

particularly useful across various industries.  However, different applications require 

specific properties, demanding precise control over the size, shape and distribution of 

AgNPs. This precise control is challenging to achieve, and its effective utilization in 

industry is further complicated by a combination of technical, economic and health and 

environmental reasons.  For example, the synthesis of AgNPs involves a diverse array of 

reagents and methods developed over the years, varying independent experimental 

conditions as well as an incomplete understanding of some of the physicochemical 

processes involved.  Additionally, the synthesis of AgNPs can be expensive, particularly 

when considering the cost of raw materials, synthesis methods and purification processes.  

Furthermore, there are ongoing concerns about the potential toxicity of AgNPs to humans 

and the environment leading to strict regulations that can also prevent industrial utilization.  

By improving current understanding and control of critical parameters in the synthesis of 

AgNPs, nanoparticles with enhanced properties tailored for specific applications can be 

produced.  Research on AgNPs synthesis in microfluidics can provide insights into the 

mechanism of nanoparticle formation and growth but also foster the development of more 

efficient and innovative synthesis strategies.  Microfluidic systems offer the potential for 

precise control over the reaction enabling the synthesis of AgNPs with precise size, shape 

and surface properties. Moreover, microfluidics can contribute to a more sustainable 

approach to nanomaterial discovery and production, minimising the environmental impact 
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through reduced waste and resource consumption compared to traditional bulk synthesis 

methods when used at small scale production. Scaling up the production of microfluidics 

devices can be complex and is beyond the scope of this thesis.  The integration of 

machine learning and predictive models can also play a crucial role in advancing research 

on AgNPs synthesis.  Models can optimize reaction conditions to achieve desired AgNP 

properties while minimising the need for trial and error, thus saving valuable time and 

resources.  Predictive models can also be used to elucidate the complex mechanisms 

underlying nanoparticle formation and growth, enhancing the overall understanding of 

these processes.  

The objective of this research project was thus to develop predictive models to forecast 

temporal evolution and physicochemical characteristics of AgNPs synthesized in both 

well-mixed reactors and microfluidic devices, employing different chemical synthesis 

protocols to further optimise their synthesis.  The key components of this study include 

changing synthesis conditions, predictive modelling and optimization of synthesis.  

The research described in this thesis was carried out as part of an Engineering and 

Physical Sciences Research Council (EPSRC) Programme Grant (EP/T000414/1), 

“PREMIERE”.  PREMIERE stands for PREdictive Modelling with QuantIfication of 

UncERtainty for MultiphasE Systems and is a multidisciplinary collaboration between 

Imperial College London, the University of Birmingham, the University of 

Cambridge, University College London, and the Alan Turing Institute.  The program has 

developed algorithms to solve energy, manufacturing, and healthcare problems using 

high fidelity physical modelling, artificial intelligence, and machine learning. 

https://www.birmingham.ac.uk/
https://www.cam.ac.uk/
https://www.cam.ac.uk/
https://www.ucl.ac.uk/
https://www.turing.ac.uk/
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1.2 SCOPE OF STUDY 

 

The scope of this study includes a comprehensive investigation into the synthesis of 

AgNPs using both well-mixed reactors and microfluidic devices. The research focuses on 

examining the synthesis processes and evaluating how different synthesis protocols 

impact the properties of AgNPs, such as size and size distribution. 

The study involves comparing the performance of continuous flow and droplet microfluidic 

approaches for AgNP synthesis. As a result of this comparison, further work focused on 

using a simple T-junction microfluidic device made of polytetrafluoroethylene (PTFE) 

where the continuous flow of silver nitrate solution meets the continuous flow of tannic 

acid/trisodium citrate. Various parameters were investigated, including the flow rates of 

reagents, pH of the solution, concentration of stabilising agent, storage temperature and 

curvature of the outlet channel. The potential for enhancing mixing of fluids in the system 

and control AgNP properties was explored by coiling the outlet tube on a 3D-printed helical 

device. The purpose of this simple device was to provide data to validate physical and 

data-driven models describing AgNP synthesis in microreactors and further optimise the 

overall process. In addition, the thesis evaluates the predictability of AgNP sizes in well-

mixed reactors under different chemical protocols, utilizing the Finke-Watzky mechanism 

to describe synthesis and estimate nucleation and growth constants. This thesis also 

integrates physical and data-driven models to provide insights into AgNP synthesis in 

continuous flow reactor, focusing on the interaction between hydrodynamics, reaction 

kinetics, and PSD. Data science and machine learning techniques are employed to further 
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optimize synthesis protocols, generalize the approach and improve control over AgNP 

properties. 

Apart from the experimental part, a comprehensive literature review was conducted to 

gather previous studies relating to synthesis of AgNPs and investigate the different 

methods developed over the years, the parameters that affect the physicochemical 

properties of AgNPs, available kinetic models, methods and techniques for optimization 

and prediction of nanoparticle properties including physics-based models, DoE and data 

science approaches, and the areas requiring further study. 

This thesis aims to contribute to the field by providing a framework for the efficient and 

controlled synthesis of AgNPs, using advanced predictive and optimization techniques. 

The results will be applicable to various industrial uses of AgNPs, enhancing their 

implementation across different sectors. 

1.3 THESIS AIMS & OBJECTIVES 
 

This research project has the overall aim of the control of reactions in microfluidic devices 

as a route to the formation of nano-scale particles, focussed on the nucleation and growth 

of silver nanoparticles. More specifically, the objectives can be outlined as follows: 

• Identification of the optimal microfluidic experimental setup for efficiently gathering 

experimental data through comparison of a continuous flow reactor with a droplet-

based reactor under identical chemical and hydrodynamic conditions for synthesizing 

AgNPs (Chapter 4). 
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• Identify experimental conditions which produce the minimum size of nanoparticles 

through application of a response surface methodology and design of experiments 

(DoE) to optimize microfluidic synthesis of silver nanoparticles (Chapter 5). 

• Investigation of kinetics for two different set of chemicals in a well-mixed reactor and 

correlation development between kinetics and initial concentrations (Chapter 6). 

• Experimental validation of PBM-CFD simulations on synthesis of AgNPs in T-junction 

continuous microfluidic and well-mixed reactors (Chapter 7). 

• Optimization of microfluidic synthesis of silver nanoparticles using machine learning 

and data science approaches focusing on decision tree guided design of experiments 

and inverse modelling (Chapter 8). 

 

1.4 STRUCTURE AND CONTENT OF THE THESIS 
 

The thesis is structured as follows. Chapter 2 presents a literature review on properties 

and applications of AgNPs.  Different experimental methods, the parameters influencing 

the physicochemical properties of AgNPs, available kinetic models, methods and 

techniques for optimizing and predicting nanoparticle properties, including physics-based 

models, DoE and data science approaches described in the literature are explored.  

A comprehensive description of the chemical reagents used, and the experimental 

methods employed throughout this research is given in Chapter 3.  

The results from this research project are recorded in Chapters 4 - 8.  A comparison 

between AgNPs synthesized in T-junction continuous flow and droplet (multiphase flow) 

reactors under identical experimental conditions, including chemical protocol and 
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operating parameters is given in Chapter 4. This comparison includes an analysis of 

operating parameters, highlighting the differences and similarities in the synthesis 

outcomes. 

The focus of Chapter 5 is on the application of a response surface methodology to 

optimize synthesis of silver nanoparticles in a microfluidic device.  This work involved the 

synthesis of AgNPs in T-junction tubing device by a chemical route through the reduction 

of silver nitrate (SN). Tannic acid (TA) was used as a reducing agent while trisodium citrate 

(TC) was used as both stabilising and reducing agent. A DoE strategy based on the D-

optimal approach was employed to build a model for optimization of the overall process. 

This study explored not only the adjustments of reagents used but also examined the 

control of hydrodynamic conditions. Particularly, DoE and microfluidics-based synthesis 

were combined to examine the effects of pH of the solution, collection and storage 

temperature, helical curvature of the outlet channel, flow rates and relative concentration 

of trisodium citrate on the size of AgNPs. It aimed to decrease the limitations of traditional 

approaches reliant on one-factor-at-a-time (OFAT) and batch-style chemical reactors 

contributing to a more sustainable and controlled AgNPs synthesis route. The kinetics of 

formation of AgNPs obtained from two different chemical protocols are explored in 

Chapter 6 using a well-mixed reactor.  The kinetics from both chemical sets are combined 

with the initial concentrations of precursors to establish a correlation, investigating the 

possibility of predicting the size of AgNPs using these distinct chemical protocols. Chapter 

7 presents the experimental validation of PBM-CFD simulations for the synthesis of 

AgNPs in microfluidic channels and well-mixed reactor. By combining Finke-Watzky 

reaction kinetics of AgNPs with computational fluid dynamics (CFD) and population 
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balance model (PBM), this investigation examined the effect of different operating 

conditions on the final particle size distribution in a T-junction microfluidic device, aiming 

to reduce material and energy demand. While numerical simulations were performed by 

Paula Pico at Imperial College London, the focus of this thesis was on experimental 

validation of PBM-CFD results.  

Chapter 8 focuses on the optimization of microfluidic synthesis of silver nanoparticles 

using machine learning modelling based on decision tree guided design of experiments 

and data science approaches such as Inverse modelling. The properties of AgNPs are 

affected by various parameters, making optimisation of their synthesis a challenging task.  

This chapter discusses optimization facilitated by concurrent use of a T-junction 

microfluidic system and machine learning approach.  AgNPs are synthesized by reducing 

silver nitrate with tannic acid in the presence of trisodium citrate. A decision tree-guided 

design of experiment and inverse modelling approaches are employed for AgNPs size. 

The developed approaches use kinetic nucleation and growth constants (see Chapter 6) 

derived from an independent set of experiments to account for chemistry of synthesis, the 

Reynolds number, and the ratio of Dean number to Reynolds number to reveal effect of 

hydrodynamics and mixing within device and storage temperature to account for particle 

stability after collection.  The obtained DT model was used to define a parameter space 

for additional experiments carried out to improve the model further.  The inverse model 

was used to identify the experimental conditions for different sizes of AgNPs. Chapter 9, 

provides the final conclusions of the thesis, reflecting on the overall aims and objectives 

of the project and offering recommendations for future work. Lastly, Chapter 10 contains 
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appendices, providing supplementary information and detailed data supporting this 

research project. 
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CHAPTER 2: LITERATURE REVIEW 1 
 

2.1 PROPERTIES AND APPLICATIONS OF SILVER NANOPARTICLES 
 

According to the Allied Market Research report released by Newswire (2020) the global 

market of AgNPs was valued at $1.8 billion in 2019 and it is projected to reach $4.1 billion 

by 2027.  During this forecast period, it is expected that the application of AgNPs in 

pharmaceutical sector will increase at the fastest growth rate in terms of volume and 

revenue due to their antibacterial and antiviral activity. AgNPs possess some unique 

properties which have enabled their application in multiple areas, as shown in Figure 2.1. 

AgNPs are effective against many bacteria including some antibiotic-resistant strains 

(Vazquez-Muñoz et al, 2019) and viruses (Lu et al, 2008), (Elechiguerra et al, 2005).  The 

enhanced antibacterial properties of silver at the nanoscale are valuable for applications 

in filters for water disinfection (Wei et al, 2018), food packaging and preservation (Wu et 

al, 2019), sterile textiles (Ballottin et al, 2017), the health care sector as skin products 

(Szczepańska et al, 2020), wound dressings (Parveen et al, 2018), catheters 

(Chutrakulwong et al, 2020) and dental materials (Parveen et al, 2018).  In skin products, 

these nanoparticles are employed as cleansers to kill harmful bacteria and treat acne or 

seborrheic dermatitis (Szczepańska et al, 2020).  AgNPs can also be embedded into 

finger or toenail paints to treat fungal infections (Dantas et al, 2021). Other medical 

 
1 Sections 2.1-2.5 of the literature review are adapted from Nathanael, K., Pico, P., 
Kovalchuk, N.M., Lavino, A.D., Simmons, M.J.H., Matar, O.K. (2022) Computational 
modelling and microfluidics as emerging approaches to synthesis of silver nanoparticles 
– A review.  Chem. Eng. J., 436, 135178. 
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applications of AgNPs include diagnostics and bioimaging (Noronha et al, 2017), drug 

delivery systems (Paul et al, 2020), and cancer treatment (Loiseau et al, 2019).    

 

Figure 2.1 Summary of the main applications of AgNPs  (Nathanael et al, 2022). 

 

Silver is the most electrically conductive element.  For nanoparticles, the melting 

temperature decreases with size because of increased surface energy.  Thus, 

coalescence and sintering of nanoparticles within a deposited film can be chemically 

induced at room temperature, resulting in a highly conductive thin silver film (Magdassi et 

al, 2010).  For this reason, conductive inks and silver films are among the most used 

materials in printed and flexible electronics (Rao, 2015). 
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AgNP-catalysts are highly effective given their large surface area to volume ratio and high 

selectivity.  They find applications for general organic reactions (Dong et al, 2015) and 

degradation of various organic dyes, including 4-nitrophenol (4-NP), methylene blue (MB), 

methyl orange (MO), phenol red (PR), and direct blue (DB24) (Bogireddy et al, 2016).  

AgNPs are also very promising catalysts for the production of hydrogen for fuel cells (Huff 

et al, 2020). When electromagnetic radiation interacts with AgNPs, it induces a collective 

oscillation of surface conduction electrons called surface plasmons. Existence of surface 

plasmons during their interaction with light is also responsible for the strong interaction of 

Ag colloids in UV-Vis spectral region (Krajczewski et al, 2017).  This allows the application 

of AgNPs in colorimetric probes for the selective sensing of different molecules in the food 

industry (Song et al, 2015), water quality control (Alzahrani, 2020), and medical 

diagnostics (Yen et al, 2015).  

 

2.2 METHODS OF SYNTHESIS AND CHARACTERISATION OF SILVER 

NANOPARTICLES  

 

The properties of nanoparticles, including AgNPs, are strongly dependent on their size 

and shape, which in turn are influenced by the fabrication method.  There are various 

routes for AgNPs synthesis which can be divided into top-down and bottom-up methods.  

Top-down processes start from the bulk material and decrease the size of the particles to 

the desired values.  Bottom-up methods use atomic, molecular, or ionic components to 

generate the more complex nanoscale structures (Lee & Jun, 2019).  Top-down 

approaches mainly utilise physical methods (Reverberi et al, 2020) while bottom-up routes 
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exploit different chemical (Quintero-Quiroz et al, 2019),  physical (El-Khatib et al, 2018), 

and biological (Siddiqi et al, 2018) processes. The most common physical methods 

include vapor condensation (Jung et al, 2006), arc-discharge (El-Khatib et al, 2018), laser 

ablation (Chen & Yeh, 2002) and ball milling method (Reverberi et al, 2020). All of these 

techniques provide quick processing time and decrease use of toxic chemicals. However, 

they have high energy consumption (Yusuf, 2019), (Siddiqi et al, 2018). Biological 

synthesis is based on microorganisms such as simple prokaryotic bacterial cells (Singh et 

al, 2018), yeast (Fernández et al, 2016), and eukaryotic fungi (Elamawi et al, 2018). This 

method have less control in AgNP size with main disadvantage being the mandatory stage 

of purification which may cause the generation of pathogenic bacteria and consequently 

a possible contamination if cleaning and quality protocols are not followed (Ge et al, 2014). 

Recent and comprehensive reviews of the available methods for the formation of AgNPs 

are given by Zahoor et al (2021) and Yaqoob et al (2020). 

The fabrication of AgNPs via chemical methods, which comprise most of the literature, is 

characterised by various approaches including photochemical (Manikprabhu & Lingappa, 

2013) and electrochemical (Roldán et al, 2013) techniques. Photochemical techniques 

use electromagnetic radiation to influence chemical reactions, while electrochemical 

techniques utilise electricity to force the movement of electrons causing chemical 

changes. The chemical reduction may occur in solid-state (Hosseinpour-Mashkani & 

Ramezani, 2014) and in a flow of inert gas such as N2 (Nakano et al, 2016). Chemical 

reduction in liquid phase is one of the most common approaches to produce AgNPs as it 

requires simple equipment which allows for large-scale production (Quintero-Quiroz et al, 
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2019). Thermal decomposition of different silver precursors such as silver acetate 

(Nakano et al, 2016) and silver oxalate (Navaladian et al, 2006) is another possible way 

to produce AgNPs.  

Reactions in liquid phase are usually carried out in macroscale reactors, but microreactors 

employing microfluidics or microemulsions are of growing interest.  A microemulsion is a 

thermodynamically stable dispersion of surfactants, oil, and water (Wani et al, 2013), 

where the droplets are of 10-100 nm in size and can act as reactors to perform chemical 

reactions.  More specifically, in aqueous droplets, silver salts are reduced to generate 

AgNPs.  Different surfactants can be used for the microemulsion technique, such as 

sodium dodecyl sulphate (SDS) (Zhang et al, 2008), cetyltrimethylammonium bromide 

(CTAB) (Al-Thabaiti et al, 2008) and Triton X-100 (Wani et al, 2013).   

Chemical reduction consists of three steps which are described as follow: i) the reduction 

of silver ions (Ag+) to silver atoms (Ag0) using reducing agents such as borohydrides (Lee 

et al, 2006), hydrazine compounds (Li et al, 2012), polyols (Kim et al, 2006), and sugars 

(Wang et al, 2005), ii) the nucleation and iii) the stabilisation of growing particles using 

surfactants like CTAB (Khan et al, 2011), or polymers like poly(vinylpyrrolidone) (PVP) 

(Kim et al, 2006) and poly (ethylene glycol) (PEG) (Roldán et al, 2013) (see Figure 2.2). 

Thiols (Aktara et al, 2019) and citrates (La Spina et al, 2020) are also widely used as 

stabilisers in the formation of AgNPs. Borohydrides (Lee et al, 2006), boranes (Rivero et 

al, 2013), hydrazine hydrate (Li et al, 2012) and aniline (Khan et al, 2011) are examples 

of strong reducing agents while ethylene glycol (Kim et al, 2006), glucose (Wang et al, 

2005) and tannic acid (Ranoszek-Soliwoda et al, 2017) are weak reducing agents. 
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Homogenous nucleation takes place when a nucleus begins to form within a parent phase.  

This process can be described thermodynamically by the total free energy of a NP, which 

is determined as the sum of the surface free energy and the volume free energy.  As the 

surface free energy is always positive and the volume energy is always negative, there is 

a maximum free energy where a stable nucleus with a given critical radius can be formed.  

The critical radius is the minimum size of a nucleus which can be formed in a solution 

without being redissolved.   

 

Figure 2.2 Steps of synthesis of AgNPs (Nathanael et al, 2022). 

 

In general, the formed nuclei then serve as templates for crystal growth to give colloidal 

AgNPs with varied diameters (Thanh et al, 2014).  The use of stabilising or capping 

agents, which  adsorb or bind onto the surfaces of the NPs, prevents the further growth 

and aggregation of NPs and makes the colloidal system kinetically stable (Nagarajan, 

2008).   
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Silver salts including AgCl4 (Van Hyning & Zukoski, 1998), (Wuithschick et al, 2013), 

AgCF3COO (Glushko et al, 2015), AgNO3 (Halder et al, 2021), AgCH3COO (Jana & Peng, 

2003), (Dung et al, 2014), or (PPh3)3Ag-R (R=NO3 or Cl) (Andrieux-Ledier et al, 2013) 

can be used as silver precursors (Andrieux-Ledier et al, 2013).  However, silver nitrate is 

the most common precursor due to its low cost and chemical stability (Ge et al, 2014). A 

growing list of viable chemicals for synthesis has been developing over the past few years 

and is summarized in Table 2.1. 

Green chemistry has received a lot of attention in recent years in line with the increasing 

demands of more environmentally friendly, non-toxic, and clean approaches to the 

production of AgNPs and other materials. The use of toxic chemicals and solvents can be 

avoided using reducing and capping agents generated by plant systems such as Melia 

dubia (Kathiravan et al, 2014), Melia azedarach (Jebril et al, 2020) or fruit extracts and 

fruit peels such as Sterculia acuminata (Bogireddy et al, 2016). For instance, C.camphora 

(Huang et al, 2007), Lippia citriodora (Cruz et al, 2010) coffee and tea extracts 

(Nadagouda & Varma, 2008) have been used to synthesize AgNPs as they contain 

alkaloids, flavonoids and carbohydrate compounds which were reported as reducing 

agents (Ahmad et al, 2019). Examples of green chemistry methods are also provided in 

Table 2.1.  

The most common analytical techniques that have been used to characterize size 

distributions, morphology, stability, interactions and surface properties of nanoparticles 

including AgNPs are ultraviolet visible spectroscopy (UV-vis spectroscopy), X-ray 

diffractometry (XRD), Fourier transform infrared spectroscopy (FTIR), X-ray photoelectron 
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spectroscopy (XPS), dynamic light scattering (DLS), scanning electron microscopy 

(SEM), transmission electron microscopy (TEM) and atomic force microscopy (AFM).  

SEM and TEM (Inkson, 2016) offer high resolution images of the nanoparticle (NP) 

morphology while XPS (Krishna & Philip, 2022) provide insights into the elemental 

composition and chemical state of the elements found on the NP surface.  FTIR (Eid, 

2022) is also useful to identify functional groups and chemical bonds on the NP surface. 

XRD (Epp, 2016) can provide information about the material’s structure properties and 

DLS (Ross Hallett, 1999) is a rapid and accurate method for measurements about the 

particle size distribution and stability of NPs in a suspension. AFM (Bellotti et al, 2022) 

enables measurements for surface roughness, particle size and mechanical properties. 

UV-Vis Spectroscopy (Rizwan & Gwenin, 2021) is ideal for monitoring the optical 

properties and estimating the size of NPs based on their absorption spectra. For example, 

in the case of AgNPs, small particles (around 10-50 nm) generally have an absorption 

peak around 400 nm, while larger particles (approximately 100 nm) exhibit a peak that 

shifts toward longer wavelengths, close to 500 nm (De Leersnyder et al, 2019). 

A very comprehensive comparison of the different analytical methods is described by 

Fissan et al (2014) who highlights the strengths and applications of each technique, 

providing a deeper understanding of their roles in nanoparticle characterisation. Each 

method can provide complementary information while their combined use can offer a 

thorough understanding of nanoparticle characteristics.  
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Table 2.1 Examples of chemical synthesis methods of AgNPs in batch reactors (Nathanael et al, 2022). 

Method 
Silver 

precursor 

Reducing 

agent 

Stabilising 

agent or 

surfactant 

Particle size 

(nm) 

Particle 

Shape 
Activity/Application References 

 

Chemical 

reduction 

AgNO3 NaBH4 

Dodecanoi

c acid 

(DDA) 

appr.7 nm Spherical 
Application as electrodes in 

printed circuit boards. 

(Lee et al, 

2006) 

 

Chemical 

reduction 

AgNO3 NaBH4 PVP 

 

9.0 ± 2.1 nm 

 

Spherical 

Application as building 

blocks for the fabrication of 

NPs-based thin films. 

(Li et al, 

2012) 

Chemical 

reduction 

AgCH3C

OO 
NaBH4 PVP Not stated. Not stated. 

The prepared AgNPs 

functionalized with 4-ATP 

were combined with Fe3O4 

NPs in order to apply in 

biomedicine. 

(Dung et al, 

2014) 
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Chemical 

reduction 
AgNO3 NaBH4 

Trisodium 

citrate 
Appr.9.94 nm 

Spherical 

and 

hemispheric

al 

Antimicrobial activity against 

Staphylococcus aureus, 

Escherichia coli, Escherichia 

coli AmpC resistant and 

Candida albicans. 

(Quintero-

Quiroz et al, 

2019) 

Chemical 

reduction

(micro 

emulsion) 

AgNO3 NaBH4 
Triton X-

100 
appr. 8 nm Disc shaped 

Antimicrobial activity against 

Escherichia coli and 

Candida albicans. 

(Wani et al, 

2013) 

Chemical 

reduction 
AgClO4 NaBH4 

Without 

any 

stabilising 

agent. 

Radius 5-8 

nm. 20-30% 

polydispersity

. 

Spherical Not stated. 
(Polte et al, 

2012) 
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Chemical 

reduction 
AgClO4 NaBH4 PVP 

Radius 5-7 

nm. 15-20% 

polydispersity

. 

Spherical Not stated. 
(Polte et al, 

2012) 

Chemical 

reduction

(microem

ulsion) 

AgNO3 NaBH4 

Natural 

biosurfacta

nt, 

rhamnolipi

d and n-

butanol as 

co-

surfactant 

6-15 nm Spherical Not stated. 
(Xie et al, 

2006) 

Chemical 

reduction

(microem

ulsion) 

AgNO3 NaBH4 CTAB Appr.40 nm 
Cube 

shaped 

Antimicrobial activity against 

Escherichia coli and 

Candida albicans. 

(Wani et al, 

2013) 
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Chemical 

reduction 

(PPh3) 

Ag-NO3 

Tert-

butylamin

e borane 

(TBAB) 

1-

dodecanet

hiol 

2.5 nm Spherical Not stated. 

(Andrieux-

Ledier et al, 

2013) 

Chemical 

reduction  

(PPh3) 

Ag-Cl 
TBAB 

1-

dodecanet

hiol 

4.8 nm Spherical Not stated. 

(Andrieux-

Ledier et al, 

2013) 

Chemical 

reduction 

(Pph3) 

Ag-Br 
TBAB 

1-

dodecanet

hiol 

3.4 nm Spherical Not stated. 

(Andrieux-

Ledier et al, 

2013) 

Chemical 

reduction 
AgNO3 N2H4

.H20 PVP 50-200 nm Triangular 

Application in surface-

enhanced Raman 

scattering (SERS). 

(Li et al, 

2012) 



45 

Chemical 

reduction

(microem

ulsion) 

AgNO3 N2H4
.H20 

Sodium bis 

(2-

ethylhexyl) 

sulfosuccin

ate (AOT) 

2-5 nm Spherical Antibacterial sector. 
(Zhang et 

al, 2007) 

Chemical 

reduction

(microem

ulsion) 

AgNO3 N2H4
.H20 

SDS and 

isoamylalc

hohol as 

the co-

surfactant 

6.5-12.1 nm Spherical Not stated. 
(Zhang et 

al, 2008) 

Chemical 

reduction 
AgNO3 Aniline CTAB 10-30 nm Spherical Not stated. 

(Khan et al, 

2011) 

Chemical 

reduction 
AgNO3 

Tannic 

acid 

Sodium 

citrate 
Appr.46 nm Spherical Not stated. 

(Ranoszek-

Soliwoda et 

al, 2017) 
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Chemical 

reduction 
AgNO3 Glucose 

PVP. 

NaOH 

enhanced 

the speed 

of reaction. 

20-80 nm Spherical Not stated. 
(Wang et al, 

2005) 

Chemical 

reduction 

(polyol 

process) 

AgNO3 
Ethylene 

glycol 
PVP 17 ± 2 nm Spherical Not stated. 

(Kim et al, 

2006) 

Thermal 

reduction  

AgCF3 

COO 

Isoamyl 

ether 
Oleic acid 7-11 nm Spherical Not stated. 

(Lin et al, 

2003) 

Green 

chemistry 

(seed 

extract) 

AgNO3 Jack fruit seeds extract 
22.12±1.05 

nm 
Not stated 

Antibacterial activities 

against Escherichia coli, 

salmonella Enterica 

Typhimurium 

(Chandhru 

et al, 2019) 
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Green 

chemistry 

(peel 

extract) 

AgNO3 
Citrus sinensis peel 

extract 
~35 nm Spherical 

Antibacterial activity against 

Escherichia coli, 

Pseudomonas aeruginosa 

and Staphylococcus aureus 

(Kaviya et 

al, 2011) 

Green 

Chemisty 

(leaf 

extract) 

AgNO3 Melia dubia leaf extract ~7.3 nm Spherical 

Anticancer activity against 

human breast cancer (KB) 

cell line. 

(Kathiravan 

et al, 2014) 

Green 

Chemisty 

(fruit 

extract) 

AgNO3 
Fruit extract Sterculia 

acuminata 
~10 nm Spherical Catalysis activity 

(Bogireddy 

et al, 2016) 
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Green 

Chemisty 

(fruit 

extract) 

AgNO3 
Fruit extract of 

Phyllanthus emblica 
~39 nm Spherical 

Antimicrobial activity in vitro 

against the pathogen 

Acidovorax oryzae strain 

RS-2 of rice bacterial brown 

stripe 

(Masum et 

al, 2019) 

Green 

chemistry 

(seed 

extract) 

AgNO3 
Seed extract of Alpinia 

katsumadai 
~12.6 nm 

Quasi-

spherical 

Cytotoxic effect against 

human gastric carcinoma 

SGC-7901 and antibacterial 

activity against Gram-

positive bacterium 

Streptococcus aureus and 

the Gram-negative bacteria 

Escherichia coli and 

Pseudomonas aeruginosa. 

(He et al, 

2017) 
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Green 

Chemisty  

(leaf 

extract) 

AgNO3 
Moringa oleifera leaf 

extract 
~50 nm 

Spherical 

and 

rectangular 

Drug Delivery. 
(Paul et al, 

2020) 
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2.3 MICROFLUIDIC PRODUCTION OF SILVER NANOPARTICLES 
 

Microfluidic devices offer numerous advantages compared to conventionally systems.  

According to a 2022 report released by the Allied Market Research, (Deshmukh, 2022) 

the global market of microfluidics is estimated to reach $158.1 billion by 2031.  

These systems offer precise control over fluid behaviour and enable various applications 

such as chemical synthesis, diagnostics, drug discovery and DNA analysis (Niculescu et 

al, 2021). The most common fabrication routes of microfluidic devices involve 

photolithography, soft lithography, micromachining and 3D printing where microchannels 

and structures are created on substrates like glass, silicon or polymers (Scott & Ali, 2021).  

Scaling down the reactor dimensions provides better control of the process of AgNPs 

synthesis and enables a low consumption and a high conversion of the reagents. Hence, 

the formation of undesired by-products and the waste produced are minimised, and the 

environmental impact is reduced (Badilescu & Packirisamy, 2012). By adjusting the supply 

of reagents for nucleation and growth, as well as varying the flow configuration, the size, 

shape and dispersity of particles can be controlled (Baber et al, 2017). Specifically for the 

synthesis of AgNPs, the reduction stage is fast (less than 200ms, according to Polte et al 

(2012) and mixing of silver precursor and other reactants is a critical stage to establish 

uniform reaction conditions.  

Continuous-flow (Makgwane & Ray, 2014) and droplet-based production (Shembekar et 

al, 2016) are two of the main operational settings reported for microfluidic synthesis. 

Microfluidic flows are laminar, enabling a precise control of hydrodynamic conditions, with 
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slow mixing being balanced by reduced path lengths of diffusion. Continuous-flow 

production involves a monophasic liquid system comprised of the reactants (i.e., the 

precursor, the reducing agent, and the stabilisers) in aqueous solutions, as depicted in 

Figure 2.3A. Some of the main disadvantages of continuous flow microfluidic reactors are 

related to the classic laminar parabolic flow profile formed in the channel.  The velocity 

distribution thus formed consequently causes a distribution of fluid residence times and 

the no-slip condition at the channel wall can lead to particle deposition and fouling or 

blockage of the channel. Performance of continuous flow reactors can be improved by 

employing channels with twists and turns to promote mixing (Wu et al, 2017) or by droplet-

based operations. 

In droplet microfluidics, discrete droplets are produced and manipulated using immiscible 

segmented liquid-liquid multiphase flows inside the microchannels. One of the liquid 

phases corresponds to an aqueous solution of the reactants and the other to an inert oil 

phase that carries the droplets through the channel, as shown in Figure 2.3 (B-D). A 

summary of relevant experimental studies on synthesis of AgNPs using microfluidic 

technology is presented in Table 2.2. Drop-based synthesis is usually comprised of three 

general stages: droplet formation, mixing of the reactants within the droplet, and chemical 

reactions resulting in the formation of AgNPs.  Two primary operational settings for 

droplet-based synthesis are identified in the literature, one in which the reactants are 

brought together during the droplet formation step (e.g., Figure 2.3), and one in which the 

reactants are initially in separate droplets that collide and merge in the channel to initiate 

the mixing process and trigger the reactions. Various techniques such as crossflow 
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(commonly seen in T-junction setups), flow-focusing, and co-flow geometries (Anna, 

2016) (see Figure 2.3) are utilised for droplet formation across the primary regimes: 

squeezing/dripping and jetting (Kovalchuk et al, 2019). It is noted that the majority of 

monodisperse droplets are formed within the dripping regime (Kovalchuk et al, 2018), 

suggesting its suitability for droplet production in microfluidic reactors. The size of the 

droplets is influenced by factors like interfacial tension during droplet formation and the 

viscosity ratio between the continuous and dispersed phases. Manipulating the flow rates 

of these phases allows for easy adjustment of droplet size. Determining the range of flow 

rates for the continuous and dispersed phases, ensuring reliable drop formation withing 

the dripping regime while achieving the desired drop size, can be accomplished through 

experimental investigation. Several parameters determine the successful coalescence of 

droplets as well, including the balance between the viscous, capillary, and inertial forces, 

the geometry of the channel, and the presence of surfactants (Shen et al, 2015). 

Experimental aspects of these topics have been discussed in numerous review papers 

(see for example Seemann et al (2012)). 
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A) Continuous flow operation                               B) Droplet based operation in T-junction geometry 

 

 

 

C) Droplet based operation in co-axial geometry    D) Droplet based operation in flow-focusing geometry 

 

Figure 2.3  Different configurations of microchannels such as A) continuous flow 

operation, droplet based operation in B) T-junction geometry, C) co-axial 

geometry D) flow focusing geometry Reproduced from Shembekar et al (2016).   
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Table 2.2 Experimental investigations on microfluidic fabrication of AgNPs (Nathanael et al, 2022). 

Silver 

Precursor 

Reducing and 

stabilising agent 

or other reagents 

Microfluidic type 
Flow rates of continuous 

and dispersed phases 
Size (𝐧𝐦) References 

AgNO3 

Borane 

dimethylamine 

(DMAB)/PVA and 

tween 80 

Droplet-based 

microfluidics: Two 

phase flow system 

Continuous phase/ oil flow 

rate: 5 mL/h 

Dispersed phase/water or 

reagent flow rate: 1mL/h 

2.5±0.5 nm 

(Wojnicki et al, 

2019) 

 

 

AgNO3 

Tannic 

acid/trisodium 

citrate 

Droplet-based 

microfluidics: Y 

junction with 

straight and 

serpentines 

channels 

Continuous phase/oil flow 

rate:60 and 80 µL/h. 

Dispersed phase/ reactant 

flow:16 and 32µL/h. 

16/60 µL/h→~16.3 nm 

16/80 µL/h→ ~12.8 

nm 

32/60 µL/h→~20.7 nm 

32/80 µL/h→~22.3 nm 

(Kašpar et al, 

2019) 
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C3AgF5O2 

(silver 

pentafluoro 

propionate) 

Trioctylamine and 

isoamyl ether at 

100-140 ℃ 

Continuous flow 

tubular 

microreactor 

0.08-0.7 mL/min 

0.08 mL/min→8.7±0.9 

nm 

0.6 mL/min→ NPs 

varied between 3 and 

12 nm 

(Lin et al, 

2004) 

AgNO3 
NaBH4/trisodium 

citrate 

Co-axial 

microfluidic 

reactor 

1, 2, 8 and 14 mL/min 

1mL/min →3.1±1.6 

nm, 2mL/min 

→3.3±2.2 nm, 

8mL/min →5.6±2.7 

nm and 14 mL/min 

→5.4±3.4 nm 

(Baber et al, 

2015) 

AgBF4 

1-Butyl-3-

methylimidazolium 

borohydride 

(BMIM-BH4) 

 

Droplet-based 

microfluidics: 

Multiple inlet T-

junction device 

Continuous phase/oil flow 

rate: 10 mL/h 

Dispersed phase/ reagent flow 

rates: 0.5 mL/h 

3.73±0.77 nm 
(Lazarus et al, 

2012) 
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AgNO3 
Glucose/PVP 

 

Piezoelectric 

actuated three 

phase flow 

pulsating mixing 

device 

Inlets flow rate: 3.5 mL/min 
29.11±3.98 nm 

 

(Liu et al, 

2018a) 

AgNO3 

NaBH4/PVP and 

EDTA as 

complexing agent 

 

Droplet-based 

microfluidics: T-

junction device 

10-30 mL/h for both 

continuous phase/oil stream 

and dispersed phase/aqueous 

stream 

10 mL/h→4.9±1.2 nm 

30 mL/h→7.6±1.8 nm 

 

(Xu et al, 

2016a) 
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2.4 MODELS USED TO DESCRIBE SILVER NANOPARTICLES FORMATION. 
 

Chemical synthesis of AgNPs is a dynamic process, thus, kinetic information, such as rate 

constants and mechanisms, is required to achieve the desired size and dispersity of 

particles. A brief description of LaMer model and Ostwald ripening mechanism is provided 

in this section, followed by detailed discussion of the Finke-Watzky two-step mechanism 

which was identified as the most suitable model to describe the autocatalytic synthesis of 

different metal-NPs like silver, gold and palladium (Özkar & Finke, 2017), (Luty-Błocho et 

al, 2017), (Wojnicki et al, 2016). 

The first mechanism used to describe NPs synthesis was developed by LaMer & Dinegar 

(1950), who examined the synthesis of sulphur sols from the decomposition of sodium 

thiosulfate. According to LaMer model, synthesis starts with a single instantaneous 

nucleation process. After that, nucleation ceases to occur because of low monomer 

concentration. Following nucleation, growth takes place by the diffusion. More specifically, 

this model suggests that a spherical volume with radius h has a concentric spherical 

nucleus with radius x where growth takes place on the surface of the spherical nucleus 

upon the arrival of a diffusing monomer. Eq. (2.1) shows the mathematical expression for 

the temporal evolution the radius x: 

d

dt
(x2) = [Css − Cs(t)]

2D

𝜌
−

2D

h3
x3, 

        

(2.1) 

where Css is the supersaturation concentration of sulfur, Cs(t) is the concentration of the 

soluble “monomer” above the saturation concentration as a function of time, D is the 
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diffusion coefficient of soluble sulfur monomers in the solution, 𝜌 (rho) is the bulk density 

of elemental sulfur, h the outer radius of the spherical region where diffusion is occurring. 

Note the concentration Css − Cs(t) is in 
kg

m3⁄ .The Ostwald ripening mechanism was 

expressed by Lifshitz & Slyozov (1961) and Wagner (1961) (LSW theory). The 

mathematical theory of this growth model is based on the high solubility and the surface 

energy of smaller particles in a solution, which redissolve, thus allowing the larger particles 

to grow further. Piwoński et al (2016) and Shukla et al (2009) discussed Ostwald ripening 

mechanism in the growth of silver and silver halide particles, respectively. In this model, 

the radius r of the particle varies with time, as described in Eq. (2.2):  

 

dr

dt
=

D

r
 (∆ −

a

r
 ), (2.2) 

 

where ∆= c − c∞, is the difference of current concentration (c) and saturated concentration 

(c∞) of a solution,  D is the diffusion constant, and a =
2σuc∞

RT⁄  is defined by the surface 

tension σ, solubility c∞, atomic volume u of the solute, gas constant R , and temperature T. 

 

The autocatalytic behaviour of transition metals like silver and gold cannot be described 

through LaMer model. This model requires super saturation conditions to initiate burst 

nucleation while the autocatalytic mechanism where the product of reaction acts as a 

catalyst for the same reaction takes place for reactions far below supersaturation 

conditions (Ashley et al, 2017). 



59 

 

The Finke-Watzky two-step model (Watzky & Finke, 1997) assumes a slow continuous 

nucleation followed by an autocatalytic growth step. The concentration of precursor A 

(e.g., Ag+ ) remains almost constant for a long time and then a quick sigmoidal decrease 

is observed. During the first step, there is a direct formation of nuclei from precursor A 

through a pseudo-first order reaction, illustrated in Eq. (2.3). The nucleation step includes 

all processes leading up to the appearance of first nucleus, including the chemical 

reduction of precursor A using a reducing agent. 

Nucleation: A
k1
→ B        ;         n0 = k1[A], (2.3) 

In Eq. (2.3), k1, n0, and [A] correspond to the nucleation kinetic constant, the nucleation 

rate, and the molar concentration of the precursor, respectively. After nucleation, an 

autocatalytic growth of B nuclei and the formation of B particles follows, as shown in Eq. 

(2.4): 

Growth: A + B
k2
→ 2B        ;         G = k2[A][B], (2.4) 

where k2, G, and [B] correspond to the growth kinetic constant, the growth rate, and the 

molar concentration of the silver in nuclei and NPs, respectively. Usually, a stabilising 

agent is used in this step to stabilise particles and avoid aggregation. The overall reaction 

rate can be expressed as shown in Eq. (2.5): 

                    −
d[A]

dt
=

d[B]

dt
= k1[A] + k2[A][B]                  (2.5) 
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Assuming that the concentration of silver in nuclei and NPs [B] changes with time t as 

[B](t) = [A]0 – [A](t), where [A](t) is the concentration of silver in precursor, including silver 

atoms and particles of prenuclear size at time t and [A]0 is the initial concentration of the 

silver precursor, [A] depends on time as shown in Eq. (2.6):  

[A](t) =

k1

k2
+ [A]0

1 +
k1

k2[A]0
∗ exp(k1 + k2[A]0) t

. (2.6) 

Values of rate constants k1 and k2 can be obtained from fitting experimental data to Eq. 

(2.6) or from its linearized form (Eq. (2.7)):  

 

ln (
[A]0 − [A]

[A]
) = ln (

k1

k2[A0]
) + k2[A]0t, (2.7) 

obtained under assumptions k2[A]0 k1 ≫ 1⁄  and [A] < [A]0 (Amirjani & Haghshenas, 

2018). 

 

The Finke-Watzky mechanism has been widely used to describe the kinetics of AgNPs 

synthesis. Various methods have been employed to determine the rate constants for 

nucleation (k1) and growth (k2).  Some relevant examples are described below and 

summarized in Table 2.3. Kytsya et al (2015) studied the kinetics of the synthesis of 

AgNPs using the method of direct potentiometry. AgNPs were obtained by the reduction 

of silver nitrate with hydrazine at basic pH and using sodium citrate as stabilising agent. 

The authors verified the use of the Finke-Watzky two-step mechanism in AgNP formation 
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and reported that the nucleation of AgNPs is limited by the reduction of silver ions to silver 

atoms. For this reason, they proposed a surface-dependent model for AgNP growth based 

on Finke-Watzky model, which leads to equations that describe the total reaction rate. A 

similar study is described by Sandoe et al (2019), who measured the change in AgNP 

surface plasmon resonance and change in silver ion concentration, during citrate method 

for the synthesis of AgNPs using UV-visible spectroscopy (indirect method), ion-selective 

electrode potentiometry and atomic absorption spectroscopy (AAS) (direct method).  The 

sigmoidal kinetic curves obtained were described by Finke-Watzky model and the rate 

constants for nucleation (k1) and growth (k2) were estimated for each method separately. 

Sandoe et al (2019) showed that the average values of k1 and k2 overlapped within 

experimental error between the different methods. Amirjani & Haghshenas (2018) also 

indicated that the nucleation and growth of AgNPs is very similar to the Finke-Watzky 

mechanism.  The authors used three different approaches to model the kinetics of the 

synthesis process including linear fitting, non-linear fitting and a modified Finke-Watzky 

mechanism by considering a reversible pseudo-first order reaction for the nucleation step. 

Their kinetic data were obtained by borohydride reduction with PVP and showed 

significant differences between the three different approaches. In the case of 0.0008 g 

PVP and linear Finke-Watzky mechanism, k1 and k2 were estimated to be 0.034 ± 0.0001 

min -1 and 911 ± 6 M-1min-1, respectively.  For the same conditions but non-linear fitting, 

k1 and k2 were calculated to be 0.031 ± 0.01 min -1 and 574 ± 5 M-1min-1, respectively.  By 

using a modified Finke-Watzky mechanism, the authors developed a kinetic model closer 

to the synthesis system with k1 and k2 equal to 1.025 ± 0.003 min -1 and 107.7 ± 5 M-1min-
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1, respectively. By estimating k1 and k2 at different concentrations of PVP, they also 

showed that PVP can hinder both the nucleation and growth stages. 

The improvement and development of kinetic models for AgNPs synthesis is still an open 

field of research.  Specifically, there is a need to develop a kinetic model suitable for using 

in numerical simulations which simultaneously account for the process of hydrodynamics, 

as will be described in detail in the upcoming sections.  

Table 2.3: Examples of nucleation (k1) and growth (k2) constants of Finke-Watzky 

model for synthesis of AgNPs using different methods and reagents. All the rate 

constants k1 and k2 were converted into min-1 and M-1min-,1 respectively from the 

original publications (Nathanael et al, 2022). 

Method/Reagents k1 (min -1) k2 (M-1min-1) References 

 

Chemical 

reduction/Silver 

nitrate, sodium 

hydroxide, hydrazine 

hydrate, sodium 

citrate dihydrate at 

20oC. 

 

9 × 10-6 min-1 959 M-1 min-1 
(Kytsya et al, 

2015) 
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Chemical 

reduction/Silver nitrate 

(0.2mM), sodium 

citrate (1 mM), (UV-

visible spectroscopy). 

 

(2.2±0.4) × 10-5 

min -1 

 

 

 

(0.53±0.01)  

M-1min-1 

 

 

 

(Sandoe et al, 

2019) 

Microwave technique/ 

Silver nitrate, ethylene 

glycol, PVP at 130-

1800C 

(1.3±0.6) × 10-8 

min -1 

at 180oC 

 

(2±0.2) × 10-5 min-1 

at 130oC 

(24.1±0.6) × 

10-2 M-1min-1 

at 180 oC 

 

(1.65±0.02) × 

10-2 M-1min-1 at 

130oC 

 

(Özkar & 

Finke, 2017) 

 

Chemical 

reduction/Silver nitrate 

(2.5mM), trisodium 

citrate dihydrate (0.1 

M), sodium 

borohydride (1.25mM, 

PVP (7.2 x 10-6 mole) 

(non-linear fitting). 

0.031 ± 0.01 min -1 

 

 

574 ± 5 M-

1min-1 

 

 

(Amirjani & 

Haghshenas, 

2018) 
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Photoreduction of 

silver perchlorate in 

water/AOT/benzene 

water in oil(w/o) 

microemulsions. 

9 × 10-3 min-1 
71 × 10-2 M-

1min-1 

(Harada et al, 

2010) 

Reduction of silver 

nitrate (0.012M) by 

hydrazine (0.66 M) in 

the reverse micelles of 

oxyethylated 

surfactant Triton N-42 

at 25oC. 

 

 

9.59 × 10-3 min -1 

 

 

 

 

1.848 × 104 M-

1min-1 

 

 

(Tatarchuk et 

al, 2013) 

 

 

2.5 PARAMETERS AFFECTING THE PHYSICOCHEMICAL PROPERTIES OF AgNPs 
 

Since well-defined properties of AgNPs are necessary for many industrial applications, 

the selection and control of the reaction conditions to achieve a reproducible synthesis 

process is critical.  Some experimental parameters can be tuned to control AgNPs size, 

shape, and stability, including reagents concentration, reaction temperature, pH of the 

solution, use of a complexing agent, and mixing rate, among others. 
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Firstly, the size and shape of AgNPs can be controlled by adjusting the type and 

concentration of the reducing agent and silver precursor (Calderón-Jiménez et al, 2017), 

(Siddiqi et al, 2018).  Sobczak-Kupiec et al (2011) found that the increase in the 

concentration of the precursor used (silver nitrate) leads to larger particles because of an 

increased collision frequency. By preparing AgNPs using different silver phosphine 

precursors, such as RAg (PPH3)n (R=Cl, Br, or NO3 and n=1 or 3), with tert-butylamine 

borane (TBAB) in the presence of dodecanethiols (C12), Andrieux-Ledier et al (2013) 

showed that the nature of the functional group in the silver precursor affects the AgNPs 

size as well.  The authors assumed that the small raise of the redox potential (NO3Ag 

(PPH3) > BrAg (PPH3) > ClAg (PPH3)) results in a significant rise of the nucleation rate 

and hence a reduction in the size of AgNPs from Cl to Br and Cl to NO3, respectively.  

Regarding the type of reducing agent, Demchenko et al (2020) showed that decreasing 

redox potentials of reducing agents results in larger NPs.  Specifically, use of sodium 

borohydride (NaBH4) as a strong reducing agent can facilitate instant nuclei generation, 

leading to the formation of smaller NPs, while a weaker reducing agent, such as ascorbic 

acid, produces bigger NPs. When using weak reductants, the reaction rate can be raised 

by raising the temperature (Ge et al, 2014).  Skrabalak et al (2008) presented a study on 

how the polyol synthesis can be used to produce AgNPs with different shapes, such as 

nanowires and nanocubes. They showed that heating ethylene glycol in air results in its 

oxidation to glycolaldehyde (GA), a powerful reducing agent. The temperature of reaction 

strongly affects the amount of GA produced and hence the reduction rate.  
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A very comprehensive review about the different approaches that can be used for the 

synthesis of AgNPs of a desired size and shape is provided by Mukherji et al (2019). As 

another example of the temperature effect, Kaviya et al (2011) prepared spherical AgNPs 

at room temperature (25 ℃) and 60 ℃ using citrus sinensis peel extract as the reducing 

and capping agent. The sizes of AgNPs were 35 nm and 10 nm at 25 ℃ and 60 ℃, 

respectively.  Similarly, Liu et al (2020) examined the effect of temperature on the 

nucleation and growth kinetic constants. They showed that the nucleation rate constant 

increases sharply at high temperatures, while the growth rate constant rises linearly with 

the reaction temperature.  The authors concluded that the decrease of particle size at high 

temperatures can be attributed to the sharp rise in the nucleation constant instead of the 

reduced growth rate constant. For microfluidic synthesis, glass-based microreactors 

enable broad temperature control due to the thermal stability of borosilicate glass, which 

remains stable at temperatures up to 1500°C (Tang et al, 2021). In contrast, PDMS 

devices allow for temperature control only within a limited range, typically up to 70 ℃. 

As mentioned previously, the morphology and size of AgNPs can be controlled by the 

addition of complexing agents. Some common complexing agents include ammonia (NH3) 

(Zhao et al, 2010) and ethylenediaminetetraacetic acid (EDTA) (Feng et al, 2011). V. Goia 

& Matijević (1998) demonstrated the changes in redox potentials of Ag+ as a consequence 

of complex formation. For example, NH3 reacts with Ag+  to form the complex [Ag (NH3)2
+] 

(Peard & Pflaum, 1958). This complex is more stable and more difficult to reduce to Ago 

compared to Ag+, as indicated by its lower redox potential of 0.38 V versus 0.799 V for 

Ag+/Ago.  When the reaction occurs in the presence of Ag (NH3)2, ethylene glycol and 
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PVP, the growth of silver grains is supressed resulting in smaller size of AgNPs, as 

investigated by Zhao et al (2010). The presence of ammonia can reduce the concentration 

of free silver ions in the solution, thus influencing the equilibrium between AgNPs/Ag+ 

(Kostigen Mumper et al, 2013). This controlled environment facilitates the formation of 

smaller and more uniform AgNPs. An interesting example in the literature is also described 

by Feng et al (2011), reported that Ag/EDTA complex significantly reduces the reaction 

speed of AgNPs and thus provides good selectivity during crystalline growth.  

Another factor that affects reaction chemistry and thus kinetic constants, particle size, 

shape and AgNPs’ aggregation due to change of zeta potential, is pH.  Alqadi et al (2014) 

studied the effect of pH on the aggregation of AgNPs synthesized by chemical reduction 

and showed that the size decreases with an increase in pH. They also suggested that this 

difference can be attributed to the difference in the reduction rate of silver precursor.  

Marciniak et al (2020) studied the effect of pH on the size of AgNPs using citric acid, as 

reducing agent. At alkaline conditions, they observed that the charges of citrate (pka =6.4) 

change and dicarboxyacetone (DCA) is produced as a by-product of the decarboxylation 

of citrate during silver reduction. At a pH value of 12, there is a completely hydrolysed 

DCA2- and Cit3- species, and a higher reducing ability leading to faster reduction of the 

silver ions during the growth stage.  Similarly, Qin et al (2010) presented that high pH 

improves the reducing power of ascorbic acid and smaller size particles can be obtained. 

The influence of pH on the shape of AgNPs has been discussed in detail by Dong et al 

(2009). The authors used citrate reduction of silver nitrate under high and low pH (from 

5.7 to 11.1) and developed a stepwise reduction method to have a better control over the 
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shape of AgNPs. At high pH, AgNPs were both spherical- and rod-like due to fast 

reduction rates of silver nitrate, while at low pH AgNPs were triangle- and polygon-shaped 

as a result of slow reduction rate of silver precursor. They proposed a fast nucleation stage 

at high pH followed by a slow growth stage in lower pH to improve the balance between 

the nucleation and growth processes. 

The effect of mixing on AgNPs size has also been investigated. Ng et al (2012) 

synthesized AgNPs through a green chemistry method using a rotating packed bed 

reactor. The intense mixing and high mass transfer rates led to more uniform and smaller-

sized AgNPs. Similarly, Kisyelova et al (2016) used a stirred tank reactor (STR) with a 

turbine impeller and a spinning disc reactor (SDR). They showed that these reactor 

configurations can intensify the mixing process and reduce the average size of AgNPs 

from 31 to 16 nm. 

Generally, AgNPs tend to agglomerate and gradually grow into larger particles to reduce 

their overall surface energy. Therefore, to preserve the targeted mean size and particle 

size distribution of synthesized AgNPs, it is important to use a stabilising agent. Multiple 

mechanisms of AgNPs stabilisation by capping agents are found in the literature, including 

steric, electrostatic, or electro steric stabilisation. Ionic stabilisers (e.g., citrate) generate 

a charged layer around particles that serves as an electrostatic barrier to agglomeration. 

More specifically, repulsive forces are created between NPs and, provided the electric 

potential related to the double layer is high enough, the electrostatic repulsion will inhibit 

aggregation (Roucoux et al, 2002).  According to Badawy et al (2010), uncoated AgNPs 

at pH 8.9 have Z-potential -22 mV, while AgNPs stabilised electrostatically through the 
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ionization of the carboxyl groups of citrate have -40mV. The electrostatic stabilisation can 

be influenced by pH, temperature, and concentration of stabilising agent.  

On the other hand, non-ionic compounds can be adsorbed onto the surface of the NPs 

and provide a steric protective layer which can limit the free motion of NPs in the solution 

(Roucoux et al, 2002), (Manojkumar et al, 2016). The thickness of this protective layer 

depends on the nature and length of the stabilising agent. The incorporation process of 

non-ionic molecules depends on surface properties of NP. For example, noble metals 

such as silver are well bonded with thiols, amines, and cyanides (Guerrini et al, 2018). 

Examples of non-ionic stabilisers are PVP and PEG. It has been reported that AgNPs 

sterically stabilised by PVP and PEG are more stable than citrate-coated AgNPs, which 

weakly interact with the Ag core and stabilise AgNPs through charge repulsion (Tejamaya 

et al, 2012). However, the main advantage of citrate in AgNPs synthesis is the opportunity 

of further functionalisation of NPs as citrate can be easily replaced by other compounds. 

This is a consequence of the weak interactions of citrate molecules with metal surfaces.  

An interesting study that combined the two mentioned protective mechanisms was 

conducted by Wang et al (2020). They used the steric hindrance effect of PVP and the 

charge repulsion effect of sodium tripolyphosphate (STPP) to observe differences in 

dispersity, stability, and redox process of AgNPs synthesis. The synergistic effect of both 

PVP and STPP limited the reaction rate of silver ions preventing by this way the 

polydispersity of NPs. 

Aside from the parameters directly involved in AgNPs synthesis, storage conditions, 

storage time, and the stabilisation mechanism can also affect the temporal evolution of 
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the AgNPs properties.  According to Izak-Nau et al (2015), AgNPs dispersion can age 

during storage and the most significant factors affecting ageing are temperature, exposure 

to daylight, and the nature of the stabilising agent. The changes that can be seen during 

ageing are related to processes of agglomeration, dissolution, or oxidation. In the case of 

dispersions stored at room temperature and exposed to daylight, an increase in particle 

size was observed. An increase of temperature results in an increase of NP collision rate, 

which causes agglomeration, while the exposure to daylight induces the photo-reduction 

of already dissolved Ag ions and the generation of new AgNPs increasing the sample’s 

dispersity. Regarding the nature of the stabilising agent, it was found that AgNPs coated 

by neutral stabilisers demonstrate better stability over time compared to the AgNPs 

stabilised electrostatically. Particularly, Izak-Nau et al (2015) showed that negative and 

positive capping agents may cause agglomeration at room temperature. Other observed 

effects during ageing are related to dissolution and oxidation of AgNPs, which may change 

the composition of samples and modulate their toxicity. For example, in the case of 

negatively charged AgNPs samples, it was shown that longer storage time leads to an 

increase in the amount of Ag ions. Similarly, positively charged AgNPs exhibited a similar 

trend being the most toxic, causing damage to cell membranes and cell death. In contrast, 

neutral AgNPs showed the least impact on cell viability measures. An explanation for this 

behaviour could be related to the stabilisation mechanism as neutral AgNPs were 

stabilised sterically, while positively and negatively charged AgNPs were stabilised 

electrostatically (Izak-Nau et al, 2015).  
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2.6 SYNTHESIS AND PROPERTIES OF SILVER NANOPARTICLES: PHYSICS-

BASED MODELS 

 

Numerical simulations using physics-based models have become a valuable tool for 

optimizing the synthesis of AgNPs. By conducting computational simulations at various 

levels, significant operational parameters influencing the final properties of AgNPs have 

been identified (Yoneya & Sugisawa, 2019), (Liu et al, 2018b), (Kyrychenko et al, 2017). 

Over the years, extensive investigations have been conducted at different scales, 

including molecular dynamics (MD) simulations at molecular level and population balance 

modelling (PBM) and CFD at the meso- and macroscale. These studies aim to predict the 

behavior of the reacting system during NPs synthesis and elucidate the final properties of 

AgNPs, along with understanding their molecular interactions with other components.  

For instance, Zeng et al (2007) examined the growth mechanisms of AgNPs when various 

surfactants were employed as capping agents using MD simulations. The aim was to 

achieve enhanced control over particle morphology, which is crucial for diverse 

applications.  The growth mechanisms were investigated by assessing the interaction 

energies between the surfactants and different Ag crystalline planes (100,110,111). The 

surfactants tested included bis(2-ethylhexyl) sulfosuccinate (AOT), 1-dodecanethiol 

(C12SH), and cetyltrimethylammonium bromide (CTAB). Results revealed that all 

surfactants exhibited a preference for absorption on the (111) plane, characterized by the 

lowest interaction energy. This preference was found to hinder crystal growth in that 

direction, thereby influencing the final shape of the nanoparticles. Balankura et al (2020) 

conducting molecular scale investigations contributed insights into the synthesis and 
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aggregation mechanism of PVP-coated triangular Ag nanoplates under vacuum 

conditions and in the presence of ethylene glycol (EG) solvent. Their findings suggest that 

PVP molecules continuously diffuse or desorb, around the aggregate to create vacant 

spaces between particles. Additionally, they observed that the free energy barrier required 

for attachment is considerably higher for face-to-face aggregation compared to lateral 

aggregation. Milek & Zahn (2014) also conducted MD simulations to investigate the 

formation of AgNPs from silver nitrate in EG solution. This study focused on examining 

the association of Ag+ ions and the dynamic evolution of Ag clusters’ structure under 

varying redox potential conditions. The simulation outcomes conclusively demonstrated 

the pivotal influence of redox potential on both the overall shape and the internal structure 

of the cluster. 

The studies outlined above underline the significance of MD simulations in understanding 

how diverse particle sizes and shapes can be achieved through the use of different 

stabilising agents. This knowledge is crucial for guiding the design of novel stabilising 

agents and synthesis pathways, facilitating the selection of reactants to achieve specific 

nanoparticle properties.  

However, to incorporate additional phenomena such as hydrodynamics, models operating 

at meso- and macro scales studies are needed. Efforts have been made in multiscale 

computational modelling to describe synthesis processes in microfluidic continuous and 

droplet-flow reactors, further advancing the understanding of nanoparticles synthesis such 

as the works of Liu et al (2014b) and Kašpar et al (2019). 
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Liu et al (2014b) utilised a combined approach involving PBM and CFD with reactive 

kinetics to forecast the PSD of AgNPs produced in a continuous flow microchannel. The 

PBM framework is based on a mesoscale depiction of a collection of discrete sub-entities, 

with their PSD evolution described by a population balance equation (PBE). The PBE 

represents a kinetic transport equation in terms of the number density function (NDF), 

which quantifies the number of particles possessing a specific property or internal variable 

per unit volume. The PBE version introduced by Liu et al (2014b) is based on the 

assumption that the AgNPs population displays polydispersity solely in particle size, thus 

making NDF univariate.  Additionally, the transport of the NDF via molecular diffusion was 

neglected, along with terms representing discrete events such as particle agglomeration 

or de-agglomeration. 

The combined experimental and CFD investgation by Kašpar et al (2019) explored mixing 

phenomena within serpentine channels for the synthesis of AgNPs. In this study, AgNPs 

were synthesized via the reduction reaction involving silver nitrate and tannic acid in the 

presence of trisodium citrate as stabilising agent. Reactants and continuous phase 

(mineral oil) flows meet at a junction where aqueous droplets with reactants were formed 

and then traversed through a meandering channel. 

Unlike typical approaches (Sarrazin et al, 2006),(Madadelahi & Shamloo, 2017) CFD 

simulations in this study did not employ a volume of fluid (VOF) method. They utilised a 

field-based level set approach incorporating a conservation equation for the level set 

function. Computational modelling incorporated tracer particles to monitor the mixing 

process within the droplet, aligning with the aforementioned methodology. 
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The findings form the experimental and CFD analyses provided valuable insights into 

droplet formation and mixing processes. Notably, the mixing analyses confirmed earlier 

observations regarding the impact of channel bends on droplet mixing efficiency. 

Simulation results revealed that, after 40 milliseconds of operation, droplets passing 

through straight channels achieved only 67% mixing efficiency, whereas those navigating 

meandering channels achieved approximately 88% mixing efficiency at equivalent flow 

rates.   

 

2.7 DESIGN OF EXPERIMENTS AND RESPONSE SURFACE METHODOLOGY 
 

The design and optimisation of synthesis of AgNPs is an inherently complex process 

which involves many variables.  For example, the degree of mixing of reagents (Kisyelova 

et al, 2016), redox potentials of reducing agents (Demchenko et al, 2020), reaction 

temperature (Kaviya et al, 2011) and pH of the solution (Alqadi et al, 2014) are key 

parameters which can be tuned to control the reduction rate of silver ions and therefore 

the physicochemical characteristics of nanoparticles.  Employment of one factor at time 

(OFAT) experimentation (Eckert & Trinh, 2016) to elucidate the effect of these variables 

individually whilst the others are held constant is a time and resource intensive process 

which ignores the effect of interactions between variables and results in the development 

of a poor prediction.   

To overcome these limitations, design of experiments (DoE) methods can be exploited 

(Mason et al, 2003).  DoE methodology (Durakovic, 2017) is a statistical tool used to find 

the relationship between a set of independent variables (input variables) and a dependent 
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variable (measured response variable) where factors are the input experimental 

parameters which can be quantitative or qualitative and levels are the different values that 

factors can take. 

The most commonly used designs in scientific and engineering disciplines include full and 

fractional factorial (Altayb et al, 2021), (Kania et al, 2021), (Echeverría et al, 2021) and 

response surface designs (Nourafkan et al, 2017), (Ayyubi et al, 2022), (Ho et al, 2022).  

Full factorial design (FFD) (Antony, 2014a) contains all possible combinations of selected 

factors and levels.  Although it provides the best insight into a system, FFD might generate 

a large set of experiments and be very expensive in terms of cost and time if the number 

of factors and levels are high. Conversely, fractional factorial design (Antony, 2014b) 

focusses on the main variables that affect the response (interactions are usually 

confounded) with the minimum possible number of runs (Mason et al, 2003).  

 

Designs associated with response surface methodology (RSM) include central composite 

design (CCD), Box-Behnken design (BBD) and non-standard designs such as D-optimal 

design.   

These designs are used to provide an understanding of the system and the relationship 

between factors and responses and also to enable system optimization using minimum 

required experimental runs (Montgomery, 2013) . CCD (Wagner et al, 2014) is based on 

factorial designs where the centre points are augmented with a group of axial points called 

star points to estimate the curvature, while in BBD (Das & Dewanjee, 2018), there are no 

axial points and the possible combinations of experimental points are placed at the centre 

points of the edges of experimental domain. D-optimal design (Montgomery, 2013) is an 
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alternative to consider in cases where there is an irregular experimental region, a non-

standard model that deviates from the usual first or second order ones or an unusual 

sample size requirement.  

The application of DoE has been expanded to many industry sectors including 

pharmaceutical, (Ho et al, 2022), (Baghaei et al, 2021), (Baroutaji et al, 2019) and food 

(Encina-Zelada et al, 2019),(Santos et al, 2018) as a part of design, development and 

optimisation of products and processes.  There are a few studies to optimize AgNPs 

formulations using a systematic experimental design with main focus on the control of 

reactants used.  

Prema et al (2022) optimized batch synthesis of AgNPs using a central composite design 

(CCD) with three independent variables (AgN03 concentration, green tea extract 

concentration and temperature) at three different levels.  The dependent variables were 

the size of AgNPs using their UV absorbance, zeta potential and polydispersity index. A 

second order polynomial quadratic equation was used to describe the relationship 

between the different factors across each response and used to find the optimised 

conditions (1 mM AgN03, 0.5% green tea extract and 80 oC).  

Sarkar et al (2021) optimized the yield of AgNPs produced from Eucalyptus globulus fruit 

extract using a batch process. The authors used factorial design to identify the significant 

parameters and a CCD with three factors (AgN03 concentration, dose of the extract, time) 

at two levels.  They found that the optimal conditions for maximum yield of AgNPs are 

AgN03 1.8 mM, 10% fruit extract and 12 h.  

 



77 

2.8 DATA SCIENCE APPROACHES FOR THE OPTIMIZATION OF 

NANOPARTICLE’S SYNTHESIS 
 

Machine learning (ML) combined with microfluidic synthesis offers a promising approach 

to tackle the repeated and extensive experimental tests and accelerate the development 

of efficient protocols (Chen & Lv, 2022).  

Recently, artificial intelligence (AI) has become a valuable aid for many scientific and 

engineering fields, including nanotechnology, due to its contribution in data acquisition 

and processing improvements (Hrvat et al, 2021), (Zhang et al, 2021),(Adir et al, 2020).  

ML algorithms which are a subset of AI have been employed specifically in the synthesis 

of AgNPs to predict their characteristics (Sun et al, 2017), (shafaei & Khayati, 2020), 

(Findlay et al, 2018) or perform other kinds of decision making under uncertainty (Liu et 

al, 2021).  Mekki-Berrada et al (2021) combined a deep neural network (DNN) and 

Gaussian process-based Bayesian optimization (BO) to synthesize AgNPs with a desired 

absorbance spectrum in a droplet microfluidic device.  They used the flow rates of silver 

seeds (Qseed), of silver nitrate, SN (QAgNO3
), of trisodium citrate, TC (QTC) and polyvinyl 

alcohol, PVA (QPVA) as input parameters and efficiently predicted the desired plasmon 

resonance for the reaction synthesis.  Sattari & Khayati (2020) applied a Gene Expression 

Programming (GEP) to predict the size of AgNPs prepared by a green synthesis route.  

The proposed predictive model with coefficient of determination , R2= 0.9961, mean 

absolute error, MAE = 0.2545, and root relative square error, RSME= 0.0668 showed that 

the initial concentration of silver precursor and plant extract were the most influential 

parameters for the final particle size.  Other relevant work used to predict the final particle 
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size of AgNPs is shown in Shabanzadeh et al (2013). In general, it is important to mention 

that the accuracy of models is strongly dependent on the quality and quantity of data used 

for training, testing and validation. 

Decision trees (DT) are an established keystone in ML literature (Myles et al, 2004) as a 

powerful tool for prediction, interpretation and data manipulation.  More specifically, a 

decision tree is a supervised learning algorithm which sorts a population into segments.  

This approach looks like an inverted tree with a root node, some internal nodes and leaf 

nodes.  The root node, always positioned at the top of the tree structure, represents the 

variable that effectively divides or splits the data into subsets based on certain criteria 

(Aaboub et al, 2023). For example, these criteria could be Chi-square (Song & Lu, 2015) 

which finds statistically significant splits, or entropy, (Aning & Przybyła-Kasperek, 2022) 

that measures how disordered  the data is.  As you move down the tree, each internal 

node continues to split the data further based on additional variables or conditions. 

Eventually, at the bottom of the tree, the leaf nodes present the final outcomes or 

predictions resulting from a combination of these decisions. A decision pathway is 

presented by a line connecting the root node with one of the leaf nodes (Song & Lu, 2015).  

Compared with deep learning approaches (LeCun et al, 2015), the advantages of a tree-

based algorithm are the good interpretability of the constructed models and the low 

computational cost.  It can identify, in a linear way, information and relationships that can 

be used to design future experiments and analyse data (Myles et al, 2004).  A limitation 

is that it can display overfitting or underfitting within a small data set (Song & Lu, 2015).  
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Data science algorithms have been applied not only to forward problems but also to 

inverse modelling  methods (Hassan, 2020), (Vallone et al, 2023),(Wang et al, 2021). 

Inverse design that predicts conditions enabling required size of nanoparticles has a 

critical role in industry. Typically, the required properties for a specific application are 

known, and the goal is to determine the protocol to make this possible.  For example, by 

providing the chemical synthesis protocol and the desired size, inverse modelling can 

identify the parametric space for the hydrodynamic conditions. The studies mentioned 

below are based on simulation data rather than experiments. It is important to note that, 

to the best of current knowledge, there is no experimental validation for inverse design of 

nanoparticles. For instance, Ma et al (2018) examined the application of deep-learning 

model in design and optimization of three-dimensional chiral nanoparticles. These 

nanoparticles exhibit chiroptical responses, meaning they have the ability to interact 

differently with left- and right-circularly polarized light at specific wavelengths. This unique 

property makes them highly useful in advanced optical and photonic applications, 

including sensors, and technologies designed for precise control and manipulation of light. 

The study utilized a deep-learning framework consisting of two bidirectional neural 

networks combined through a partial stacking strategy. These networks were trained on 

a large dataset derived from simulated optical responses of various metamaterial 

structures. The design parameters focused on five geometrical features of the 

metamaterial, such as the size and thickness of its components and the twisted angle 

between layers. Additionally, the training data included reflection spectra under three 

polarization states: left-circular polarized (LCP), right-circular polarized (RCP), and cross-

polarized components, as well as circular dichroism (CD), which quantifies the difference 
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in absorption between LCP and RCP light. This method can give forward predictions of 

optical performance (e.g., reflection spectra and CD) of chiral structures under different 

polarization conditions but also inversely find designs needed to achieve a desired optical 

response. Ma et al (2021) combined the Monte Carlo, Mie scattering simulations and 

bidirectional neural network (BNN) model to optimize the design of structural colours of 

gold nanoparticles (AuNPs). Their study focused on effect of particle size, volume fraction, 

and layer thickness on the structural colours of AuNP systems. Datasets for the colour 

and geometric properties of the AuNPs, generated from simulations, were used to train 

the BNN. This model was applied to directly predict the structural colours of AuNPs and 

inversely design the geometric parameters required for achieving specific colours. Using 

the human chromatic discrimination ability as criterion, the proposed method showed 

99.83% and 98.5% accuracy on the predicted colours and designed geometric 

parameters respectively.  

While traditional data science methods for inverse design have their strengths as 

described in the studies above, they may have limitations when compared to data 

assimilation (DA) techniques (Cheng et al, 2023) , particularly in handling dynamic 

systems (where the state of the system evolves over time), accounting for uncertainty and 

optimizing model parameters. To be more specific, variational DA is a technique that is 

used to combine observations with numerical models to generate the best estimate of the 

state of a system (Carrassi et al, 2018), (Arcucci et al, 2017). This technique has been 

widely applied in meteorology and oceanography (Ghil & Malanotte-Rizzoli, 1991), but its 

application is also useful in other fields such as engineering and agriculture (Pandya et al, 
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2022). Stochastic and variational data assimilation are two different approaches widely 

used based on the nature of the uncertainties and the available observational data. 

Variational data assimilation approaches aim to identify the model that best fit the 

observations to minimise the cost function while stochastic data assimilation examines 

uncertainties in both the observations and the model to estimate the probability distribution 

of the model state based on the observations (Vetra-Carvalho et al, 2018), (Bannister, 

2017).   

3DVAR (Three-Dimensional Variational Data Assimilation) and 4DVAR (Four-

Dimensional Variational Data Assimilation) are two common variational approaches to 

data assimilation that differ primarily in their temporal aim. For example, 3DVAR aims to 

find the model state that minimises the difference between the observational and model’s 

output data at a single time frame while 4DVAR optimizes the model state within a 

continuous time window (Cushman-Roisin & Beckers, 2011), (Shutyaev et al, 2023). 

The transformation operator that connects the state space to the observable space is 

represented by H. Both the background state and the observations are uncertain 

quantities, with the error in the background state denoted by ∈b and the error in the 

observations denoted by ∈y. The background state (initial estimate) and the true state 

(actual state) are represented as 𝐱b and 𝐱t  respectively in Eq. (2.8) while Eq. (2.9) shows 

the difference between the observed values (y) and the model-generated observations 

(H(𝐱t)). H(𝐱t) gives the model's prediction of the observable data, based on the true state.  
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      ∈b= 𝐱b − 𝐱t                                                                      (2.8) 

∈y= y − H(𝐱t)                                                                          (2.9) 

In data assimilation, the fundamental concept is to combine the model's background 

information with observational data in a way that balances the two. The background vector 

represents the initial estimates or predictions, which could be a physical field e.g. 

temperature, pressure, or velocity or a set of parameters like coefficients in a model.  The 

loss function can be expressed as: 

                                J(x) =  
1

2
(x − xb)T B−1(x − xb) + 

1

2
 (y − H(x))T R−1(y − H(x))            (2.10)  

Alternatively, using norm notation, 

                                        =  
1

2
||x − xb||2

B−1 + 
1

2
||y − H(x) ||2

R−1.                         (2.11) 

The x represents the vector of model parameters that are being optimized in the data 

assimilation process (the vector of the unknown model parameters). The y is the vector of 

observed values. The point of minimum in Eq. (2.10) is the analysis state, xa, 

                xa=argmin(J(x))                                                             (2.12) 

When H is non-linear, approximate iterative methods are commonly used to solve the 

optimization problem through variational data assimilation. Specifically, the gradient ∇J(x) 

can be approximated by the following: 

   ∇J(x) ≈ 2B−1(x − xb,t) − 2HT R−1(y − H(x))                        (2.13) 

The x in ∇J(x) should be bold to indicate that it represents a vector of parameters to 

distinguish them from scalar quantities. 
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Quasi-Newton methods (e.g, BFGS approaches (Gong et al, 2020)) can then be applied 

iteratively: 

xk+1 = xk − LVar  [Hess(J)(xk)] −1∇J(xk)                                                          (2.14) 

where k is the current iteration, and LVar > 0 is the learning rate of the descent algorithm, 

and 

   Hess (J(x = [x0,...,xn−1]))i,j  = 
∂2J

∂xi ∂xj 
                                                             (2.15) 

represents the Hessian matrix of the cost function J. Eq. (2.15) is iterated until the 

optimization criteria is satisfied. The variational data assimilation with iterative 

minimisations is summarized in Algorithm 1 as it can be seen in Appendix H. 

The objective of data assimilation process, described through Eqs. (2.10) - (2.15) is to 

adjust the background state using the available observations. This adjustment is achieved 

by balancing the influence of the background and the observations, with the relative 

weighting determined by the covariance matrices B and R. The covariance matrices B and 

R  that are shown in Eqs. (2.10)-(2.13) not only depict the variation of measurement errors 

but also their spatial correlation (Fisher et al, 2005),(Cheng et al, 2022b). The R matrix 

represents the covariance of observation errors, capturing the uncertainties associated 

with measurement inaccuracies. Meanwhile, the B matrix represents the uncertainties in 

the initial model predictions, reflecting the variability or confidence in the model’s starting 

estimates.  
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DA enables ongoing adjustments to model forecasts, accounting for both model and 

observation errors or uncertainties exhibiting higher interpretability, reliability, and 

adeptness in managing prior error knowledge compared to typical data science methods 

for inverse modelling focusing on ML algorithms. DA techniques offer several advantages 

in the synthesis of AgNPs, yet their application in this domain remains largely unexplored. 

Zhuang et al (2022) developed a novel image-based data driven model to predict droplet 

interactions within a microfluidic device employing experimental data. They built an 

algorithm scheme that combines surrogate modelling and Ensemble-type learning 

algorithms (LA) in reduced-order latent spaces. Results suggested that the proposed 

data-driven model can predict the coalescence probability within microfluidics and guide 

the choice of experimental parameters. It can predict five out of eight outcomes correctly 

for a correction interval of 60 frames. Achieving 62.5% accuracy by correctly predicting 

five out of eight outcomes within a correction interval of 60 frames is considered a good 

result, especially given the limited data sets used in this analysis. Notably, the model's 

performance can be further improved by conducting additional experiments, which may 

yield even better results. 

The literature review revealed that previous ML studies for the synthesis of AgNPs 

focused on input parameters which are related to specific chemical compositions and 

process conditions.  This means that a model which is derived for a certain experimental 

configuration cannot be applied for another set of reagents or for a different reactor design 

and a generalised workflow to design experiments for the synthesis of AgNPs is needed.  
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2.9 CONCLUSIONS 
 

This literature review examined the formation mechanisms of AgNPs, exploring their 

nucleation and growth processes, and properties, with a particular focus on the important 

role of microfluidic technology, computational modelling and data-driven approaches. 

The existing experimental literature revealed chemical reduction as the predominant 

method for AgNPs synthesis. Microfluidic devices, offering various operational 

configurations such as droplet-based and continuous flow systems, provide precise 

control over reaction conditions, thereby reducing the polydispersity of AgNPs. Operating 

conditions, including reagent type and concentration, pH of the solution, temperature 

control, and mixing dynamics, significantly influence the size of the nanoparticles.  

The ability to regulate the size and morphological attributes of AgNPs is of great 

significance for their catalytic, optical, and electrical properties paving the way for 

innovative applications. Whilst the Finke-Watzky two-step model sheds light on kinetic 

aspects and mechanisms, incorporating hydrodynamic processes into models is crucial 

for a more comprehensive mechanistic understanding. 

Regarding the physics-based models, MD simulations have been shown to be particularly 

significant in elucidating the intricate interactions between NPs and capping agents or 

other structure directing agents. These insights pave the way for the precise tailoring of 

NP shapes to suit specific applications. Furthermore, exploring numerical investigations 

of meso- and macroscopic phenomena showed that they have mainly utilised coupled 

PBM-CFD simulations within microfluidic channels. This approach allows the 

consideration of nucleation, growth, and hydrodynamic aspects like mixing through CFD 
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and representing the particle population though PBM allowing a comprehensive 

understanding of PSD and average particle size. 

Further evaluations such as particle-particle interactions are considered essential for 

future research. This assessment can determine whether phenomena such as 

agglomeration should be integrated into the PBE. 

In addition, it was shown that design of experiments/response surface methodology along 

with data-driven models can offer cost-effective means to explore various aspects for 

AgNP research. Much attention has been focused on finding the relationships between 

operational conditions and final product characteristics, but also to obtain AgNPs with 

novel properties. However, despite recent progress, these methods have primarily 

focused on batch synthesis of NPs.  Current data-driven models are limited in their ability 

to elucidate the underlying physics of the synthesis process and lack the generalizability 

needed to be applied to other similar systems.  

The potential integration and analyses produced from physics based on data-driven 

models (DoE, DT and inverse modelling) alongside experimental methodologies such as 

microfluidic synthesis have strong potential for advancing AgNP synthesis and also for 

reducing the ecological footprint. 
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CHAPTER 3: MATERIALS AND METHODS 
 

3.1 CHEMICAL REAGENTS AND PROPERTIES 
 

The synthesis of AgNPs was conducted using two different chemical protocols: 

1.  utilizing tannic acid, C76H52O46, (TA) which is a weak reducing agent in 

combination with trisodium citrate, Na3C6H5O7 ∙ 2H2O, (TC) which served in the 

reaction as both a reducing and stabilising agent.  

2. using dimethylamine borane (DMAB), a strong reducing agent along with sodium 

dodecyl sulfate (SDS), an anionic surfactant.  

For the first protocol, the concentrations of silver nitrate, AgN03, (SN) and TA were 0.92 

mM and 0.123 mM, respectively, while the concentration of TC ranged from 1.91 to 3.82 

mM.  In § 6.4 half the concentration of the precursor (0.41 mM) and double the amount of 

reducing agent (0.246 mM) were utilised to explore the correlation between kinetics and 

the initial concentrations of precursors for the two investigated set of chemicals. This 

experimental procedure was adopted from the work of Kašpar et al (2019) with 

adjustments made to the concentrations of TA and TC.  

Although the concentration of TA was smaller than that of SN, an excess of TA was 

chosen due to its reducing ability. Each molecule of TA can effectively reduce up to 20 

molecules of SN, whereas trisodium citrate can only reduce 4 silver ions (Sivaraman et 

al, 2009), (Rashid et al, 2013). For example, the molar ratio of TA to SN is 0.05 based on 

the stoichiometry but in the investigated experimental case is 0.13, indicating that TA is 

set in excess. The pH of the aqueous solution of tannic acid and trisodium citrate was set 
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to either 7 or 12 using 0.1 M NaOH.  Silver nitrate, 99+% (AgNO3), tannic acid (C76H52O46), 

trisodium citrate dihydrate (Na3C6H5O7
.2H2O) and sodium hydroxide (NaOH) were 

purchased from Alfa Aesar.  

Regarding the second chemical protocol, the concentration for the SN used was 0.08 mM 

while the concentrations of DMAB, (Sigma Aldrich) and SDS, (Sigma Aldrich) varied from 

0.1 to 0.4 mM and from 60 to 100 mM respectively. Dimethylamine borane has the 

capability to reduce up to 6 silver ions (KoÇak Ç et al, 2020),(Sithole & Ntuli, 2022) (see 

the Figure 3.1 below for the structures of chemicals). 
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Figure 3.1 Chemical structures of the reagents employed for the synthesis of 

AgNPs. A) First chemical synthesis protocol B) Second chemical synthesis 

protocol. 

 

3.2 T-JUNCTION CONTINUOUS FLOW-DEVICE  
 

The T-junction continuous flow device (Figure 3.2) was composed of two inlets (length of 

0.6 m each) of 500 μm inner diameter (ID) polytetrafluoroethylene (PTFE) cylindrical 
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Stabilising agent: trisodium  

citrate (TC) 
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Silver precursor: silver  

nitrate (SN) 
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Reducing agent: Dimethylamine  
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Stabilising agent: sodium  

dodecyl-sulphate (SDS) 
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tubing from Cole-Palmer. The aqueous solutions of reagents were supplied by two 

separate inlet channels meeting at a Tee tubing junction (0.020" Thru-Hole) (Upchurch 

Scientific), whereas the reaction was carried out in the outlet channel of 2 m length 

(ID=500 μm). The inlet flow rates were controlled using syringe pump from World Precision 

Instrument-AL-4000 equipped with two 5 mL plastic syringes (Fisher).  

Using a two-syringe pump ensured identical flow rates for both inlets.  The flow rate 

referred to in the below discussion is defined as the flow rate for one inlet.  Hence, Q 

denotes the flow rate of each individual inlet and the total,  Qtotal = 2 × Q.  The outlet 

tubing was either straight or coiled using 3D printed helix devices with a diameter of 3 mm 

and 5 mm (pitch=2 mm) to improve the mixing of the reagents. Other helical devices with 

9.46 mm and 12.5 mm diameters were bought from TERF® and Amazon UK respectively. 

 

 

 

 

 

A Silver precursor 

Reducing and 

Stabilising agent 

𝐀𝐠𝐍𝐏𝐬 
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Figure 3.2 A) Experimental set up using two-syringe pumps (depicted as two one-

syringe pumps in the schematic for better visualization of the fluid injection), B) 

Schematic diagram of T-junction microfluidic device. 

 

3.3 DROPLET MICROFLUIDIC DEVICE 
 

The microfluidic device consisted of two main components, a glass 75 mm ×50 mm plain 

micro-slide from Corning® coated with a layer of PDMS and a tightly attached geometry 

made from PDMS. The PDMS channels were connected to 500 μm inner diameter 

Tygon® microbore tubing from Cole-Parmer and 5 mL syringes (Fisherbrand) were used 

to load the solutions. The flow rates were controlled with a World Precision Instrument 

syringe pump. The width and height of the channel, respectively, measured as 418.5 μm 

and 107.5 μm  for the investigated channels. The flow direction was periodically reversed 
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by using turnings with radius of curvature of 688 µm. The exit tube of 1.47 m length was 

attached to the exit of droplet device and coiled on the helix device with diameter 3 mm 

to promote further mixing of the reagents.  

Discrete droplets were generated using a liquid-liquid two phase flow within a flow-

focusing microfluidic device where the continuous phase consisted of oil and the 

dispersed phase comprised the reagents. For the droplet microfluidic device (see Figure 

3.3), two separate solutions were utilised as disperse phases (one containing SN and the 

other TA and TC), while the continuous phase was supplied through two side inlets of 

silicone oil to form droplets by hydrodynamic flow focusing. The reactants were supplied 

by two separate channels merging close to flow focusing junction.  

Droplets with reagents were formed within the oil phase and were carried along the 

microchannel. Droplet formation was observed using a microscope Nikon Eclipse Ti2-U 

set to 20× magnification with resolution of 1μm pixel⁄  to be sure that there is no blockage 

of the microfluidic channels, backflow in the inlet channels, channelling, droplets sticking 

to walls or droplet coalescence. Backflow, in the inlets channels refers to the undesired 

reverse flow of fluid often caused by pressure fluctuations while channelling occur when 

the fluid flow to certain paths within microchannels, neglecting other areas. 

Preliminary experiments were conducted to eliminate any potential issues such as 

channelling or back flow, and to determine the optimal continuous phase for the 

investigated case.  Vegetable and silicone oil were investigated for their ability to form 

stable droplets. While vegetable oil had a good performance in producing stable droplets, 

its surfactant content raised concerns regarding potential interaction with other chemicals 
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and the risk of non-uniform particle distribution. Specifically, vegetable oils are complex 

mixtures that include fatty acid chains (Orsavova et al, 2015). These fatty acids can be 

polar (Liang & Wen, 2014) allowing them to dissolve in the aqueous phase and interact 

with other reagents present. Silicone oils, by contrast, have non-polar characteristics, 

making them more stable and less reactive (Brook, 2023). 

Consequently, silicone oil with a kinematic viscosity of 20 cSt (SIGMA-ALDRICH) (0.95 

g mL⁄ ) was used as the continuous phase, which led to the formation of more stable 

droplets in the dispersed phase due to its higher viscosity. However, to facilitate the 

separation of AgNPs from the oil phase during characterisation, silicone oil of 5 cSt from 

SIGMA-ALDRICH (0.91 g mL⁄ ) was used as the continuous phase due to its larger density 

difference from water (0.999 g mL⁄  ). 

The PDMS components, including glass coating and the geometry structure, were 

prepared using a silicone elastomer base and silicone elastomer curing agent from 

SYLGARDTM in a ratio of 10:1. The mixture was blended in a plastic cup and then it was 

place in the vacuum chamber to create a vacuum using a vacuum pump. The coated glass 

plate is prepared by adding a small quantity of PDMS onto the centre of the micro-slide, 

followed by even distribution using a POLOSTM spin-coater (1000 rpm) to form a uniform 

PDMS coating. Subsequently, the plate was heated on a hot plate at 80℃ for 20 minutes 

and left to cool.  

The device’s geometric template was designed using AUTOCAD, and then was utilised 

to make a mould on silicon wafer through photolithography. Photolithography is a process 

used to create geometric patterns on a photoresist layer attached to a silicon wafer 
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(Martinez-Duarte & Madou, 2010). It begins with designing the geometry in AutoCAD. The 

silicon wafer is first cleaned, dried, and coated with a photoresist (SU-8 2075 resist used 

in this study) using spin coating. After coating, the photoresist is soft baked to remove 

solvent and solidify the film. A photomask, created from the AutoCAD design, is aligned 

with the wafer.  The wafer is then exposed to UV light through the photomask, transferring 

the pattern onto the photoresist. The photomask allows UV light to pass through the areas 

corresponding to the pattern (transparent), while blocking light in other areas (which are 

black). After exposure, a post-exposure bake is performed to stabilize the photoresist. The 

wafer is subsequently developed, dissolving the photoresist in the unexposed regions and 

revealing the desired pattern. Finally, the wafer is rinsed and dried, and ready to be used. 

Winding channels were designed for the microfluidic device as it was found in previous 

studies, they can promote mixing (Tung et al, 2009), (Wang et al, 2015). The wafer was 

coated with photoresist SU-8, soft baked and exposed to UV light. After post-exposure 

baking the untreated photoresist was dissolved. PDMS prepared as described above was 

then poured onto these wafers and put in vacuum to remove bubbles. After this, PDMS 

was cured in a furnace at 70℃ for 2 hours.  

The resulting geometry was precisely cut out, holes were punched for the inlet and exit 

tubes and attached to the plate using corona discharge technology from OPlasma. The 

PDMS channels and the substrate were treated both with corona discharge to facilitate 

bonding between the PDMS and the glass slide. This treatment temporarily enhanced the 

hydrophilicity of the PDMS surface by lowering its contact angle (this effect gradually 

weakens over time). Once bonded, the device was placed on a hot plate for 20 minutes 
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at 90℃. Novec (3M) was flushed through the device via the exit channel to hydrophobise 

the channels, followed by purging with air and silicone oil 5cst (SIGMA-ALDRICH) to 

remove any residuals of Novec from the microchannels. No wetting issues were observed, 

and the droplets flowed smoothly through the channels without sticking to the walls. 
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Figure 3.3 Flow focusing microfluidic device showing the formation of droplets 

inside the microfluidic channels where the chemicals react to form AgNPs. 

Silicone oil was used as a continuous phase while the aqueous solutions of 

chemical reagents were utilised as the dispersed phase.  
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3.4 BATCH REACTOR AND KINETICS MEASUREMENTS  
 

Chemical reactions in the batch reactor were carried out by mixing precursor and reducing 

/ stabilising agent solutions for each chemical protocol using a magnetic stirrer (Stuard 

CB302) (see Figure 3.4). The reactions were conducted in a 500 mL glass beaker using 

a magnetic stir bar 6×20 mm (VELP SCIENTIFICA, Italy) and mixing was set at a point 

where the AgNPs formation was independent of mass transfer. The synthesis of AgNPs 

was conducted at different rotation velocities while keeping all the other parameters 

constant. When the final PSD didn’t change significantly with varying rotation velocities, it 

indicated that mass transfer was not a limiting factor. The rotation speed was thus set to 

1500 rpm for both set of chemicals. The pH of the solution of reducing / stabilising agent 

for the first set of chemicals was regulated at pH 7 or 12 before mixing.  The nucleation, 

k1 and growth k2, rate constants describing the synthesis of AgNPs under the different 

chemical synthesis protocols were determined from the time dependence of absorbance 

intensity at 400 nm (characteristic for AgNPs) based on the F-W two step mechanism (see 

Appendix F). Note, the absorption peak of silver nitrate solution is around 310 nm 

(Nakamura et al, 2011). The time dependence of AgNPs’ absorbance was measured by 

UV-vis spectrophotometer (Jenway-6300, Figure 3.4) and recorded every 5 mins. The 

values of k1 and k2 were estimated for both set of chemicals using the linear form of F-W 

model, as expressed in Eq. (2.7).  

                                               ([Ao] − [A]) [A]⁄ = a (1 − a)⁄                                               (3.1) 
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In the Eq. (3.1) above, a is ([A0] − [A]) [A0]⁄ , A0 refers to the initial concentration of 

reactant A and A refers to its concentration at any time t (Amirjani & Haghshenas, 2018). 

The definition of a is the ratio of intensity due to silver in NPs at time t to the intensity at ∞ 

when all silver is in NPs. The derivation of this equation relies solely on the assumption 

that intensity is directly proportional to the silver concentration, allowing intensities to be 

substituted with concentrations. When all the silver is incorporated into nanoparticles, its 

concentration becomes [B]∞=[A]0 . At any given time t, the concentration is expressed as 

[Ao] − [A]. Thus, a=([A]0−[A])/[A]0. By using this definition and computing a/(1−a), 

equation (3.1) is obtained. By plotting, ln (a 1 − a)⁄  versus t, a straight line is obtained. 

The slope and intercept of this line can then be used to determine the rate constants k1and 

k2 . To be more specific in Eq. (2.7),  ln (
k1

k2[A0]
) is equal to the intercept and k2[A]0 to the 

slope.Regarding the first chemical synthesis protocol, the values of rate constants were 

found by varying pH of reducing solution at two levels, pH 7 and pH 12.  At each value of 

pH, three different concentrations of TC were employed: 1.91, 2.87 and 3.82 mM.  This 

provided six different pairs of nucleation and growth constants to be used in the predictive 

models later. Regarding the second set of chemicals four different pairs of nucleation and 

growth constants were obtained by varying concentrations of reducing agent at 0.2 mM 

and 0.4 mM and concentrations of stabilising at 60 mM and 80 mM respectively. 

 

 

 

Figure 3.4 UV-silver ions measurements in a well-mixed reactor. 
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3.5 CHARACTERISATION METHODS OF THE SAMPLES 

 

Particle size and zeta-potential of samples obtained from well mixed reactor and 

microfluidic devices were measured in triplicate from three independent experiments 

using Zetasizer Nano series, (Malvern Panalytical, Malvern, UK) with the refractive index 

of AgNPs set to 0.135 (Zwar et al, 2023). 

Zetasizer measures the intensity fluctuations of scattered laser light caused by the 

Brownian motion of particles in a suspension. By analysing these fluctuations, it 

determines the velocity of Brownian motion, which is directly related to the size of the 

particles.  It is capable of measuring particle sizes ranging from approximately 0.3 nm to 

10 μm, making it suitable for analysing a wide range of nanoparticles and colloidal 

systems. DLS measures the hydrodynamic diameter of particles in suspension, not their 

actual physical diameter, especially for non-spherical particles. Hydrodynamic diameter 

which refers to the effective diameter of a particle as it moves through the liquid. Non-

spherical particles (e.g., rods, discs, or irregular shapes) may exhibit different diffusion 

characteristics compared to spherical ones, which DLS assumes for its measurements.  

UV-vis spectroscopy measurements (Carry 50) have been performed to indicate the 

presence of material obtained. Figures in Appendix F showed that all the samples 

obtained under the different experimental conditions have a peak at 400 nm which is 

characteristic for AgNPs (Shaikhaldein et al, 2020), (Njagi et al, 2011) indicating the 

formation of AgNPs. It is worthy to mention here that in the range of particle sizes 

approximately between 3 and 20 nm, the absorption spectra exhibit a relatively weak 

dependence on particle size (Henglein, 1993). 
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The results from dynamic light scattering (DLS) were confirmed using transmission 

electron microscopy (TEM) (JEOL JEM-1400).  One drop of the sample was placed onto 

formvar/carbon 400 mesh copper grids (Agar scientific), followed by air-drying at room 

temperature for a few minutes.  Particle size distribution was measured from the TEM 

images using Image J.  The fitted values of particle size (Exp. (fit)) were calculated using 

the probability density function of a normal distribution given by: 

f(L) =
1

σ√2π
e

−
(L−μ)2

2σ2                                                          (3.2) 

In Eq. (3.2), L is the particle size of AgNPs, μ and σ are the mean and standard deviation 

of the observed NP size from the experimental data while √2π is a fundamental part of 

the normalization factor for the Gaussian distribution to make it a valid probability density 

function. More specifically, it ensures the proper scaling of the normal distribution so that 

it satisfies the total probability condition: ∫ f(L)dL = 1
∞

−∞
. 

The concentration of silver ions was measured using a silver electrode (EDT direction) 

connected to a mV meter (Mettler Toledo-FP20) calibrated by a series of standard 

solutions (0.1,1,5,10,100 ppm).  The standard solutions were prepared by the dilution of 

the stock solution, corresponding to 1000 ppm (EDT direction). For measurements above 

50 ppm, 1 mL of 5 M ionic strength adjustment buffer (ISAB) (EDT direction) was added. 

Using the electric potential mV values on linear axis and the concentration of silver ions 

on the log scale a calibration curve was made. Each of the samples was measured in 

triplicate. The experimental setup did not allow for real-time in situ measurements for the 

concentration of silver ions in the microchannels. For this reason, different inlet flow rates 
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(Q=200,100,67 and 50 μL min⁄ ) and channel outlet lengths (0.1,0.5, and 1 m) were 

employed to find the concentration of silver ions. The samples were collected in triplicate 

after ~240 sec of operation for each of the outlet tube lengths and inlet flow rates. The 

actual measurement was carried out after a certain period of time (around 1 min) that 

corresponds to the transportation of the sample. The calibration curve obtained from the 

standard solutions was employed to determine the unknown sample concentrations at 

different outlet tube lengths and inlet flow rates.  

The PSD measurements were conducted under similar conditions as silver ions 

concentrations, Q=200,100, and 50 μL min⁄  at 0.25, 0.5, 1 and 2 m along the reaction 

outlet channel. The samples were collected in ice to quench further reactions. The final 

concentration of silver ions was tested to determine the reaction yield.   
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CHAPTER 4: CHARACTERISATION OF A DROPLET AND A 

CONTINUOUS FLOW MICROREACTOR FOR AgNP FORMATION  
 

4.1 INTRODUCTION 

 

While many prior studies documented in the literature have mainly focused on comparing 

batch reactors with microfluidics devices (Wojnicki et al, 2019), (Gioria et al, 2020), 

(Tsachouridis et al, 2024) in the synthesis of nanoparticles, there has been limited 

exploration of single-phase versus two-phase reactors (Xu et al, 2016b).  Batch reactors 

typically handle larger volumes of reactants compared to microfluidic systems, which 

operate at micro- or nano level scales and require fewer reagents and less energy.  Mixing 

in batch reactors relies on mechanical agitation or stirring, whereas microfluidics systems 

exploit laminar flow, enabling mixing through passive diffusion or active methods such as 

acoustic or electric (Agha et al, 2023).  Passive mixing in microfluidics relies on the 

channel design and geometric structure of the microfluidic channels to enhance fluid 

mixing without requiring external energy sources.  Different studies have placed obstacles 

within the channel to disrupt the laminar flow and induce vortices that enhance mixing 

(Wang & Hu, 2010), (Mondal et al, 2019).  Utilizing a winding, snake-like pattern channels 

induces continuous formation of Dean vortices , facilitating efficient mixing through 

repeated folding of fluid streams (Wang et al, 2015), (Madadelahi & Shamloo, 2017), 

(Tung et al, 2009).  

Microfluidic systems are characterised by their superior precision in fluid manipulation and 

reactions control, they can operate under varied settings as elaborated in § 2.3, resulting 

in the production of nanoparticles with different properties.  Continuous flow microfluidics 
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involve the continuous flow of fluids through channels, while droplet-based microfluidics 

generate discrete droplets within another immiscible phase. In this chapter, a droplet flow 

reactor and a continuous microfluidic reactor are compared under identical hydrodynamic 

and chemical conditions in terms of the size distributions of AgNPs generated in both 

devices.  A comparison between continuous flow and droplet based microfluidic device 

under identical hydrodynamic and chemical conditions (TA, TC) is important to provide a 

comprehensive understanding of the advantages and limitations of each approach, 

specifically to determine if performance differences are due to the design of the 

microfluidic systems rather than variations in experimental operating conditions. 

4.2 DROPLET FLOW REACTOR 
 

The droplet reactor utilised in this study operates through the generation of discrete 

droplets containing reactants within continuous silicone oil phase using flow focusing. A 

detailed description of the experimental setup can be found in § 3.3.  As these droplets 

flow through the reactor, chemical reactions occur within them (see Figure 3.3). The 

internal flow dynamics within each droplet significantly improves the mass transfer 

because of the recirculatory flow patterns caused by the radial and axial velocity gradients 

that develop inside the droplets, which continuously move the reactants around and 

enhance their contact.  This internal circulation facilitates mixing as discussed by Morales 

& Zahn (2010) who compared the protein partitioning efficiency in droplet flow and 

stratified flow conditions.  Their results showed that the droplet flow provides a higher 

extraction of proteins with minimal loss of DNA in the aqueous phase due to the convective 

transport improvement produced by the inner circulation of the droplets. Lu et al (2020) 
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analysed the fluids dynamics of droplet internal circulation through experiments and 

numerical simulations. They concluded that the droplet viscosity predominantly influences 

the strength of the internal circulation, whereas factors such as the interfacial tension and 

droplet volume have minimal effect.  Additionally, they identified that a large velocity slip 

between the adhered droplet and the external flow induces the internal flow, leading to 

vortex formation inside the droplet. This velocity slip enhances the mixing efficiency, as it 

generates shear forces that promote better fluid circulation within the droplet. 

As it can be seen in Table 4.1, the size of AgNPs synthesized in the droplet-based reactor 

was mainly influenced by the pH of the solution, the concentration of TC and the total flow 

rate. The size of AgNPs is seen to decrease as the pH of the solution, concentration of 

TC and total flow rate increase. These results agree with previous studies  which 

examined the effect of pH (Alqadi et al, 2014), stabilising agent (El Badawy et al, 2012), 

and residence time (Ling et al, 2022). For example, for lower concentrations of stabilising 

agent, the surface coverage was probably incomplete enabling further particle growth. 

Also, further growth of particles can happen at lower flow rates of reactor operation as a 

result of higher residence time in the reaction channel. Under alkaline conditions, the 

reducing ability of citrate is improved leading to a faster reduction and smaller particles 

(Marciniak et al, 2020),(Dong et al, 2009).  
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Table 4.1 Size distribution of AgNPs obtained by DLS at different flow rates and 

chemical conditions in the droplet reactor. The pH refers to the pH of the aqueous 

phase after TA and TC are mixed. TC represents the total concentrations in the 

aqueous phase after mixing. 

 

4.3 COMPARISON OF CONTINUOUS FLOW AND DROPLET MICROREACTORS 

 

To compare the outcomes of a single-phase and two-phase systems such as the one of 

T-junction microfluidic device described in § 3.2 and droplet reactor detailed in § 3.3 same 

hydrodynamic and chemical conditions should be achieved. The continuous flow device 

employed (see Figure 3.2) operates with homogeneous streams, where enhancing mixing 

efficiency relies primarily on processes such as coiling the outlet tube around a helical 

device as described in § 3.2. 

pH [TC], 

𝐦𝐌 

Total 

flow rate, 

𝛍𝐋 𝐦𝐢𝐧⁄  

Average 

𝑑 ± 𝜎 / nm 

7 1.91 30 6.86 ± 1.67 

7 1.91 15 6.91 ± 1.77 

12 1.91 30 3.997 ± 0.73 

12 1.91 15 4.51 ± 1.76 

7 2.87 30 6.44 ± 0.99 

7 3.82 30 6.14 ± 1.02 
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The same concentrations of reagents and same pH of the solutions were used while flow 

rates and curvatures were adjusted to get the same Dean (De) numbers and residences 

times. 

De = Re√d
2Rc

⁄ = 
pud

μ
√d

2Rc
⁄                                              (4.1) 

where d is the inner diameter of the microchannel, Rc is the radius of helix curvature and 

Re is the Reynolds number where 𝜌 is the fluid density, u is the average velocity of the 

fluid, and μ is the viscosity of the fluid.   

For the continuous flow device using a 3 mm helix device and 2 m outlet tube, operating 

at a total flow rate of 20 μL min⁄ , the De was found to be 0.34. The calculation of the 

hydraulic diameter was essential for the droplet microfluidic device due to the utilization 

of non-cylindrical channels, specifically rectangular channels but also to find the velocity 

and thus the flow rates needed to have the same conditions as in the continuous flow 

device.  The hydraulic diameter (Curd et al, 2001) was estimated using the equation 

provided below: 

                                                              Dh = 4
A

P
= 2

WH

W+H
                              (4.2) 

where A represents the area of the channel, P denotes the perimeter of the channel and 

W and H are the width and height of the channel, respectively, measured as 418.5 μm 

and 107.5 μm  for the investigated channels. Subsequently, the total flow rate for the 

droplet device was determined to be 15.24 μL min⁄ .  
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Preliminary experiments indicated that a 2:1 ratio of the continuous and dispersed phases 

was effective for controlling droplet size and distance between droplets. The size of 

droplets is determined by the balance between surface tension and shear stress, while 

droplet spacing depends primarily on the ratio between flow rates of the dispersed and 

continuous phases, consistent with mass balance principles. When the shear stress 

remains constant, the droplet size does not change, but the distance between the droplets 

should be smaller. However, an increase in the dispersed phase flow rate reduces the 

velocity difference between the two phases, thereby decreasing shear stress, which can 

lead to larger droplet sizes. A higher ratio of continuous to dispersed phase flow rates 

increases droplet spacing, while a lower ratio decreases it. Thus, the flow rates for the 

continuous and dispersed phases were set to 10.16 μL min⁄  and 5.08 μL min⁄ , 

respectively.  

The residence time in the continuous flow reactor at a total flow rate of 20 μL/min was 

calculated to be 19.63 minutes. To achieve the same residence time, an exit tube 

measuring 1.47 m in length was attached to the outlet of the droplet device and coiled in 

the same helix configuration as the continuous flow reactor. The residence time within the 

PDMS droplet device itself was determined to be 0.56 minutes. Subtracting this from the 

continuous reactor’s residence time of 19.63 minutes yielded a difference of 19.07 

minutes. This difference was used to calculate the required length of the droplet device's 

outlet tube, which was determined to be 1.47 m. The cross-sectional area of the output 

tube was larger than that for the channel in the drop device, thus the Dean number in the 

output tube was also smaller.  To understand the impact of the variation of the Dean 
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number on NP size, a total flow rate of 30 μL min⁄  was also examined for the droplet 

reactor and found to be negligible (Table 4.1).  Upon analysing the data, it was found that 

using the same De (0.34 and 0.67) for both the continuous flow device and drop flow 

reactor revealed no significant difference in the sizes of synthesized AgNPs, as shown in 

Figure 4.1.  The data show that at the same chemistry, residence time and Dean number, 

the size of AgNPs and PSD is the same.   

The data show that when there is the same mixing effect the size of AgNPs is the same.  

Given no advantage of the more cumbersome droplet microreactor could be 

demonstrated, the more practical continuous flow device was chosen for further 

experimentation.  However, it is important to mention that the there are some 

disadvantages in the use of the continuous flow device such as particle deposition or 

fouling within the channels which can result in a decrease in particle concentration 

compared to batch (beaker) methods. In the PTFE tubing used in the continuous flow 

reactor deposition of dark material on the tubing surface was clearly seen after the 

synthesis, obviously leading to a decrease in AgNPs concentration.  To ensure that fouling 

did not affect the results, the outlet tube of the continuous flow reactor was periodically 

replaced whenever dark material was observed on the tubing surface. This step helped 

prevent fouling from causing blockages that could impact the flow rate or reaction 

efficiency. Three runs of the experiment were performed for each case, and the 

consistency of results confirmed that fouling did not impact the reaction efficiency. 

Additionally, the comparison between the drop device and the continuous flow device, 

conducted under the same hydrodynamic and chemical conditions, showed similar 
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particle sizes. To reduce the fouling in the continuous flow reactor, coating the inner 

surfaces of the device with anti-fouling materials can be highly effective. Materials such 

as polyethylene glycol (PEG) (Zhang & Chiao, 2015) can help minimize the adhesion of 

NPs to the surfaces. Additionally, optimizing flow conditions, such as adjusting the 

residence time within the channels, can also contribute to reducing fouling and improving 

reactor performance. However, an advantage of continuous flow devices is that NPs do 

not require downstream separation from the continuous oil phase. 
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Figure 4.1 Comparison of the PSD of AgNPs produced in droplet-based and 

continuous flow devices at: A) pH 12, TC 1.91 𝐦𝐌, 15𝛍𝐋 𝐦𝐢𝐧⁄  and De = 0.34 B) pH 

12, TC 1.91 𝐦𝐌, 30𝛍𝐋 𝐦𝐢𝐧⁄  and De = 0.67 C) pH 7, TC 1.91 𝐦𝐌, 15𝛍𝐋 𝐦𝐢𝐧⁄  and De = 0.34 

D) pH 7, TC 1.91 𝐦𝐌, 30𝛍𝐋 𝐦𝐢𝐧⁄  and De = 0.67 E) pH 7, TC 2.87 𝐦𝐌, 30𝛍𝐋 𝐦𝐢𝐧⁄  and De = 

0.67 F) pH 7, TC 3.82 𝐦𝐌, 30𝛍𝐋 𝐦𝐢𝐧⁄  and De = 0.67. 

4.4 CONCLUSIONS 
 

The comparison between continuous flow and droplet-based microfluidic devices under 

identical hydrodynamic and chemical conditions, showed that both approaches exhibit 

comparable performance in synthesizing AgNPs of similar sizes. This indicates that under 

equivalent mixing efficiencies (characterized by consistent Dean numbers and residence 

times), the choice between these microfluidic systems does not significantly impact 

nanoparticle size. 

Despite drawbacks such as particle concentration reduction due to deposition or fouling 

within channels, the continuous flow device was selected for further experimentation. This 

choice was mainly based on considerations of effectiveness and convenience for further 

research. This type of device simplifies measurements as nanoparticles do not need to 

be separated from the oil phase.  Compared to a droplet device, which requires additional 

steps to construct the PDMS device, operating the entire process is also simplified. 

Future research could explore strategies to reduce deposition of particles within the 

channels of continuous flow systems, aiming to optimize nanoparticle production 

efficiency in microfluidic environments.  
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CHAPTER 5: DEVELOPMENT OF A PREDICTIVE RESPONSE 

SURFACE MODEL FOR SIZE OF SILVER NANOPARTICLES 

SYNTHESIZED IN A T-JUNCTION MICROFLUIDIC DEVICE 2 
 

5.1 INTRODUCTION 

 

Whilst batch processes to produce AgNPs have been extensively optimised using DoE 

approaches, continuous microfluidic approaches have not received equivalent attention 

despite their several benefits.  Microreactors are a valuable high-throughput experimental 

tool for technology optimisation enabling the use of less volume of reagents and thereby 

reducing the ecological footprint.  DoE optimization is useful for microfluidic synthesis of 

AgNPs because it is an emerging approach where datasets are limited.  This study 

investigates the application of an experimental design strategy based on the D-optimal 

approach to build a model to predict the size of AgNPs synthesized in a T-junction 

microfluidic device.  The effect of chemical parameters (solution pH, relative concentration 

of stabilising agent), collection storage temperature and also parameters affecting the 

hydrodynamics (curvature of the outlet channel and reagent flow rates) on the size of 

AgNPs are investigated.  The aim of the study is to tackle the limitations of traditional 

OFAT and batch-style chemical reactors approaches. OFAT, characterized by testing one 

factor at a time, often results in high energy and material consumption and limits the ability 

to account for interactions between factors. Similarly, batch-style chemical reactors are 

 
2 Sections 5.1-5.7 of this chapter are adapted from Nathanael, K., Galvanin, F., 
Kovalchuk, N.M., Simmons, M.J.H. (2023) Development of a predictive response 
surface model for size of silver nanoparticles synthesized in a T-junction microfluidic 
device. Chem. Eng. Sci., 279, 118907. 
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known for the need of larger volumes of reagents and solvents. This study seeks to deliver 

a more sustainable and controlled route for AgNPs synthesis by overcoming these 

limitations.  

 

5.2 PROCESS OPTIMIZATION USING DoE OVERVIEW. 

 

The preliminary experiments along with analysis of literature data from Marciniak et al 

(2020), Wu et al (2017), Das et al (2021), Izak-Nau et al (2015) were used to determine 

the factors and levels for the experimental design.  The optimal conditions for the minimum 

particle size for synthesis of AgNPs in microfluidic reactor were determined by response 

surface methodology and particularly, a D-optimal design (Montgomery, 2013) formed by 

five factors.  Trisodium citrate concentration, flow rates, pH of the solution, curvature of 

outlet tubing, and storage temperature (numeric variables) were set at different levels, as 

shown in Table 5.1, while the size of AgNPs from DLS was investigated as the response. 

Note, in the experimental design, some parameters were kept constant to ensure that any 

observed changes were solely due to the manipulation of the experimental factors. 

Temperature was maintained at 25°C throughout all experiments to eliminate its influence 

on reactions. Residence time was maintained by using the same length of outlet tube in 

all experiments. A D-optimal design was selected to limit the number of runs with a specific 

goal to minimise the variance of model parameters. It was preferred over other designs 

because there are multiple levels of factors, and the mid-point of levels is not exactly the 

central one.  The final composite matrix was constituted of 162 experiments including 
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three replications. The large number of experiments contributed to a higher accuracy in 

the predictions. 

After the selection of representative runs for the experiment, regression-analysis was 

performed using Minitab and MATLAB.  A quantitative dependence of the response on 

factors and interactions in the form of a regression equation was obtained using the least 

squares method.  Analysis of variance (ANOVA) and lack-of-fit test were conducted to 

determine the statistical significance and quality of fit of the regression model at a 

confidence interval (CI) of 95% (Eq. (A10) in Appendix A).  The goodness of fit for the 

model was expressed through the coefficient of determination (R2), (Eq. (A4) in Appendix 

A) and the adjusted coefficient of determination (R2 Adj), (Eq. (A5) in Appendix A).  Both 

terms were used to measure the performance of the model while R2 Adj provided more 

precision and reliability by considering the number of independent variables in the model 

(Cheng et al, 2014),(Cho et al, 2019).  Response surface plots were also used to visualise 

the relationship between the independent and dependent variables. A p-value ≤ 0.05 was 

considered statistically significant. Additional details may be found in the Appendix A at 

the end of this thesis. 
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Table 5.1 Factors and levels for D-optimal design (Nathanael et al, 2023b). 

Factors Levels 

pH 7 / 12 

Concentration of trisodium 

citrate [TC] (mM) 

1.91 2.87 3.82 

Curvature, CR (dm-1) 0 / 33.3 

Storage temperature, ST (℃) 0 / 20 

Flow rates, FR (dm3/ min) 1×10-6 1×10-5 4×10-5  

 

 

5.3 DEVELOPMENT OF THE MODEL AND STATISTICAL ANALYSIS 

 

The experimental data (see Table A1 in Appendix B) collected through the D-optimal 

design, were fitted to a number of polynomial functions to predict the size of AgNPs (y) in 

nm, where x1 is pH, x2 is ST, x3 is [TC], x4 is CR and x5 is FR.   

 

Model 1: 

𝑦 =  59.0 − 2.61𝑥1 + 1.651 𝑥2 − 13.34𝑥3 − 1.56 𝑥4 − 28 262 𝑥5 − 0.49 𝑥3
2 − 0.12 𝑥1𝑥2 −

0.55 𝑥2𝑥3 − 0.011 𝑥2𝑥4 − 7 730 𝑥2𝑥5 − 0.66 𝑥1𝑥3 + 0.09 𝑥1𝑥4 + 33 089 𝑥1𝑥5 +  0.57 𝑥3𝑥4 −

186 782 𝑥3𝑥5 + 6 806 𝑥4𝑥5 + 0.039 𝑥1𝑥2𝑥3 + 0.0005 𝑥1𝑥2𝑥4 − 109 𝑥1𝑥2𝑥5 + 0.024 𝑥2𝑥3
2 +

0.00098 𝑥2𝑥3𝑥4 + 2 575 𝑥2𝑥3𝑥5 + 69.4 𝑥2𝑥4𝑥5 + 0.45 𝑥1𝑥3
2 − 0.019𝑥1𝑥3𝑥4 −

8 301 𝑥1𝑥3𝑥5 − 299 𝑥1𝑥4𝑥5 − 0.06  𝑥4𝑥3
2 + 49 298  𝑥5𝑥3

2 − 1 361 𝑥3𝑥4𝑥5      (5.1) 



116 

 

Model 2: 

𝑦 =  92.27 − 5.9𝑥1 + 0.18 𝑥2 − 39.08 𝑥3 − 0.58 𝑥4 − 174 254 𝑥5 + 4.015  𝑥3
2 −

0.006 𝑥1𝑥2 + 0.02 𝑥2𝑥3 − 0.003 𝑥2𝑥4 − 377 𝑥2𝑥5 + 1.9 𝑥1𝑥3 + 0.04 𝑥1𝑥4 + 3 531𝑥1𝑥5 +

 0.05 𝑥3𝑥4 + 33 099 𝑥3𝑥5 + 1 057 𝑥4𝑥5           (5.2) 

 

Model 3: 

y =  88.70 − 5.66x1 + 1.14 x2 −  37.9x3 − 1.16 x4 − 43 634 x5 + 3.97 x3
2  + 1.85 x1x3 −

0.11 x1x2 −0.002 x2x4 − 0.33 x2x3 + 0.097 x1x4 + 0.26 x3x4 + 0.036 x1x2x3 − 

0.022x1x3x4                                                                                                                                     (5.3) 

 

Different model structures were considered, however, examples of only three models are 

presented here by Eqs. (5.1) – (5.3).  Specifically, Eq. (5.1) shows all possible squared 

and cubic terms, Eq. (5.2) includes only all squared interactions, whilst  Eq. (5.3) presents 

only some of the possible square and cubic terms such as x3
2, x1x3, x1x2, x2x4, x2x3, x1x4, 

x3x4, x1x2x3, x1x3x4.  

 

The coefficient of determination (R2), Eq. (A4) and the adjusted determination coefficient 

(R2 Adj), Eq. (A5), for the models Eqs (5.1) – (5.3) (Table 5.2) are very close to 1 indicating 

that models provide a good fit to the data.  However, R2 and R2 Adj are not reliable 

indicators for the formation of a good regression model.  The value of R2 increases as a 

new variable is added, even if it is not statistically significant.  The R2 Adj includes the 
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number of parameters but it gives only the variation of independent variables which affect 

the dependent variable. The selection of the relevant factors in a regression model and 

consequently the number of model parameters, affects the complexity of the model and 

ultimately  the Akaike Information Criterion (AIC) (Akaike, 1974) and Bayesian Information 

Criterion (BIC). Both AIC and BIC are widely applied in the area of machine learning and 

data science to discriminate between the accuracy of models by the number of parameters 

involved and thus identify those that best describe a system.  In BIC, the penalty term is 

larger than that in AIC. Therefore, BIC generally results in choosing models with less 

parameters while AIC has larger chances of choosing a model with too many parameters 

(Claeskens & Hjort, 2008).  The expressions of the statistical approaches used to select 

model are as follows (Akaike, 1974),(Schwarz, 1978), (Bhattacharya & Burman, 2016): 

                                             AIC = nlog(SSE
n⁄ ) + 2k                                      (5.4) 

                                             BIC = nlog(SSE
n⁄ ) + klog(n)                                           (5.5)            

where n is the number of experiments, k the number of parameters (or coefficients) in the 

regression model and SSE is the sum of squared errors, (Eq. (A3)).  The model with 

smallest AIC and BIC is thus the optimal one.  

 

Table 5.2 Values of 𝐑𝟐 , 𝐑𝟐 𝐀𝐝𝐣, AIC and BIC for each model (Nathanael et al, 

2023b) 

Model R2 R2 Adj AIC BIC 

Model 1 0.9360 0.9214 117.06 123.56 

Model 2 0.8895 0.8773 127.52 131.08 

Model 3 0.910 0.9015 109.07 112.21 
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On the basis of the above criteria, Eq. (5.3) was selected over the others because it had 

the smallest values for both AIC and BIC (Table 5.2).  This model can predict the size of 

AgNPs within the limits of the experimental factors with a minimum standard error equal 

to 1.84 nm.  Note, the model (Eq. (5.1)) includes all variables and their interactions and 

therefore has the highest values of R2 and R2 Adj, but has larger values of AIC and BIC 

than model (Eq. (5.3)) because of larger k.   

The normal probability plot is a tool to determine if a data set follows a hypothesized 

distribution (vertical axis is adapted for normal distribution).  The probability plot in Figure 

5.1A revealed that the plotted points lie on a straight line while histogram plot in Figure 

5.1B showed that variation is normally distributed.  Both residual plots indicated that there 

is no deviation from normality, so the errors appear to be independent.  

 

Figure 5.1 Residual plots for the size of AgNPs A) probability and B) histogram of 

residuals. The data set follows a basic normal (Gaussian) distribution (Nathanael 

et al, 2023b). 

A 
B 
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ANOVA (King, 2010) and luck-of-fit test (Fisher, 1922) were performed on the regression 

model (Eq. (5.3)) for the size of AgNPs to determine the statistical significance and the 

quality of fit of the model to the dataset. ANOVA uses the sum of squares Eqs. (A1) – (A3) 

to compare response and error data, the mean square Eqs. A6, A7 to provide an estimate 

of population variance and the F-test (Eq. (A8)) to show the significant effects at a given 

probability level based on the sample variance (Wagner et al, 2014).  The high F-values 

along with p-values smaller than 0.05 obtained in the ANOVA test for the model showed 

the significance of the correlations between the experimental set of data and the fitted 

polynomial model.  The results of the ANOVA and lack-of-fit tests are reported in detail in 

Table 5.3B.  As the assumptions on the normality and variance of residuals were met, 

confidence intervals (CI) (Eq. (A10)) for regression parameters (Table 5.3A) were 

calculated.  These upper and lower bounds for the CI showed the uncertainty for the 

parameters (or coefficients) with a confidence of 95%. The t-values (Eq. (A9)) which are 

also shown in Table 5.3A are used to establish the uncertainty associated with the 

estimates. A critical t-value (tcrit) equal to 1.98 was used to show how well each parameter 

was estimated (t > tcrit means that the factor is statistically significant) assuming the 

parameters are normally distributed.   
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Table 5.3 A) Parameters and B) analysis of variance for the fitted polynomial 

model (Eq. (5.3)) of AgNPs optimization (Nathanael et al, 2023b).  To link the 

parameters with the symbols used in the model in Eq. (5.3), 𝐲, is the size of AgNPs 

in 𝐧𝐦, 𝐱𝟏 is pH, 𝐱𝟐 is ST, 𝐱𝟑 is [TC], 𝐱𝟒 is CR and 𝐱𝟓 is FR. 

A) 

Term Parameter T-value (A9) 95% Confidence interval for 
Parameters (A10) 

Lower Bound Upper 
Bound 

Variable 88.7 19.54 80 98 

pH -5.66 -13.58 -6 -5 

[TC] -37.9 -16.40 -42 -33 

ST -1.14 5.11 -1 -2 

CR -1.16 -8.58 -1.18 -1 

FR -43 634 -4.79 -61 686 -25 835 

[TS]2 3.97 11.66 3.31 4.65 

ST.CR -0.002 -2.21 -0.004 -0.00019 

pH. [TC] 1.85 13.56 1.58 2.11 

ST. pH -0.11 -4.52 -0.15 -0.06 

ST.[TC] -0.33 -4.38 -0.48 -0.18 

CR. pH 0.097 6.79 0.068 0.12 

CR.[TC] 0.26 5.85 0.17 0.35 

ST.pH. [TC] 0.036 4.63 0.021 0.052 

CR.pH. [TC] -0.022 -4.61 -0.03 -0.0123 
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 B) 
 

Source Sum of 
squares (S1), 

(A2), (A3) 

F-
Value 
(A8) 

p-value 

Regression 5041.7 (Eq. 
(A1)) 

106.21 2.00×10-17 

pH 625.61 (Eq. 
(A2)) 

184.50 1.00×10-17 

[TC] 911.52 268.82 1.00×10-06 

ST 88.4 26.07 1.00×10-17 

CR 249.62 73.62 1.23×10-14 

FR 77.82 22.95 4.02×10-06 

[TS]2 461.07 135.98 1.00×10-17 

ST.CR 16.51 4.87 1.27×10-05 

pH. [TC] 623.81 183.97 1.00×10-17 

ST. pH 69.23 20.42 2.53×10-10 

ST.[TC] 64.92 19.15 2.28×10-05 

CR. pH 156.5 46.16 2.89×10-02 

CR.[TC] 115.86 34.17 3.14×10-08 

ST.pH. [TC] 72.65 21.42 8.02×10-06 

CR.pH. [TC] 72.05 21.25 8.69×10-06 

Error 498.45 (Eq. 
(A3)) 

/   / 

 
 

The Pareto chart in Figure 5.2 shows the standardized effects of factors, from the largest 

to the smallest, with a reference line to note which are statistically significant 

(Ramachandran & Tsokos, 2021).  This chart was built based on t-values (Eq. (A9)) with 

the threshold calculated using the Student’s t-distribution (Student, 1908) with N-Ntheta 

degrees of freedom (N is the overall number of points used in calibration, Ntheta is the 

number of parameters or coefficients).  Using a pareto chart, the importance and 
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magnitude of the factors on the size of AgNPs can be determined.  Particularly, the most 

significant factors of the model (Eq. (5.3)) include the pH of the solution, the concentration 

of trisodium citrate, the interaction of pH and trisodium citrate concentration and the 

curvature of the output channel.  All the experimental factors cross the reference line that 

is at 1.98 which means all of them are statistically significant at the 0.05 level with current 

model terms. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
Figure 5.2: Pareto chart (Nathanael et al, 2023b) 

 
 

Since all parameters are statistically significant, each term meaningfully contributes to the 

model's predictive power. The inclusion of higher-order terms and interactions prevents 

the model from oversimplifying or overlooking real-world complexities, ensuring a 

comprehensive interpretation of the system. For example, the pH and TC concentration 

interaction (term x1x3) is particularly important. Based on the experiments, it was observed 

that the concentration of TC exhibits a non-linear behaviour at higher pH values, where 
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increasing pH generally decreases the NP size, but only at certain concentrations of TC. 

This suggests that the relationship between pH and TC concentration is not a simple linear 

one, especially for larger values of TC. The quadratic term 3.97x3
2 for [TC]2 indicates a 

non-linear relationship between the concentration of TC (x3x3) and the size of AgNPs (y). 

Non-linearities like this suggest that the effect of TC concentration on the size may not be 

proportional across different levels of x3. 

 

5.4 RESPONSE SURFACE METHODOLOGY RESULTS 

 

A graphical representation of the regression model obtained (Eq. (5.3)) is shown via the 

two-dimensional contour plots in Figure 5.3.  The plots were used to study the combined 

effect between the formulation parameters and the size of AgNPs and to define the 

optimum condition of each factor to deliver a minimum size of AgNPs.  

 

The plot of storage temperature versus trisodium citrate concentration (Figure 5.3B), 

shows that the size of the AgNPs is virtually independent of storage temperature for a 

trisodium citrate concentration below 3 mM.  The AgNPs produced are also small under 

these conditions.   
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Figure 5.3 Contour plots predicting the size of AgNPs. The pH, ST, TC, CR and FR 

were kept constant at 12, 0℃, 1.91 mM, 33.3 dm-1, 1×10-5 dm3/min respectively. 

C D 

B A 

E 
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Note the units for curvature expressed in dm-1 , flow rates in dm3/min, storage 

temperature in ℃, and concentrations in mM (Nathanael et al, 2023b).  

 

There is an effect of storage temperature and concentration of TC on the size of particles 

above TC = 3 mM.  The plot of curvature of the outlet channel versus storage temperature 

(Figure 5.3D) shows that there is a strong effect on the size of particles at higher storage 

temperatures and smaller curvature of the outlet channel.  According to the plot of storage 

temperature versus pH in Figure 5.3E, the interaction of pH and storage temperature 

strongly influences the size of particles only at smaller pH.  Similarly, the plot of curvature 

of the channel versus pH (Figure 5.3C) of the solution shows a significant effect of 

curvature of the channel at a value of pH below 11.  The effect of different factors on the 

size of AgNPs, in particular Figure 5.3A, will be discussed in more detail in the next sub-

sections. 

 

5.5 EFFECT OF TRISODIUM CITRATE CONCENTRATION, PH AND STORAGE 

TEMPERATURE 

 

Trisodium citrate acts as both reducing and stabilising agent in the synthesis of AgNPs.  

Citrate ions can reduce silver ions at elevated temperatures (Khatoon et al, 2017) or under 

alkaline conditions (Marciniak et al, 2020), but they can also weakly interact with silver 

generating a charged layer that works as an electrostatic barrier to aggregation (El 

Badawy et al, 2012).  The effect of trisodium citrate concentration was investigated over 

a range from 1.91 mM to 3.82 mM.  Figure 5.3A shows that there is an optimal range of 

concentration of TC for the minimum size of AgNPs between 2.3 mM and 3.1 mM at pH 
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7.  It may be assumed that trisodium citrate within this concentration range fully covers 

the surface of the AgNPs and thus prevents further particle growth.  At lower 

concentrations, the surface coverage is incomplete enabling the particle growth.  An 

increase of concentration above 3.1 mM can result in a decrease of Debye length due to 

an increase of ionic strength of the solution, below a certain critical point aggregation may 

occur.  Henglein & Giersig (1999) investigated the formation of AgNPs through γ-

irradiation of AgClO4 which contains 2-propanol and a range of citrate concentrations from 

0.05 to 1.5 mM.  In this system, citrate did not participate in silver reduction and so is 

present solely to stabilise the AgNPs.  It was found in Henglein & Giersig (1999) that the 

small particles with a narrow size distribution were obtained at 0.1 mM AgClO₄ solutions 

for a range of citrate concentrations between 0.1-0.5 mM (silver concentration in this work 

is considerably higher while TC concentrations comparable).  At smaller concentrations, 

large particles with a broad size distribution were formed.  This was ascribed to a rather 

loose citrate layer on the surface of Ag clusters which was unable to prevent their growth 

first via condensation and later via coalescence.  At concentrations larger than the 

optimum, larger particles were formed via coalescence due to high ionic strength of the 

solution. The Ag concentration in this work is considerably higher than in the Henglein & 

Giersig (1999) study, while the TC concentrations used were comparable and a bit higher. 

Das et al (2021) also showed that there is an optimal concentration of trisodium citrate in 

AgNPs synthesis. Their study investigated the effect of TC concentration on AgNP size 

and distribution using DLS. Low TC concentrations resulted in larger, more variable 

particles (~51 nm) due to inadequate coverage, allowing continued growth. The optimal 
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TC concentration produced the smallest particles (~7 nm) with a narrow distribution, as it 

effectively coated the nanoparticle surfaces and restricted growth. Excess TC raised the 

pH of the solution, promoting aggregation and growth, which reduced its stabilizing effect. 

These results were explained by the LaMer model, which suggests low monomer 

concentrations favor larger particles due to limited nucleation. 

 

It is well-known that the pH of the solution influences the chemistry of a reaction mixture.  

Here, the effect of pH on the reaction was examined by adjusting the pH at two levels of 

7 and 12.  The nanoparticles formed at pH 12 and a concentration of TC of 1.91 mM were 

smaller compared to those produced at pH 7 and a concentration of TC of 1.91 mM, 

indicating that a basic pH altered the kinetics of reaction (Figure 5.3A).  Under alkaline 

conditions, the dissociation of citrate and dicarboxyacetone (DCA), which is produced as 

a by-product of the decarboxylation of citrate during silver reduction, is shown in Figure 

5.4.  The completely hydrolysed DCA2- (Marciniak et al, 2020) and Cit3- species (Dong et 

al, 2009) at pH 12 have a higher reducing ability, leading to faster reduction of the silver 

ions to silver atoms and thus smaller particles.  



128 

Figure 5.4 A) Dissociation species of citrate, B) Production of dicarboxyacetone 

(DCA) as a by-product of the decarboxylation of citrate during silver reduction and 

C) Dissociation species of DCA. Reproduced from Gao & Torrente-Murciano 

(2020) and Marciniak et al (2020). 

A 

B 

C 
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Furthermore, at basic pH, tannic acid can be hydrolysed into gallic acid and glucose 

(Osawa & Walsh, 1993) where the former is a good reducing agent and the latter is a 

good stabilizer.  Hence, the chemical rearrangement in the structure of tannic acid when 

exposed to alkaline pH promotes the formation of smaller particles (La Spina et al, 2020). 

However, when the pH of the solution was increased alongside a trisodium citrate 

concentration above 2.87 mM, the size of particles increased (Figure 5.3A).  The balance 

between attractive van der Waals and repulsive electrostatic forces which governed the 

stability of colloidal dispersion can be manipulated by changes in pH, ionic strength and 

temperature (Chhabra & Basavaraj, 2019).  In general, as the ionic strength of a solution 

increases, the thickness of double layer associated with the AgNPs is reduced, resulting 

in weaker electrostatic repulsions between the AgNPs (Phan & Haes, 2019).  This can be 

the reason for an increase in particle size at high concentration of trisodium citrate. 

The surface charge of AgNPs is governed by the ionization of carboxyl-groups, (−COOH), 

of the citrate molecules, which is dependent on the pH and ionic strength of surrounding 

aqueous phase (Badawy et al, 2010).  AgNPs obtained at concentrations of TC less than 

2.87 mM were smaller for both values of pH studied, when compared to AgNPs prepared 

at larger concentrations (3.82 mM) (Figure 5.3A).  At higher concentrations of TC, particles 

of smaller size were observed only at smaller pH.  In Figure 5.5A, it can be seen that the 

zeta-potential of AgNPs prepared at pH 7 and TC = 2.87 mM is approximately the same 

as the AgNPs obtained at pH 12 and TC = 1.91 mM, indicating that higher concentration  
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of stabilising agent increases the stability of AgNPs in the same way as alkaline pH.  By 

increasing the pH, the carboxyl-groups (−COOH) on the AgNP surface reach a higher 

degree of deprotonation and the value of negative surface charge increases.  Thus, the 

electrostatic repulsion between particles is improved causing smaller AgNP diameters.   

 

Figure.5.5 A) Dependence of zeta potential of AgNPs on pH at different 

concentrations of trisodium citrate and B) Zeta potential of AgNPs at pH 12 for 

different concentrations of trisodium citrate (Nathanael et al, 2023b). 

B 

A 
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On the other hand, AgNPs prepared at 3.82 mM TC showed a small gradual increase in 

diameter and a decrease in zeta potential absolute values with an increase in pH (Figure 

5.5A), indicating reduction in electrostatic repulsion due to decrease of surface potential 

and probably due to decrease of Debye length.  Figure 5.5B also shows that as the 

concentration of trisodium citrate increases at pH 12, the surface-potential decreases.  In 

line with this suggestion, Liu et al (2014a) examined the effect of pH and ionic strength on 

the growth of tannic acid-poly(N-vinylpyrrolidone) (TA-PVPON) multilayers, and found that 

the thicker multilayers are obtained at alkaline pH in the presence of high salt 

concentrations. They claimed that these conditions cause thicker multilayers due to 

screening of the negatively charged tannic acid. 

The ageing of AgNPs dispersions can be also affected by storage temperature since 

chemical reaction rate increases with temperature.  As it can be seen in Figures 5.3E and 

5.3D, the collection of samples at T = 0 ℃ quenched the reduction reaction or aggregation 

and led to the production of smaller particles.  Many previous studies reported changes in 

nanoparticles samples kept at room temperature such as Velgosova et al (2017) and Peng 

et al (2010). 

5.6 EFFECT OF CURVATURE AND FLOW RATES 

 

In microreactors, variation in the flow rates of reagents and the flow configurations 

changes the residence times and mixing conditions, thus influencing the overall reaction 

of AgNPs including nucleation and growth steps (Baber et al, 2017), (Ravi Kumar et al, 

2012). The formation of AgNPs requires uniform reaction conditions because the 

reduction of silver ions to silver atoms is very fast. For example, uniform mixing is essential 
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to distribute reactants evenly and prevent local variations in concentration. Non-uniform 

conditions can result in incomplete reduction of the silver precursor leading to wide 

variations in sizes and shapes of NPs. It has been reported that reduction stage can be 

carried out in less than 200 ms (Polte et al, 2012).  In the present study, the flow rates of 

reagents varied from 1×10-6 dm3/min to 4×10-5 dm3/min and mixing was intensified by 

coiling the outlet tube on a 3D-printed helical design.  The Dean number (De) (Eq. (4.1)), 

which represents the Dean force due to secondary flow in curved channels (Nivedita et 

al, 2017) was calculated to be 0.033, 0.34 and 1.39 respectively for the three different flow 

rates used in the experiments, see Table 5.1. The Dean numbers observed in this study 

are relatively low when compared to the thresholds reported in the literature for significant 

curvature effects or enhanced mixing. The channel diameter used in this study (0.5 mm) 

is smaller than those employed in several other studies, which may influence the 

interpretation of these values. For instance,  Mansour et al (2019) demonstrated that 

optimal mixing occurred at De=10 for cylindrical channels with diameters of 5–15 mm. In 

contrast, Wu et al (2017)  observed significant effects on AgNP size and size distribution 

in microfluidic devices at De≥2, with narrow distributions emerging at De≥7 for helical 

tubular reactors with an inner diameter of 0.762 mm. Note, at the low De values used in 

this study, any secondary flows or vortices are weak compared to the dominant axial flow. 

However, even weak secondary flows can influence PSD. For example, De≤0.34 in coiled 

channels resulted in statistically significant reductions in AgNP size compared to straight 

channels (De=0). This suggests that while the strength of the vortices is relatively small 

at these De values, they still contribute to enhanced mixing and particle formation 

dynamics compared to purely axial flows in straight channels. Thus, while fully developed 



133 

Dean vortices are unlikely to form at the Dean numbers in this study, the minor secondary 

flow effects are sufficient to influence the system's behaviour. 

The increase in the flow rate decreases the residence time in the outlet tube, but increases 

the mixing, especially in helical channel.  To check for completeness of reaction, 

experiments (pH 7, TC 1.91, ST 0℃, CR 0 dm-1) were performed at two different flow rates 

in straight channel (2×10-4 dm3/min and 6.7×10-5 dm3/min) with different outlet tube 

lengths (2 m and 0.667 m), so that residence time was the same for both cases.  The 

concentration of silver nitrate was measured at the exit using the silver electrode.  Results 

showed that mixing (even in straight output channel) and residence time are both 

significant.  At conditions of 2×10-4 dm3/min and 2 m length, the residual concentration of 

silver nitrate was 0.031 ± 0.0036 mM (~ 3% of initial concentration) but at the same 

residence time at 6.7×10-5 dm3/min and 0.667 m length the silver nitrate concentration 

was 0.051 ± 0.0054 mM (~ 5% of initial concentration).  The larger residual concentration 

of silver nitrate in the last case shows that at the smaller flow rate, the reaction was farther 

from completion.  Considering that reagent transfer in a straight tube is mostly diffusional, 

the degree of mixing at the T-junction, which increases with an increase of flow rate, may 

be a significant factor.  The characteristic diffusion times of AgNO3, tannic acid and 

trisodium citrate were calculated as 36, 288 and 46 seconds respectively, for the diffusion 

length of 0.25 mm while the residence time in both devices was estimated as 117.75 

seconds. Although the diffusion time of tannic acid suggests slower interaction with silver 

ions, this does not completely exclude its role in the reduction process. Factors such as 

its concentration and its potential interaction with trisodium citrate could influence the 
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reaction dynamics. It is also worthy mention that not only diffusion of tannic acid towards 

the silver nitrate is important for reduction but also diffusion of silver nitrate into tannic acid 

solution which is fast.  Note, the diffusion constant of AgNO3, tannic acid and trisodium 

citrate are 1.738 × 10−9 (Harned & Hildreth, 1951), 2.171 × 10−10 (Poling, 2001) and 

1.351 × 10−9 m2 s⁄  (Sadeghi & Ziamajidi, 2007) respectively. 

At 6.7 × 10-5 dm3/min with a 2 m outlet tube, the residual concentration of silver nitrate 

was around 0.017 ± 0.00053 mM (less than 2% of initial concentration).  Therefore, the 

reduction of silver nitrate was practically complete when the residence time was increased 

from 117.75 sec to 353 sec.  It was also observed that the size of AgNPs is greatly 

influenced by the curvature of the output channel (e.g., Figure 5.3C).  In straight channels 

under laminar flow, there is a characteristic parabolic profile.  The curvature of the outlet 

tube modified the flow pattern by the formation of secondary flows (Dean vortices) which 

improved the radial mixing in the channel (Wu et al, 2017).  Sufficient mixing allowed fast 

mass transfer during reduction process and homogenous growth and hence led to the 

formation of smaller particles. 

 

5.7 EXPERIMENTAL VALIDATION OF THE MODEL 

 

The validation of the obtained model and verification of the optimization results was 

carried out according to the optimal synthesis conditions. Using (Eq.(5.3)), the model 

predicted the global minimum size to be 2.62 nm and a local minimum size of AgNPs to 

be 4.32 nm when the optimal conditions were set to pH 7, trisodium citrate 2.68 mM, 

curvature 33.3 dm-1, storage temperature at 0oC and flow rate 4×10-5 dm3/min and to pH 
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12, trisodium citrate concentration 1.91 mM, curvature 33 dm-1, flow rate 2×10-5 dm3/min 

and storage of samples at 0 oC respectively.  These predicted conditions for minimum size 

of AgNPs were confirmed experimentally with an error of 16.1% and 7.0% respectively, 

see Figure 5.6.  The Figure 5.6 and Figure A1 in Appendix E show a comparison between 

the PSDs measured using dynamic light scattering (DLS) with zetasizer and transmission 

electron microscope (TEM) under different experimental conditions. The zetasizer 

instrument gives measurements of PSD based on the assumption that the particles are 

spherical. The measurements between these two characterisation methods presented a 

very good agreement supporting the assumption that particles are spherical. Previous 

studies such as Ranoszek-Soliwoda et al. [53] have also used TA and TC for the synthesis 

of AgNPs and reported the production of spherical particles under similar conditions. It is 

worth noting that in Figure 5.6, the tails differ slightly because DLS number distributions 

tend to emphasize smaller particles, which can mask the contribution of larger particles to 

the overall distribution. This results in the absence of a tail towards larger sizes in DLS 

data, whereas TEM data directly measures the physical size of particles and captures a 

broader range of sizes, including outlier particles. Intensity-based distributions from DLS 

often show broader size distributions not observed in TEM. Overall, number distributions 

are more representative of the sample than TEM measurements. 
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Figure 5.6 AgNPs size distribution from TEM and zeta-sizer. AgNPs at 2×10-5 

𝐝𝐦𝟑 𝐦𝐢𝐧⁄ , pH 12, TC 1.91 𝐦𝐌, CR 33.3 𝐝𝐦−𝟏 and ST 0 ℃ (Nathanael et al, 2023b). 

 

More subsequent experiments were performed in triplicate to validate the predicted 

model.  The predicted versus experimental values of AgNPs size for the training data and 

testing data are presented in Figures 5.7A and 5.7B respectively.  The mean absolute 

percentage error (MAPE) (Eq. (5.6)),(Dash & Dash, 2017) was calculated using the 

equation below where yk is the measured response and yk̂ is the predicted value: 

 

MAPE =
1

n
∑ |

yk−yk̂

yk
| × 100

n

k=1
%                          (5.6) 

 

The training data contains 162 experiments, including replications, while testing data 

comprised of only 45 experiments including replications.  The testing data were taken from 

independent experiments selected randomly within the limits of experimental factors.  
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These include experiments close to optimal conditions and beyond them.  The optimal 

points are illustrated with red dots in Figure 5.7B.  The confidence intervals (CI), Eq. (A10), 

and prediction intervals (PI), Eq. (A11), for the predicted responses were estimated to 

present the uncertainty with a probability of 95%.  To be more precise, PI appears wider 

than CI because it shows the variability related to single observations, while CI reflects 

the variability associated with the uncertain estimates of parameters (or coefficients) 

(Lane & DuMouchel, 1994).   

The predicted values are close to experimental responses of the testing data set and 

within the confidence and prediction intervals, suggesting that the model is successfully 

developed with correlation between the different factors and the size of AgNPs.  The 

average prediction error of the training set was estimated around 13%, with 37% the 

maximum error while the average prediction error of the testing set was calculated to be 

6.8% with 16.1% being the maximum error.  

 
A 

MAPE=13.0% 
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Figure 5.7:  Predicted and true particle size of the A) training data (162 

experiments including replications) and B) testing data (45 experiments including 

replications) using Eq. (5.3). The confidence intervals (CI) and prediction intervals 

(PI) for the predicted responses were estimated with error 95%. Note, that black 

and red dots represent the average of three experimental observations with 

corresponding error bars (Nathanael et al, 2023b). 

 

5.8 CONCLUSIONS 

 

A D-optimal experimental design was applied to build a predictive regression model using 

response surface methodology to optimize the formation of AgNPs in a microfluidic 

continuous flow reactor.  The statistical analysis provided an insight into factors effects on 

the measured response as well as interaction effects between factors which are difficult 

B 
MAPE=6.8% 
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to identify using OFAT methods. Different response surface models were considered, and 

model discrimination was carried out to select the model using AIC and BIC. Through the 

investigation of five experimental factors including storage temperature, pH of the solution, 

concentration of stabilising agent (trisodium citrate), curvature of output channel and flow 

rates, it was shown that all factors are significant for the measured response while pH, 

concentration of trisodium citrate, curvature, and the interaction of trisodium citrate 

concentration and pH are the most vital.  The resulting model equation was graphically 

represented as a response surface function and allowed identification of optimized 

hydrodynamic and reaction conditions.  The optimal combinations (pH 7, TC 2.68 mM, 

CR 33.3 dm-1, ST 0 oC and FR 4×10-5 dm3/min) and (2×10-5 dm3/ min, pH 12, TC 1.91 

mM, CR 33.3 dm-1 and ST 0 oC) predicted AgNPs with an average size of 2.62 nm and 

4.32 nm respectively.  The average prediction error of testing data set was calculated as 

6.8% confirming that a reliable model has been developed which correlates the effect of 

the different factors on the size of AgNPs.  
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CHAPTER 6: ANALYSIS ON REACTION KINETICS OF SILVER 

NANOPARTICLES SYNTHESIS 3 
 

6.1 INTRODUCTION 
 

Understanding the kinetic constants governing the synthesis of silver nanoparticles is 

essential for advancing their industrial applications (Nathanael et al, 2022) and evaluating 

their environmental impact (Mbanga et al, 2022).  This chapter aims to elucidate these 

constants for comparing two distinct chemical protocols using a well-mixed batch reactor. 

By investigating the kinetics of AgNP formation using these protocols, quantitative data 

will be derived to serve as inputs for numerical simulations and data-driven models. 

The kinetics not only influence the rate of NP formation but also play a significant role in 

controlling their size, shape, and dispersity—critical factors for their performance in 

various industrial applications (Nathanael et al, 2022). A detailed understanding of the 

reaction mechanisms underlying AgNP synthesis can be obtained through these kinetic 

studies. Differences in reaction pathways between the two protocols can provide insights 

into the dominant steps and rate-limiting processes involved in NP formation. 

As discussed in § 2.4, the Finke-Watzky two-step mechanism (Watzky & Finke, 1997) has 

been recognized as a suitable model for describing the autocatalytic synthesis of AgNPs. 

 
3 Sections 6.2, 8.2-8.4 and 8.6 of these chapters are adapted from Nathanael, K., 
Cheng, S., Kovalchuk, N.M., Arcucci, R., Simmons, M.J.H. (2023) Optimization of 
microfluidic synthesis of silver nanoparticles: a generic approach using machine 
learning, Chem. Eng. Res. Des., 193, 65-74. 
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Therefore, it will be employed to estimate the nucleation and growth constants of AgNPs 

derived from the two distinct chemical sets in a well-mixed reactor. 

This investigation the kinetic constants of AgNPs using two different protocols represents 

a critical step towards enhancing the understanding of their synthesis dynamics and 

utilizing this knowledge for practical applications in nanotechnology and environmental 

science. 

 

6.2 KINETIC CONSTANTS OF TANNIC ACID AND TRISODIUM CITRATE  
 

The first chemical protocol for the synthesis of AgNPs in a well-mixed reactor involves 

tannic acid and trisodium citrate and is fully described in § 3.1. 

The kinetic curves characterizing time dependence of concentration of silver included in 

nanoparticles are shown in Figures 6.1A and 6.1B. At pH 7, nucleation is rather slow, and 

the kinetic curves have a typical sigmoidal shape.   

Table 6.1 reports the values of k1 and k2 for each case of conditions, found from the linear 

fitting of F-W, as well as the estimations of tind, tmax and tplateau using Eqs. (6.1) -(6.4). 

                                                        tind,j =
ln ((2−√3)

k2[A]0
k1

)

k1+k2[A]0
                                           (6.1) 

                                          tind,p =
k1+k2[A]0

(k1−k2[A]0)2
ln (

k2[A]0

k1
) +

2

k1−k2[A]0
                              (6.2) 

                                                               tmax =
ln(

k2[A]0
k1

)

k1+k2[A]0
                                              (6.3) 

                                                   tplateau =
ln((2+√3)

k2[A]0
k1

)

k1+k2[A]0
                                             (6.4) 
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Where tind,j and tind,p represent different interpretations of the induction time, tmax reports 

the time at the maximum rate of consumption, and tplateau accounts the time at which fully 

consumption of precursor is achieved. Bentea et al (2017) derived these expressions from 

the overall F-W reaction rate of consumption as shown in Eq. (2.5). To be more specific 

the characteristic times (induction period, maximum slope, and time of maximum growth) 

are derived directly from the analytical expressions for the first, second, and third 

derivatives (rate, acceleration, and rate of change of acceleration) of the product 

concentration [B]t over time, which are based on the fundamental F-W model parameters 

(k₁, k₂, [A]₀). Notably, the time of maximum rate (tmax) corresponds to the inflection point 

of the sigmoidal curve, while the time of maximum acceleration (tind) marks the transition 

from the lag to the exponential growth phase.  

Using the values for k1 and k2,shown in Table 6.1, it is easy to find that condition  k1 ≪

k2[A] is valid for [A] >> 0.03 mM, which is only 3% of initial concentration of SN, 0.92 mM.  

The obtained values of rate constants are validated by recalculating the full kinetic curve 

using Eq. (2.6) with these constants.   

Excellent agreement between the theoretical and experimental kinetic curves is shown in 

Figure 6.1A (pH 7). Multiple studies such as Anigol et al (2017), Jebakumar Immanuel 

Edison & Sethuraman (2013), and Dong et al (2009) have shown that pH changes the 

kinetics in the formation of AgNPs, using Capparis Moonii fruit extract, Pod Extract of 

Acacia nilotica and citrate as reducing agents, respectively.  At moderate pH, there is a 
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slow reduction rate of the precursor while at high pH there is an improved reducing ability 

of the reducing agent that results in smaller size particles.  

At pH 12, it was observed that the silver nuclei formation proceeded very fast, without a 

noticeable lag phase for all studied stabilising agent concentrations, in agreement with 

literature data (Iashchishyn et al, 2017).  Only the right-hand side part of sigmoidal curve 

can thus be measured, which mostly accounts for particle growth.  

It is important to note that tind and tmax using the fittings of k1 and k2 at pH 12 lead to 

negative values reported as '–' in Table 6.1. Although the linear fitting in Figure 6.1D (pH 

12) gives a reasonable fit, using values of kinetic constants provided in Table 6.1 shows 

that this linear fitting is valid only for [A] >> 0.5 mM for [TC] = 3.82 mM and [A] >> 1 mM 

for [TC] = 1.91 mM.  Using these constants with the full F-W model, Eq. (2.6), does not 

provide as good agreement with experimental data as for the lower value of pH, but it is 

still acceptable as can be seen from Figure 6.1D (pH 12).   Note, non-linear fitting directly 

using Eq. (2.6) does not improve the fitting presented in Figure 6.1B (pH 12).  Thus, the 

values of nucleation and growth constants presented in Table 6.1 were used as the best 

possible fitting.  
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Figure 6.1 Application of the F-W model for the analysis of AgNPs formation 

kinetics for the first set of chemicals (TA and TC). Time evolution of [𝐁] found 

from absorption at 400 nm for A) pH 7 and B) pH 12 and different concentrations 

of the stabilising agent (TC): symbols represent experimental data; lines are fitting 

of full model Eq. (2.6) with kinetic constants found from linear fitting Eq. (2.7); 

Fitting of experimental data using linear form of Finke-Watzky model as shown in 

Eq. (2.7) for C) pH 7 and D) for pH 12 (Nathanael et al, 2023a). In plots C and D, 𝐚 is 

([𝑨𝟎] − [𝑨]) [𝐀𝟎]⁄ ,  𝐀𝟎 refers to the initial concentration of reactant A, and [𝐀] refers 

to its concentration at any time 𝐭. 

 

A 

B 

pH 7 

pH 12 

C 

D 
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For the investigated case, under alkaline pH, there is a full dissociation of citrate species 

(Dong et al, 2009) and dicarboxyacetone (DCA) (Marciniak et al, 2020), generated as a 

by-product of the decarboxylation of citrate during silver ions reduction, which makes the 

chemistry of the system more complex.  Therefore, it is possible that several parallel 

processes are involved with different nucleation and growth constants making fitting of the 

kinetic curves much more challenging.  

Table 6.1 Nucleation and growth constants for varied pH and concentrations of 

trisodium citrate. The silver nitrate concentration was 0.92 mM. 

                                                             

6.3 KINETIC CONSTANTS OF DMAB AND SDS AND COMPARISON WITH THE 

KINETICS OF TANNIC ACID AND TRISODIUM CITRATE 
 

A second set of chemicals was investigated for the synthesis of AgNPs in a well-mixed 

reactor. This chemical protocol fully described in § 3.1 involved DMAB and SDS. The 

nucleation and growth constants were estimated experimentally in the same way (linear 

fitting of F-W mechanism, see Figures 6.2 and 6.3) as first set of chemicals based on F-

pH [TC] 

(mM) 

Nucleation 

constant,𝐤𝟏 

(𝐦𝐢𝐧−𝟏) 

(average) 

Growth 

constant, 𝐤𝟐 

(𝐌−𝟏𝐦𝐢𝐧−𝟏) 

(average) 

𝐤𝟐[𝐀]𝟎

/𝐤𝟏 

𝐭𝐢𝐧𝐝,𝐣

/𝐦𝐢𝐧 

𝐭𝐢𝐧𝐝,𝐩

/𝐦𝐢𝐧 

𝐭𝐦𝐚𝐱

/𝐦𝐢𝐧 

𝐭𝐩𝐥𝐚𝐭𝐞𝐚𝐮

/𝐦𝐢𝐧 

7 1.91 0.0011 55.51 46.43 48.32 40.16 73.57 98.81 

7 2.87 0.0013 37.86 26.79 62.34 52.04 99.10 135.8 

7 3.82 0.0015 44.81 27.48 46.73 39.37 77.56 108.4 

12 1.91 0.1 77.97 0.72 - - - 5.73 

12 2.87 0.012 13.66 1.05 - 0.63 1.88 55.48 

12 3.82 0.0128 26.01 1.87 - 5.82 17.03 52.89 
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W mechanism (Watzky & Finke, 1997) described in detail in § 2.4. Previous studies such 

as Rivero et al (2013) and Wojnicki et al (2019) investigated DMAB as reducing agent in  

the synthesis of AgNPs, while studies such Kora et al (2009), Parrey et al (2021) and 

Shah et al (2019), explored the effects of SDS. However, the combined effect of DMAB 

and SDS have not been previously investigated. 

Rivero et al (2013) investigated the effect of DMAB in AgNPs synthesis and they observed 

that as the concentration of DMAB increased, the maximum absorption bands shifted 

towards shorter wavelengths, leading to a change in the colours formed during the 

synthesis process, transitioning from violet to orange. This phenomenon is often observed 

when the size or shape of the NPs changes, or when there is a change in the local 

environment of the nanoparticles. In general, a shift of the absorption peak towards shorter 

wavelengths, indicates a decrease in NP size (Chicea et al, 2023).  

Al-Thabaiti et al (2008) examined the formation and characterisation of surfactant 

stabilized AgNPs using SDS in the reduction of silver nitrate by ascorbic acid. They 

suggested that the behaviour of SDS in the stabilization of AgNPs may be due to several 

factors, including the solubilization or incorporation of reactant species and AgNPs into 

the micellar phase, as well as the adsorption of AgNPs onto the anionic head group of 

SDS micelles through electrostatic interactions. Additionally, they suggested that the 
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positive charge on Ag+ forms an ion pair with the negative group of SDS micelles 

(−SO−
3Ag+).  

 

Figure 6.2 Time evolution of [𝐁] for second set of chemicals found from 

absorption at 400 nm for A) 0.2 mM DMAD and B) 0.4 mM DMAB and different 

concentrations of the SDS: symbols represent experimental data; lines are fitting 

of full model Eq. (2.6) with kinetic constants found from linear fitting. 

 

A 

B 
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Figure 6.3 Linear fitting of F-W two step mechanism for the second set of 

chemicals using 0.2 𝐦𝐌 DMAB (A) and 0.4 𝐦𝐌 DMAB (B) for 60 𝐦𝐌 and 80 𝐦𝐌 

SDS. 

Patil et al (2012) explored the synthesis of AgNPs using sodium borohydride and SDS. 

Their investigation revealed an optimal concentration of SDS for monodispersed AgNPs. 

0.2 mM DMAB 

0.4 mM DMAB 

A 

B 
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By keeping precursor (AgNO3) concentration at 0.001 M and NaBH4 at 0.003 M, they 

observed an increase in λmax with increasing the SDS concentration, followed by a 

decrease at higher SDS concentrations. They proposed that the negative charge of SDS 

molecules played a significant role in preventing agglomeration of AgNPs.  Furthermore, 

they suggested that the higher SDS concentration led to more nuclei formation, resulting 

in smaller PSD. Higher concentrations of SDS enhance the nucleation process by 

stabilising nuclei and preventing their aggregation into larger particles. 

In this chapter, the combined effect of DMAB and SDS is firstly investigated. At lower 

concentrations of the reagents, nucleation progresses at a slower rate compared to higher 

concentrations. The kinetic curves (Figure 6.2) differ from the typical sigmoidal shape 

observed in the first chemical protocol at pH 7, likely due to the strong reducing agent 

DMAB. It behaves similarly to the conditions in the first set of chemicals at pH 12. With 

DMAB, silver nuclei formation proceeded rapidly across all studied SDS concentrations, 

without a noticeable lag phase. 

As the concentrations of the reducing agent or/and stabilising agent increased, the sizes 

of AgNPs decreased. For example, at 0.2 mM DMAB and 60 mM SDS, the size was 3.82 

±0.8 nm whereas at 0.4 mM DMAB and 80 mM SDS, the size reduced to 2.73 ± 0.4 nm 

(see Table 6.2). 

In the same context, the inductions times of their synthesis, denoted as  tind,j and tind,p 

decreased with the concentrations of the reagents. This indicates that reduction occurs 

more rapidly with higher concentrations of the reagents, leading to the formation of smaller 

AgNPs, as illustrated in Table 6.2. Moreover, the induction times. tind,j and tind,p for the 
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second set of chemicals are comparable to those for the first set of chemicals at pH 12 

(refer to Table 6.1). 

Table 6.2 reports the values of k1 and k2 for each case of conditions, found from the linear 

fitting of F-W, as well as the estimations of tind, tmax and tplateau using Eqs. (6.1) -(6.4). 

The nucleation and growth constants from the second set of chemicals were also 

integrated into numerical simulations described in Pico et al (2023) and results can be 

found in the Appendix G. 

Table 6.2 Kinetic constants of second set of chemicals involving DMAB and SDS 

and the experimental sizes found from DLS under the investigated cases. 

[𝐃𝐌𝐀𝐁], 

𝐦𝐌 

[𝐒𝐃𝐒], 

𝐦𝐌 

𝐤𝟏 , 

 𝐦𝐢𝐧−𝟏 

𝐤𝟐, 

 𝐌−𝟏𝐦𝐢𝐧−𝟏 
𝐤𝟐[𝐀]

𝟎
/𝐤𝟏 

𝐭𝐢𝐧𝐝,𝐣

/𝐦𝐢𝐧 

𝐭𝐢𝐧𝐝,𝐩

/𝐦𝐢𝐧 

𝐭𝐦𝐚𝐱

/𝐦𝐢𝐧 

𝐭𝐩𝐥𝐚𝐭𝐞𝐚𝐮

/𝐦𝐢𝐧 

𝐝 ± 𝛔, 

nm (𝐏𝐃𝐈) 

 Exp. 

0.2 60 0.014 831.25 4.75 2.996 

 

7.41 

 

19.36 35.72 
3.82 ± 0.8 

(0.05) 

0.2 80 0.064 1120 1.40 - 

 

0.74 

 

2.19 10.76 
2.92 ± 0.5 

(0.026) 

0.4 60 0.021 989.58 3.77 0.1 

 

4.88 

 

13.25 26.4 
3.08 ± 0.56 

(0.033) 

0.4 80 0.125 1500 0.96 - - - 5.21 
2.73 ± 0.4 

(0.021) 
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6.4 CORRELATION OF KINETICS AND INITIAL CONCENTRATIONS FOR BOTH 

SET OF CHEMICALS 
 

Building on the investigations of two distinct chemical protocols and comparing a second 

set of chemicals with the first, there is potential to identify a correlation between the 

kinetics and initial concentrations of these two different sets of chemicals. 

Table 6.3 Features and range investigated for the correlation between the kinetics 

and initial concentrations for both set of chemicals. 

Feature Range investigated 

Initial concentration of precursor, Ao, (M) 0.00008-0.00092 

Nucleation constant, k1 (min−1) 0.0011 - 0.125 

Growth constant, k2 (M−1min−1) 13.66-1500 

 

The experimental data (see Table A2 in Appendix C) from both set of chemicals were 

fitted to polynomial function using 2 poly degree and 3 variables to predict the size of 

AgNPs (𝑦) in nm , where x1 is Ao x2 is k1 and x3 is k2.  This analysis focused on exploring 

a comprehensive model that accounts a variety of terms that imply dependencies on Ao, 

k1, k2, individually and in combinations, rather than exclusively through direct correlations. 

 

y = 1.76 − 538.9x1 − 41.73x2 + 0.0028x3 − 0.7413x1
2 + 4.00386x1x2 + 44.0225x1x3 −

5.4148 x2
2 + 0.0433x2x3 − 0.000005x3

2                                                                                    (6.5)                                                                                      
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The value of R2, (Eq.  (A4)) was found to be 0.987 indicating that the model provided a 

good fit to the data. This model can predict the size of AgNPs within the limits of the 

experimental features with a minimum standard error equal to 0.296 nm. 

The validation of the obtained model was carried out using different and random synthesis 

conditions for the two investigated set of chemicals. Using (Eq. (6.5)), the model predicted 

the size of AgNPs in nm while the sizes of AgNPs were confirmed experimentally using 

DLS. 

Experiments for all the investigated cases were performed in triplicate to validate the 

predicted model.  The predicted versus experimental values of AgNPs size for the training 

data and testing data are presented in Figure 6.4.   

The training data contains 33 experiments, including replications, while testing data 

comprised of only 18 experiments including replications.  The testing data were taken from 

independent experiments selected randomly. 

The predicted values as shown in the Figures 6.4A and 6.4B closely align with the 

experimental responses of the testing dataset and fall within the confidence and prediction 

intervals (Eq. (A10) and Eq. (A11) in Appendix A). This indicates the successful 

development of the model, demonstrating a strong correlation between the various 

features of both sets of chemicals and the resulting size of AgNPs. The average prediction 

error of the training set was estimated around 2.93%, with 9.9% the maximum error while 

the average prediction error of the testing set was calculated to be 4.9% with 11.9% being 

the maximum error. 
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Figure 6.4 A) Training and B) Testing data for the correlation for both set of 

chemicals. The first set of chemicals involve TA and TC and the second set of 

chemicals include DMAB and SDS. 

A 

B 



154 

6.5 CONCLUSIONS 
 

The kinetics investigations conducted in well mixed reactors for both set of chemicals, 

demonstrated the influence of different types of reducing and stabilising agents.  For 

example, in the first chemical protocol, it was shown that pH plays a significant role on the 

PSD of AgNPs.  At alkaline pH, silver nuclei formation proceeded very quickly, without a 

noticeable lag phase for all the studied stabilising agent concentrations.  At pH 7, the 

kinetic curves followed the typical sigmoidal shape, indicating that nucleation is relatively 

slow.  Regarding the second chemical set, the combined effect of DMAB and SDS was 

firstly investigated.  It was shown that as the concentrations of reducing and stabilising 

agent increased, the sizes of AgNPs decreased.  The kinetic curves were similar to the 

conditions of the first chemical protocol at pH 12 due to the strong reducing behaviour of 

DMAB. 

Building on the findings of kinetics investigations conducted on both sets of chemicals, a 

regression model on the kinetics and their respective initial concentrations for the two 

different sets of chemicals was constructed for the first time to predict the PSD. The 

average prediction error of the testing dataset was calculated as 4.9%. The close 

alignment between the predicted PSD values and the experimental PSD confirms the 

reliability of the model, indicating a strong correlation between the different features of the 

two sets of chemicals and the size of AgNPs 
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CHAPTER 7: EXPERIMENTAL VALIDATIONS OF PBM-CFD 

SIMULATIONS ON SYNTHESIS OF SILVER NANOPARTICLES 

IN MICROFLUIDIC CHANNELS4 
 

7.1 INTRODUCTION 

 

The review paper by Nathanael et al (2022),  concluded that integrating microfluidics with 

numerical modelling offers a promising approach for optimizing nanoparticle formation.  

Literature has demonstrated that employing computational modelling alongside 

microfluidics as a high-throughput experimental method can yield valuable insights about 

the system, that are otherwise inaccessible experimentally.  This integrated approach not 

only allows a comprehensive understanding of processes of nano-particles formation and 

growth but also reduces the number of experiments required, as well as the necessary 

reagents and energy, benefitting sustainability.  Many experimental and computational 

investigations, as detailed in § 2.2, § 2.3 and § 2.6 have been undertaken over the years 

to uncover the correlations between operating synthesis parameters and the final 

properties of AgNPs for a range of applications.  However, despite all these extensive 

efforts, the comprehension of the underlying phenomena leading to specific outcomes 

remains incomplete and elusive. 

For instance, prior mechanisms described by Watzky & Finke (1997), Perala & Kumar 

(2014) and Mozaffari et al (2017) are tailored specifically for batch reactions under 

 
4 Sections 7.1-7.4 of this chapter are based on the data from Pico, P., Nathanael, K., 
Lavino, A.D., Kovalchuk, N.M., Simmons, M.J.H., Matar, O.K. (2023) Silver 
nanoparticles synthesis in microfluidic and well-mixed reactors: A combined 
experimental and PBM-CFD study. Chem. Eng. J., 474, 145692. 
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condition of ideal mixing. In continuous flow systems, such as the one outlined in § 3.2, 

the reactants are initially in separate states, and the degree of mixing, plays a significant 

role in the entire process.  Additionally, the existing computational literature concerning 

various NPs formation in microfluidic systems, such as SiO2 (Bal & Bandyopadhyaya, 

2019) and CdSe (Kumar & Ganesan, 2017) primarily based on precipitation and 

supersaturation-driven crystallization processes.  There is a lack of focus on reduction-

based and low saturation models, which are better suited for describing the synthesis of 

AgNPs. 

A computational model that couples mixing dynamics, reduction kinetics, nucleation and 

growth, particle agglomeration and diffusion to predict the PSD and its variations under 

different operating conditions within microchannels was developed by Pico et al (2023).  

The experimental validation of this computational model will be elaborated upon in this 

chapter.  As fully described in Pico et al (2023), this computation framework lays the 

groundwork for a more comprehensive modelling approach towards the production of 

reduction-based NPs in both well-mixed and continuous flow reactors.  The research 

paper Pico et al (2023) introduced a PBM-CFD modelling framework, implemented in an 

open-source code, to extend the kinetic model of F-W to continuous flow reactors, 

enabling prediction of the PSD for the AgNPs. Note, in the well mixed batch system of this 

thesis, reaction kinetics are the rate-controlling step. When transitioning from a well-mixed 

batch system to a flow system, it is assumed that the reaction kinetics remain the same 

because the chemical process is unchanged and the key difference in flow systems is the 

additional contribution of mass transfer that plays a significant role in influencing the 
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overall reaction rate. Additionally, the F-W mechanism assumes there is no separate 

reduction step and therefore does not explicitly involve reactants for CFD modelling, CFD 

simulations can be adapted to include a separate reduction step. This flexibility allows 

CFD to provide a more comprehensive analysis of systems where reduction dynamics 

play a role.The PBM modelling including details on how kernels are determined is 

discussed in Pico et al (2023).The limitations and advantages of the suggested approach 

are discussed.  

7.2 EXPERIMENTAL VALIDATION OF PBM: EFFECT OF pH AND [TC] ON THE 

SYNTHESIS OF AgNPs IN A WELL-MIXED REACTOR 

 

The nucleation and growth constants integrated in numerical simulations were estimated 

experimentally (see § 6.2)  based on F-W model  (Watzky & Finke, 1997) described in 

detail in § 2.4.  Data for the average particle size, d, standard deviation, σ, polydispersity 

index (PDI) and experimental conditions for each investigated case for the well-mixed 

reactor are presented in Table 7.1. PDI is defined as the distribution of particle sizes within 

a sample.  

        PDI = (σ d⁄ )2            (7.1) 

The experimental and F-W based PBM predictions are in good agreement for pH 7 (Figure 

7.1), showing a maximum deviation of 10.1% and 31.2% for d and σ respectively. 

Regarding the fitted experimental data, the maximum deviations reach 7.2% and 13.6% 

for d and σ respectively.  Perala & Kumar (2014) examined the performance of F-W for 

IrNPs though a PBM framework and found that standard deviation of the PSD is over-

predicted up to 150%.  At pH 12, an expansion of discrepancies was observed for σ that 
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comes in alignment with the work of Perala & Kumar (2014) who focused on IrNPs. As 

mentioned in Pico et al (2023), the significant deviation of ~150% in σ observed by Perala 

& Kumar (2014) is related to the selection of representing the mean diameter by lower-

order moments. It is important to note that the overall framework of nucleation followed by 

autocatalytic growth is applicable to both IrNPs and AgNPs. 

Smaller particle sizes of AgNPs were achieved with higher concentrations of TC.  This, 

coupled with the reaction kinetics and characterisation times detailed in Tables 7.1 and 

6.1, respectively, illustrates the stabilising effects of TC.  These findings are consistent 

with the results of Bastús et al (2014), who observed smaller AgNPs by reducing the ratio 

of TA to TC. 

At pH 12, the deviations of experimental measurements of σ against PBM based on F-W 

predictions are particularly significant.  The errors are between 5.9 to 13.0% and 78.0 to 

85.5% for d and σ respectively.  It is important to note that deviations of σ for pH 12 are 

under predicted for all the investigated concentrations of TC.  The source of these 

discrepancies of σ are linked to the rapid nucleation at pH 12 but also to the assumptions 

of F-W about the uncoupled nucleation and growth steps (see § 2.4).  

The PBM results from the well-mixed reactor showed the crucial importance of the ratio 

k2[A]0 k1⁄  to predict the d, σ and PDI in the context of F-W two step mechanism.  Further 

investigations, as presented in the paper of Pico et al (2023), suggested that this ratio is 

the sole predictor of d, σ and PDI after the plateau stage when Ao is constant.  For 

instance, smaller AgNPs observed at high pH can be attributed to enhanced nucleation, 
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(k2[A]0 k1⁄ < 1) leading to the formation of numerous small nuclei instead of significant 

growth events, resulting in limited precursor availability, restricted growth, and ultimately 

smaller particle sizes.  Conversely, opposite arguments (k2[A]0 k1⁄ > 1) apply to cases 

characterized by lower pH values. Use of this ratio is a simplification; however, Eq. (6.5) 

in § 6.4 includes significant interaction and quadratic terms which highlight the presence 

of non-linear effects and interactions not accounted for by the PBM model.  This 

emphasizes the importance of integrating experimental data with theoretical models to 

achieve a comprehensive understanding of when simplifying assumptions can be made 

and ensure accurate predictions. The same PBM framework for well-mixed reactors was 

applied to the second chemical protocol using DMAB and SDS, and good agreement was 

found between experiments and simulations (see Appendix G).   

The results from the PBM model for the well-mixed reactor from the second set of 

chemicals have shown there is an influence of dcrit or “critical diameter”.  This term 

represents the critical size above which particles are stable and can grow further, while 

below this size, particles may tend to dissolve (Pelegrina & Guillermet, 2018).  There are 

different silver nanoclusters with diameters of 0.92, 0.95, 1.08, 1.10, 1.37, 1.49, 1.60, and 

2.60 nm for Ag25, Ag43, Ag44, Ag63, Ag141, Ag78, Ag136, and Ag374, respectively (Feng et al, 

2022).  It may be a fitting parameter that needs to be adjusted based on the chemical 

protocol.  

A length-based number density function assuming spherical particles was used. The 

function is given by G(L, yi) = G(V, yi) 3L2⁄ , where G(V, yj) is a volume-based growth rate. 

This expression assumes that particle growth in length (diameter) is proportional to 
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particle size. This approach is consistent with the F-W assumption that all atoms in a 

nanoparticle contribute to particle growth, not just those located at the surface.  

Table 7.1 Comparison of experimental measurements of 𝐝, 𝛔 and 𝐏𝐃𝐈 = (𝛔 𝐝⁄ )𝟐 

with F-W based PBM predictions and normal distribution fitting (see § 3.5, Eq. 

(3.2)) for AgNPs in a well-mixed reactor under different pH and [TC] after full 

precursor consumption. 

pH 
[TC] 

(mM) 

 

𝐤𝟏 

(𝐦𝐢𝐧−𝟏) 
 

 

𝐤𝟐 

(𝐌−𝟏𝐦𝐢𝐧−𝟏) 
 

𝐤𝟐[𝐀]𝟎/𝐤𝟏 
𝐝 ± 𝛔 (𝐧𝐦) 

(𝐏𝐃𝐈) 

 PBM Exp. Exp.(fit) 

7 1.91 0.0011 55.51 46.43 
3.60 ± 0.91 

(0.064) 

3.61 ± 1.30 

(0.13) 

3.74 ±1.02 

(0.07) 

7 2.87 0.0013 37.86 26.79 
3.03 ± 0.66 

(0.048) 

3.37 ± 0.96 

(0.08) 

3.26 ± 0.76 

(0.05) 

7 3.82 0.0015 44.81 27.48 
3.12 ± 0.69 

(0.049) 

3.14 ± 0.94 

(0.09) 

3.00 ± 0.67 

(0.05) 

12 1.91 0.1 77.97 0.72 
0.77 ± 0.04 

(0.003) 

0.73 ± 0.18 

(0.06) 

0.68 ± 0.10 

(0.02) 

12 2.87 0.012 13.66 1.05 
1.54 ± 0.10 

(0.004) 

1.36 ± 0.57 

(0.18) 

1.48 ± 0.54 

(0.13) 

12 3.82 0.0128 26.01 1.87 
1.66 ± 0.16 

(0.009) 

1.91 ± 1.10 

(0.33) 

1.87 ± 0.50 

(0.07) 
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Figure 7.1 PBM model in a well-mixed reactor for 1st set of chemicals. The graphs 

(A) and (C) show the temporal evolution of [B] between the experimental 

measurements (pink dots) and F-W based PBM predictions (blue line) while 

graphs (B) and (D) the PSD for AgNPs in a well-mixed reactor using 1.91 mM TC at 

pH 7 and pH 12 respectively.  

A 
B 

C 
D
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7.3 PRECURSOR CONSUMPTION DYNAMICS IN THE T-JUNCTION 

MICROCHANNEL-EXPERIMENTAL VALIDATION OF PBM-CFD SIMULATIONS 

 

Figure 7.2A shows the experimentally measured steady-state concentration of silver ions 

along the channel length at different inlet flow rate for pH 7 and TC 1.91 mM.  The 

experimental spatial profiles of the continuous flow reactor illustrate a rapid consumption 

of silver ions within the first ~0.125 m, followed by a much slower consumption.  At a 

distance of 2 m along the outlet channel, small but non-negligible traces of silver ions were 

detected ([SN]=0.031 ± 0.0036 and [SN]=0.013 ± 0.0013 mM for 200 μL min⁄  and 50 

μL min⁄  respectively). 

The straight outlet channel design used in this study removes any potential for transversal 

flow development, typically induced by coiled or helical reactors even at low Re (Kašpar 

et al, 2019), (Wu et al, 2017).  As shown in Figures 7.2 A and B, there is a fast precursor 

consumption along the channel with lower flow rates in both numerical and experimental 

results.  Lower flow rates result in longer residence times, which enhance reagents 

consumption through the reduction reaction. 

As observed in the experimental concentration profiles, the areas of interest 

predominantly occur within the first metre of the outlet channel.  Consequently, the 

simulation results were limited to a total length of 1 m instead of 2 m to minimise the 

computational time.  The increase in silver precursor consumption per channel length at 

lower flow rates impacts the generation of silver atoms, thereby influencing PSD.  For 

example, previous studies on similar NPs like AuNPs (Yoo et al, 2022), (Iwamoto et al, 
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2005) showed that the rate of reduction reaction has a crucial effect on the evolution of 

subsequent reactions and the final PSD. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.2 Effect of flow rates and residence times on the steady-state 

concentration of silver ions along the T-junction microchannel. Experimental (A) 

results versus CFD mixing reaction model (B). 

A 

B 
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Building on the prior discussion of hydrodynamic and kinetic time-scale phenomena and 

their influence on reactant consumption during AgNP synthesis in the T-junction 

microchannel, this section will delve into the experimental and simulation outcomes 

regarding PSD.  Figures 7.3 (A-C) present experimentally measured steady-state PSD 

along various channel lengths for different inlet flow rates, accompanied by detailed 

results.  These findings show the significant relationship between hydrodynamics and 

PSD.  Specifically, the results reveal a consistent trend wherein both the average PSD 

and their standard deviation decrease monotonically with increasing flow rate across all 

channel lengths.  Unexpectedly, the PDI (Eq. (7.1)) does not exhibit a monotonic 

behaviour in response to changes in channel length and flow rates.   

A low PDI (e.g., 0.1) indicates uniform sizes while high PDI (e.g. 0.5) suggests a wide 

range of particle sizes.  However, it's noteworthy that in all cases, a PDI of ≤0.10 

corresponds to monodisperse samples.  

The simulation results (depicted in Figure 7.4B) follow the observed trend of flow rates 

and PSD evolution, consistent with the experimental findings.  These simulation outcomes 

are presented for channel length of 0.25 m, chosen to reduce the computational demands. 

The experimental and numerical findings align with prior studies explored the impact of 

hydrodynamics in microreactors on PSD (Khan et al, 2004),(Kim et al, 2012),(Ling et al, 

2022),(Aljarrah et al, 2022).  These studies have noted that shorter residences times result 

in a reduction in particle size.  The differences in both d and σ when transitioning from a 

well-mixed reactor to a continuous flow reactor under identical chemical conditions, as 

shown in Figure 7.1 (sizes in beaker) and Figure 7.4 (sizes in T-junction) are 
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approximately tenfold.  The utilization of the T-junction continuous flow device yields larger 

AgNPs, accompanied by comparable or slightly elevated PDI values. 

 

 

  

 

 

 

  

 

 

 

 

 

 

 

Channel length / 
m 

d ± σ / nm (PDI) 

0.25 11.85 ± 3.34 (0.08) 

0.5 12.34 ± 3.81 (0.10) 

1 17.96 ± 4.69 (0.07) 

2 21.27 ± 7.03 (0.11) 

Channel length / 
m 

d ± σ / nm (PDI) 

0.25 10.37 ± 2.95 (0.08) 

0.5 11.40 ± 3.39 (0.09) 

1 17.01 ± 4.54 (0.07) 

2 19.69 ± 6.07 (0.10) 

A 

B 
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Figure 7.3 Experimental PSD of AgNPs at 50 (A), 100 (B) and 200 (C) 𝛍𝐋 𝐦𝐢𝐧⁄  at 

different lengths of outlet channel. 

In the well-mixed reactor, the consumption of silver precursor follows reaction kinetics 

without the influence of mass transfer, enabling the production of smaller particles sizes.  

Conversely, reactions in microchannels are governed by slow convective and diffusive 

dynamics (Re = 4.24 − 16.98 ).   

As a result, larger particles are formed compared to those in a well-mixed reactor, where 

delays in reaction due to mixing are minimised, and particles do not have sufficient time 

to aggregate significantly during the reaction completion phase.   

This contrasts with situations where mixing is less effective or reactions proceed over 

extended periods, leading to increased particle aggregation over time. In microchannels, 

an inverse relationship between the final particle size and inlet flow rates was observed.  

While the reaction is complete even at higher flow rates by the end of microchannel, the 

consumption of silver precursor per reactor length decreases with shorter residence times.  

Channel length / 
m 

d ± σ / nm (PDI) 

0.25 9.04 ± 2.44 (0.07) 

0.5 10.19 ± 3.36 (0.10) 

0.75 11.50 ± 3.54 (0.09) 

1 17.48 ± 4.83 (0.08) 

2 17.86 ± 5.12 (0.08) 

C 
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This reduction in precursor availability limits the production of silver atoms which serve as 

the building blocks for nucleation and growth.  Both of these factors contribute to the 

smaller particle size measured.  Conversely, longer residence times in the microchannels 

at lower flow rates, could potentially promote particle agglomeration, leading to larger 

particle sizes. 

Figure 7.4 Experimental (A) versus PBM results (B) at 0.25 𝐦 length and different 

flow rates. 

B 

A 



168 

Wu et al (2017) investigated various microreactor geometries and observed smaller PSD 

in helical devices.  This phenomenon was attributed to the development of transversal 

flows, that enhance reactant mixing and facilitate a rapid consumption of precursor and 

NP nucleation. 

As elaborated in Appendix E, Figure A1 (B) and (C) compare the final PSD in the straight 

and coiled geometries of the T-junction continuous flow device, employing identical pH 

and flow rates. The coiled reactor facilitates convective mixing due to formation of Dean 

vortices, resulting in the formation of smaller AgNPs. 

There are some quantitative deviations between the experimental results and the F-W 

based PBM-CFD simulations, primarily focused on three limitations of the model.  Firstly, 

there is uncertainty regarding the reduction rate reaction, as it cannot be directly measured 

experimentally, along with uncertainties surrounding the properties of TA-TC complex.  

These parameters significantly influence the rate of silver precursor reduction and, 

consequently the PSD.  

Secondly, the application of the F-W two step mechanism in the modelling of the T-

junction continuous flow reactor, originally developed for a well-mixed system, may 

introduce some inconsistencies. The proposed model is elaborately described in Pico et 

al (2023) where the approach encompasses the diffusive and convective mixing effects 

and reduction rate reaction was modelled separately. The third factor relates to the 

simulation domain using a 2-D version of the channel, contrasting with the circular cross 

section geometry of the microchannel in the experimental setup.  This can result in minor 
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but not insignificant differences in the mixing process, which has been identified as one 

the primary factors affecting the PSD. 

7.4 CONCLUSIONS 
 

PBM-CFD simulations integrated hydrodynamic and reactive kinetics, enabling 

predictions of AgNP size distribution in continuous flow microchannels, and batch 

reactors.  Experimental results were compared with simulation results to unveil the 

interplay between hydrodynamics, reaction kinetics and PSD, offering valuable insights 

into AgNPs synthesis that involves multi-step reaction processes. 

Despite some discrepancies, the F-W model effectively captures the overall dynamics and 

qualitative trends observed in experiments regarding pH, stabilizer concentration, and 

average PSD.  Notably, the experimental results and F-W based PBM predictions in the 

well-mixed reactor exhibit good agreement for pH 7 conditions with only some deviations, 

particularly in σ.  These discrepancies, observed also in previous studies highlight the 

challenges in accurately predicting the PSD, especially at higher pH values where 

nucleation and growth rate constants are accelerated.  At pH 12, the substantial deviations 

in experimental measurements of σ against F-W based predictions are attributed to rapid 

nucleation and assumptions of the F-W model regarding uncoupled nucleation and growth 

steps. 

Utilizing F-W-based simulations, the impact of pH and initial stabilizer concentration on 

size distribution were shown using a unique parameter that significantly influences final 
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particle size, σ, and PDI.  This parameter, defined as, k2[A]0 k1⁄  can be directly linked to 

particle size.  

In continuous flow microchannels variations in operating conditions, particularly the inlet 

flow rates, highlight the influence of residence time on precursor consumption rates and 

the subsequent PSD at the outlet channel.  Lower flow rates result in longer residence 

times in the channel leading to bigger particle sizes.  Despite the promising insights 

provided, there are notable differences between experiments and PBM-CFD simulations 

in the T-junction microfluidic device, attributed to uncertainties in reduction rate reaction, 

properties of TA-TC complex, and limitations in the simulation domain.  Overall, the study 

shows the complexity of NP synthesis processes and the importance of integrate 

experimental and computational approaches to gain a comprehensive understanding, 

offering routes for refining nanoparticle design and manufacturing strategies in various 

industrial applications. 
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CHAPTER 8: OPTIMIZATION OF MICROFLUIDIC SYNTHESIS 

OF SILVER NANOPARTICLES USING MACHINE LEARNING 

AND INVERSE MODELLING 5 

 

8.1 INTRODUCTION  

Data science provides powerful, robust methodologies for modelling, prediction, and 

optimization of various processes such as the synthesis of AgNPs.  In this chapter, a 

machine learning-guided design of experiments based on the decision tree method and 

inverse modelling have been applied to the synthesis of AgNPs in a continuous flow 

microreactor.   

The developed approaches for both ML and inverse modelling use kinetic nucleation and 

growth constants from the Finke-Watzky model to account for the chemistry of the system. 

Parameters such as the Reynolds number and the ratio of Dean number to Reynolds 

number are incorporated to reveal the effect of hydrodynamics and mixing within the 

device. Additionally, storage temperature is considered to account for particle stability 

after collection.   

The nucleation and growth constants (see Tables 6.1) for both data science methods were 

derived from an independent set of experiments carried out in a beaker using the Finke-

Watzky (F-W) two-step mechanism (Watzky & Finke, 1997)  which has been applied 

previously to describe well a wide range of kinetic processes such as protein aggregation 

 
5 Sections 6.2, 8.2-8.4 and 8.6 of these chapters are adapted from Nathanael, K., 
Cheng, S., Kovalchuk, N.M., Arcucci, R., Simmons, M.J.H. (2023) Optimization of 
microfluidic synthesis of silver nanoparticles: a generic approach using machine 
learning, Chem. Eng. Res. Des., 193, 65-74. 
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(Iashchishyn et al, 2017), (Ohgita et al, 2022) and metal nanoparticle formation including 

silver (Sandoe et al, 2019), gold (Pestovsky & Srichana, 2022), palladium (Wojnicki et al, 

2016) and rhodium (Yao et al, 2012).  Only one set of chemicals with kinetic constants 

presented in Table 6.1 was used in this study providing several pairs of nucleation and 

growth constants.  By integrating these data science approaches with AgNP synthesis, 

researchers can systematically explore the extensive parameter space of microfluidic 

synthesis, leading to a deeper understanding and enhanced control over the production 

of AgNPs. This chapter aims to elucidate the methodologies and advantages of employing 

decision tree algorithms and inverse modelling in achieving precision and efficiency in 

AgNP synthesis.  

8.2 DECISION TREE GUIDED DESIGN OF EXPERIMENTS  

The proposed strategy based on decision tree, which uses optimal and flexible experiment 

designs based on uncertainty analysis, can provide more flexibility compared to existing 

approaches such as design of experiments (Sethuramiah & Kumar, 2016), since the exact 

values of the initial parameters are not fixed and the training features could be parameters 

which have been calculated based on physical parameters, such as nucleation and growth 

constants.  These kinetic constants were used as input parameters in the decision tree to 

build a ML model which combines parameters that can be applied in the future for different 

sets of chemicals. 

By applying this strategy, a general model for the synthesis of AgNPs can be obtained in 

a more direct way by providing the region of interest for further experiments.  The 

suggested approach can also enable a considerable reduction of ecological impact of 
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process optimization by using microfluidics, which manipulates small samples under well-

controlled conditions resulting in a considerable reduction of materials and energy 

consumption. 

The machine learning analysis was performed using Python programming language with 

the Scikit-learn package (Pedregosa, 2011).  Tree-based algorithms, including Decision 

Tree (DT), Random Forest (RF), and Extreme Gradient Boosting (XGBoost) were applied 

to test the prediction performance for the sizes of AgNPs.  These methods have been 

extensively used in a wide range of engineering problems (Natekin & Knoll, 2013), (Cheng 

et al, 2022a), (Gong et al, 2022).  After implementation, all the proposed models were 

compared based on the accuracy of their predictions.  

The DT algorithm used to guide the experiments was built based on 20 samples, each 

being repeated three times to obtain the averaged ‘(output quantity)’ as model output.  For 

fair comparison, 10 extra experiments (30 experiments in total, including three 

replications) were carried out either randomly or following the DT-guided design of 

experiments to enhance the performance of the predictive models.  For each experiment, 

the average size was recorded.  Each dataset was divided into five inputs and one 

predicted output.  The training features (inputs) and their investigated range are 

summarized in Table 8.1. 
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Table 8.1 Input parameters and their investigated range (Nathanael et al, 2023a). 

Feature Range investigated 

Nucleation constant (min−1) 0.0011 - 0.1 

Growth constant (M−1min−1) 13.66-77.97 

Storage temperature (℃) 0 - 20 

Dean number/Reynolds  number 0 - 0.41 

Reynolds number 0.0849-16.96 

The effect of the chosen input parameters on the size of AgNPs was investigated through  

the Pearson correlation (Navlani et al, 2021) shown in Eq. (8.1) (Profillidis & Botzoris, 

2019).  

                                                 pXY =
∑(xi−x̅)(yi−y̅)

√∑(xi−x̅)2∙∑(yi−y̅)2∙
                                             (8.1) 

In Eq. (8.1) xi is for the values of the independent variables,  x̅ is the mean of the values 

of x-variable, yi is for the values of the dependent variables and y̅ is the mean of the values 

of y-variable.  

The iterative process of prediction and experiment design carried out is shown in Figure 

8.1, with the key focus being to perform experiments where the predictive model has the 

highest uncertainties.  In particular, DT is chosen to guide the experiments thanks to its 

good interpretability and computational efficiency (Gilpin et al, 2018).  The first step in the 

proposed approach described previously was focused on obtaining the datasets required 

for the training of the algorithm, i.e., data collection based on experimental measurements.  
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The second and third steps included data sorting or any other required data processing 

and the development of the most appropriate algorithm.  For example, during these steps, 

the independent and dependent variables were identified, and a DT based algorithm was 

built.  To ensure a good explainability of the DT model for the uncertainty evaluation, the 

maximum tree depth for this stage was set to be 4. 

The fourth step comprised carrying out additional experiments where the obtained DT 

algorithm has the highest mean squared error (MSE).  The challenge of this step was to 

ensure that the developed DT model based on the designed experiments can improve the 

performance regarding different models.   

As shown in Figure 8.1, once the experimental design is performed using the preliminary 

DT model, other ML classifiers such as RF and XGBoost can be applied to achieve a more 

accurate prediction based on the new experimental data.   
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Figure 8.1 Workflow chart and description of methods used in the building of 

machine learning-guided design of experiment based on the decision tree method 

(Nathanael et al, 2023a). 

 

8.3 PEARSON CORRELATION AND THE EFFECT OF INPUT PARAMETERS 

 

The results of Pearson correlation calculations are presented in Figure 8.2 which shows 

that all input variables impact the particle size significantly with a correlation larger than 

0.12 in absolute value.  The estimation of the Pearson correlation value was obtained 

using all of the data generated in this study, which can be found in Appendix D.  For 
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example, it was observed that the variables including k1, k2 and De Re⁄  impact the particle 

size negatively, whilst the storage temperature and Re impact the size of particles 

positively.  The Pearson correlation calculations showed that k2 is less important 

compared to  k1 for the prediction of the size of AgNPs.  In this study, the effect of kinetic 

constants was investigated for only one set of chemicals, so k1 and k2 cannot be 

considered as completely uncoupled.  Therefore, it cannot be concluded that faster growth 

results in smaller particles, because for the chosen set of chemicals all growth constants 

are of the same order of magnitude, whereas nucleation constants vary over 2 orders of 

magnitude.  Thus, the particle size is mostly defined by the nucleation constant.  Similar 

studies, such as the works of  Mansouri & Ghader (2009) and Liu et al (2020) showed that 

size of particles is a result of a significant effect of k1 instead of k2. 

 

 

 

 

 

 

 

Figure 8.2 Pearson correlation between input variables and the size of AgNPs 

(Nathanael et al, 2023a). 
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The samples of AgNPs were kept at 20 ℃ and 0 ℃ and Figure 8.2 shows that the 

temperature has a positive effect on the particle size, i.e., that smaller particles were 

observed at low storage temperatures.  The small residual concentrations of silver nitrate 

showed that the reaction was practically complete for all the investigated values of Re 

including the highest one where residence time was smallest.  For example, at Re = 5.66 

with a 2 m outlet tube, the residual concentration of silver nitrate was around 0.017 ± 

0.00053 mM (less than 2% of initial concentration) whilst at highest flow rate used, Re =

16.96 and 2 m length, the residual concentration of silver nitrate was 0.031 ± 0.0036 mM 

(~ 3% of initial concentration).  Izak-Nau et al (2015) and Peng et al (2010) have described 

in detail the ageing of AgNPs samples stored at room temperature, proposing that growth 

of the particle size is due to agglomeration or oxidation of silver. 

When helical coils are employed, improved mixing due to the formation of Dean vortices 

leads to smaller particles, and this effect is one of the largest (Figure 8.2).  It can be 

assumed that a decrease in particle size due to faster mixing is the result of more intensive 

nuclei formation at the initial stage of reaction.  Of course, faster mixing results also in 

faster particle growth, but comparing the relative effect of nucleation and growth constant 

in Figure 8.2, it can be suggested that effect of faster nucleation is larger than the effect 

of faster growth.  The effect of the Reynolds number is positive, yet the least significant. 

8.4 PREDICTION RESULTS WITH DT-GUIDED EXPERIMENTS 

The performance of the developed models (DT, RF, XGBoost) was described through 

MSE (A7), MAE (A12) and  R2 (A4) (see Appendix A).  Both MSE and MAE are commonly 
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used to evaluate ML models, each offering unique insights into the model’s performance.  

For example, MSE is more sensitive to outliers because it squares the errors, giving more 

weight to larger errors.  In contrast, MAE measures the absolute errors, making it less 

sensitive to outliers compared to MSE.   

The decision tree shown in Figure 8.3 examined the synthesis of AgNPs based on the 

combination of five conditions.  The decision tree shows different routes from up to down 

for preparing AgNPs. Each box presents the value of the parameter, the estimated size, 

the MSE and the sample sizes.  The tree showed that there is a high MSE (Eq. (A7) in 

Appendix A) in some synthesis routes e.g., when the growth constant, k2 was smaller 

than 32 (Figure 8.3 on the first leaf node), the storage temperature was higher than 10 ℃, 

and the values of De/Re and Re were smaller and higher than 0.2 and 0.47 respectively.   

To improve the performance of the DT developed, synthesis routes were designed under 

the conditions with high MSE (orange routes on DT).  These designed experiments were 

used not only to improve the performance of the developed DT model but also of other 

models such us RF and XGBoost.  Additionally, the designed synthesis routes (set of 

parameters identified in the DT with high MSE) were applied to confirm the validity of this 

approach. 

The closer the value of R2 is to 1 and the values of MAE and MSE are to zero, the better 

is the fit of the developed models.  The statistical characteristics of the three appropriate 

models for the original (20 initial conditions used to build the DT model), random (10 
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random extra experiment conditions) and designed extra data sets (10 extra designed 

experiment conditions where high uncertainty was found) are given in detail in Table 8.2.  

These results are obtained on the unseen test data.  In particular, the designed data sets 

are obtained by uncertainty analysis (on the training data) of preliminary DT predictions 

as illustrated in Figure 8.3.  As shown, the values of R2 are always increasing with the 

designed experiments for all the models while MSE is always decreasing. MAE is always 

decreasing with random added experiments.  The observed decrease in MAE for random 

added experiments indicates that even when experiments are not systematically 

designed, there is an improvement in model accuracy. However, the systematic approach 

of designed experiments based on DT predictions consistently results in both increased 

R2 and decreased MSE, which are stronger indicators of model performance 

improvement.  

The designed experiments specifically target areas of high uncertainty or poor prediction 

performance, leading to more efficient data collection and model refinement. This targeted 

approach ensures that each new experiment provides maximum informational value, 

thereby enhancing the model's predictive power more effectively than random 

experiments. Consequently, this method improves the final predictive models with less 

cost and time. 

As shown in Figure 8.4 and Table 8.2, the computed predictive models, including DT, RF, 

and XGBoost, which were assisted by DT-based designed of experiments, outperform 

considerably the ones trained on random extra experiments.  These results also confirmed 
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that the proposed DT-based on designed experiments can significantly enhance the 

performance of other machine learning algorithms with a considerable reduction (-26% for 

XGBoost and -38% for RF) of MSE compared to the original model.  Note, this study 

consists of a 'proof of concept' of the proposed DT-guided design of experiments and 

more experimental data should be collected to obtain more reliable predictions. 
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Figure 8.3 Decision tree which examines the size of synthesized AgNPs as a function of five parameters where 𝐱𝐨, 

𝐱𝟏, 𝐱𝟐, 𝐱𝟑, 𝐱𝟒, are nucleation constant 𝐤𝟏, growth constant 𝐤𝟐, storage temperature, Dean number/Reynolds 

number 𝐃𝐞 𝐑𝐞⁄  and Reynolds number (𝐑𝐞) respectively. Orange boxes are showing where there is a high MSE 

(Nathanael et al, 2023a).
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Figure 8.4 Predicted versus real measurements for the size of AgNPs using DT. A) 

Original training data (20 initial conditions, 60 training samples in total including 

replications), B) Random extra experiments (10 experiments, 30 validation 

samples in total including replications) and C) Designed extra experiments (10 

experiments, 30 validation samples in total including replications). The conditions 

that have been used for training, random extra experiments and designed extra 

experiments are described in detail in Appendix D. The average size of AgNPs on 

X, Y axes is given in 𝐧𝐦 (Nathanael et al, 2023a). 
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Table 8.2 Decision tree (DT), Extreme Gradient boosting (XGBoost) and Random 

Forest (RF) results for original, random and designed experiments (Nathanael et 

al, 2023a). 

A. Decision Tree 

 MSE MAE 𝐑𝟐 

Original 9.43 2.46 0.45 

Random 8.65 2.24 0.49 

Designed 6.41 2.01 0.62 

 

B. Gradient Boosting 

 MSE MAE 𝐑𝟐 

Original 8.88 2.27 0.47 

Random 7.26 2.01 0.57 

Designed 6.56 2.16 0.61 

 

C. Random Forest 

 MSE MAE 𝐑𝟐 

Original 9.42 2.52 0.44 

Random 6.45 1.93 0.62 

Designed 5.82 1.96 0.66 
 

8.5 INVERSE MODELLING 

 

Various data science methods as discussed in § 2.8, have been employed for inverse 

design, primarily focusing on ML algorithms, without exploring the potential advantages of 

Data Assimilation (DA) techniques.  Previous ML models for nanoparticles such as those 

developed by Nathanael et al (2023a) have utilised tree based methods for predicting NP 

characteristics.  While these models are good in predictive performance and capturing 
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complex interactions, their non-linear nature and high dimensionality pose significant 

difficulties for inverse modeling.  

Designing nanoparticles through inverse modelling can be challenging due to the large 

design space involved.  This includes a wide range of variables, including storage 

temperature, mixing of the reactants, pH of the solution, types of reducing and stabilising 

agents, each of which can significantly impact the properties and characteristics of the 

nanoparticles produced.  The diversity within this design space means that multiple 

combinations must be explored to identify optimal designs.  This complexity can make the 

process of inverse modelling for nanoparticle design intricate and demanding, requiring 

sophisticated algorithms and computational resources to navigate effectively.   

Another notable challenge in inverse modelling is the construction of a differentiable 

forward model.  This requires a thorough understanding of the fundamental physics or 

mechanisms governing the system, which can be complex and challenging to determine.    

In this chapter, an inverse modelling approach for the synthesis of AgNPs in microfluidics 

will be examined, exploiting the benefits of using polynomial functions and DA techniques. 

This chapter aims to enhance the precision in controlling the synthesis conditions of 

AgNPs in microfluidic devices. By employing advanced data assimilation techniques and 

inverse modelling, the proposed strategy seeks to provide a more sustainable and direct 

approach to obtaining AgNPs with desirable characteristics.  

The goal is to significantly reduce the need for extensive trial-and-error experiments by 

implementing a systematic and efficient synthesis process. This approach demonstrates 
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the potential to create a reliable data-driven model that enables the prediction of synthesis 

conditions for producing AgNPs of varying sizes in microfluidic devices. 

For the inverse modelling approach first, a polynomial function of degree 3 (Eq. (8.2)) for 

particle size was built using k1, k2, T, Re, De Re⁄ .  Then, T, k1, k2 were fixed as constant 

terms. Polynomial functions are chosen because they provide a mathematical 

representation that is easily differentiable, allowing the calculation of gradients (the slopes 

of the loss function), which simplifies the process of updating the model parameters step-

by-step in the optimization process. This, in turn, allows the application of efficient 

optimization algorithms within the inverse modelling framework. 

P(k1, k2, T, Re, De Re⁄ ) = ∑ ∑ ∑ ∑ ∑ aijklm ∙ k1
i ∙ k2

j ∙ Tk ∙ Rel ∙
3−i−j−k−l
m=0

3−i−j−k
l=0

3−i−j
k=0

3−i
j=0

3
i=0

De Re⁄ m
                                                                                                                                       (8.2) 

 In the Eq. (8.2), aijklm are the coefficients that represent the weights for each term in the 

polynomial expansion while the indices i, j, k, l, m correspond to the powers of the 

respective variables k1, k2, T, Re, and De Re⁄ . This summation captures all possible 

combinations of powers for these variables up to a total degree of 3, providing a flexible 

model for representing complex relationships between them. P represents the polynomial 

function used to predict the size of AgNPs in the system based on the influence of various 

input parameters (Figure 2). The high correlation between experimental and predicted 

sizes from direct model, with an R2 score of 0.94, highlights the model's accuracy in 

representing the relationship between these parameters and particle size. 
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Figure 8.5 The experimental particle sizes obtained from the experimental setup 

were plotted against the sizes predicted by the direct model, developed using 

polynomial regression based on Eq. (8.2). This model was constructed using 𝐤𝟏, 

𝐤𝟐, T, 𝐑𝐞 and 𝐃𝐞 𝐑𝐞⁄ . The 𝐑𝟐 score was found 0.94. 

After the fixing of parameters, Latin hypercube sampling was used to find initial guesses 

in the area of Re and De Re⁄ . Using these initial guesses of Re and De Re⁄  as a background 

state (𝐱b) and size of AgNPs as observation data assimilation was performed. After this 

the best assimilated values for Re and De Re⁄  were found. Re and De Re⁄  were chosen for 

assimilation for the purpose of experiment validation due to challenges associated with 

obtaining specific kinetic constants. 

Latin hypercube sampling (LHS) (McKay et al, 1979) is a powerful statistical technique 

that can be used to analyse and explore complex systems with multiple input variables 

and uncertain parameters.  It is a method for generating samples from a given 

multidimensional probability distribution.  The LHS initially divides the input space into 
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equally probable intervals along each variable of interest.  Using LHS, in this study, 100 

points were generated in the possible area of Re and De Re⁄ . The range for De Re⁄  is from 

0 to 0.41 while the range for Re is between 0.0849 and 16.96. The specific upper and 

lower bounds of Re and De Re⁄  were selected to reflect the physical limits of the 

experimental data available and to guarantee that the LHS sampling covers the entire 

input space without redundancy. Then, Latin squares are constructed by randomly 

transposing the intervals along each variable, while ensuring that each interval turns up 

once in each row and column of the square.  Once the Latin squares are constructed, 

samples are produced by randomly selecting one value from each interval in the Latin 

squares (Li & Yang, 2023).  LHS guarantees that the samples are evenly distributed 

across the input space without unnecessary or overlapping representations, thus 

systematically covering the entire input space.  It ensures the independence of samples 

along each variable, which is useful for uncertainty quantification but also higher accuracy 

compared to traditional random sampling techniques, requiring fewer samples 

(Huntington & Lyrintzis, 1998),(Deutsch & Deutsch, 2012).  Additionally, and most 

importantly, LHS has the capability to cover the entire parameter space, ensuring that the 

global minimum is not missed when subsequently conducting DA. 

After conducting LHS, data assimilation was employed to integrate initial guesses of Re 

and De Re⁄  as background state (𝐱b) and experimental sizes of AgNPs (y) as observational 

data into the model.  This integration not only led to improved predictions but also served 

to reduce the overall uncertainty in model forecasts.  Together, these methodologies form 

a robust approach for comprehending complex systems and making decisions under 
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uncertainty.  Subsequently, using the polynomial function (Eq. (8.2)), given the observed 

sizes of AgNPs, the best assimilated values of Re and De Re⁄  were determined (see Figure 

8.6). The goal in data assimilation is to minimize the loss function given in Eq. (2.10). In 

the investigated case, the parameters of interest are the Re and De/Re , both of which 

are represented as 𝐱b the initial guesses obtained from a LHS approach. Since the model 

function H(x), which relates these parameters to the predictions, is non-linear, finding an 

exact solution to the loss function is not straightforward. Instead, the gradient of the loss 

function ∇J(x) (Eq. (2.13)) shows the direction in which the model parameters should 

change to reduce the error, guiding the iterative update of the model parameters to 

minimize the loss function. This gradient essentially informs how to adjust the parameters 

based on both the prior estimates xb and the discrepancy between the model predictions 

H(x) and the observed experimental data y, which in this case represents the size of the 

AgNPs. In the iterative optimization process, a Quasi-Newton method, BFGS, is 

employed. This method uses the gradient ∇J(x) and an approximation of the Hessian 

matrix (second-order derivative of the loss function) to iteratively refine the parameter 

estimates. At each iteration, the parameters 𝐱b are updated, and the model is run to obtain 

new predictions for the nanoparticle size y. The process continues until the algorithm 

reaches a point where the parameters stop changing significantly, meaning the optimal 

solution is found. The "best assimilated values", 𝐱a are the parameter estimates that 

minimize the loss function J(x). These estimates balance the discrepancy between the 

model predictions and the observed nanoparticle size data, while also incorporating the 

prior knowledge of the parameters (represented by the initial guesses 𝐱b). Thus, the final 
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values 𝐱a that represent the best estimates for the Re and the ratio of De/Re, derived by 

adjusting the model to better match the experimental data ((see Figure 8.6). 

 

 

 

 

           

 

 

 

Figure 8.6 Flowchart of data assimilation process in the inverse modelling 

approach employing LHS. 

In this study, the system state is represented by a vector of real parameters, denoted by 

𝐱t, which contains the exact target values of these parameters at a given time t.  In DA, 

by representing the state as xt, allows for the continuous updating and refinement of the 

state vector as new data becomes available, thereby enhancing the accuracy of the model 

over time.  These target values are always out of reach in real DA problems due to 

measurement errors (e.g., sensitivity of equipment), incomplete observations, and model 

imperfections.  The goal of DA is to estimate these parameters as accurately as possible, 
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knowing that the true state can never be perfectly known.  The DA system comprises two 

main components, an initial estimation of parameters 𝐱b (also referred to as the 

background state) and observations of a physical field, y typically obtained through real-

time sensors. In this study 𝐱b are the initial guesses of Re and De
Re⁄  and  y is the particle 

size of AgNPs in nm from the experiments in the microfluidic setup described in section 

3.2. 

In the 3D VAR assimilation process applied in this chapter, the background error 

covariance matrix B characterizes the uncertainty surrounding the system's initial state.  

Its diagonal elements were set to [1, 10], reflecting the uncertainties in the two input 

components De Re⁄  and Re. The [1, 10] error covariance matrix reflects the assumption 

that the De/Re ratio has smaller uncertainty, as it is more directly tied to the specific design 

of the system compared to the broader factors influencing Re. These coefficients are 

chosen relative to De Re⁄  and Re when the error covariance is calculated, ensuring they 

are proportional to their absolute values.  Setting specific values like 1 and 10 in the 

background covariance matrix B is a standard practice in data assimilation to reflect 

varying levels of uncertainty in different parameters of the system.  This practice ensures 

that the assimilation process appropriately weights the influence of prior information 

relative to new observations.  In this case, the value 1 assigned to De Re⁄  indicates 

relatively low uncertainty.  This suggests that De Re⁄  is a variable for which there exists 

more reliable prior information and therefore, there is a higher confidence in the initial 

estimate.  Conversely, the value 10 assigned to Re shows higher uncertainty. Re 

represents a variable that is less constrained by prior information meaning there is less 
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confidence in its initial estimate. The R matrix on the other hand, represents the 

uncertainty associated with the experimental observations.   It is important to note that B 

and R matrices are relative, which means the crucial factor is their ratio, and not their 

absolute values.     

Subsequently, the background and analysis predictions were assessed to determine the 

posterior covariance. The resulting values [0.00783, 9.92] represent the estimated 

variances of De Re⁄  and Re, respectively.  These figures offer insights into the uncertainty 

associated with the estimated variables following the assimilation of observational data 

into the model.  Lower values denote higher confidence in the estimates, whereas higher 

values signify increased uncertainty. Once the inverse modelling approach has been built, 

a set of unseen test data is utilised to evaluate the performance of the whole approach 

(see Figure 8.7). 
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Figure 8.7 Steps to build the forward model, using the LHS and DA for the inverse 

model and how the inverse model was validated. 

The results of these evaluations are presented in Figure 8.8 and Figure 8.9. Figure 8.8 

shows the results from the forward prediction model for the size of AgNPs, where the 

predictions are based on parameters derived from inverse modelling. The test set used 

for this prediction involves applying the parameters such as the De/Re ratio and Re, which 

were previously assimilated through inverse modelling. These parameters, along with 

others from the model, serve as inputs to the forward prediction process. The forward 

prediction model is used to test how well the predicted parameters perform in determining 

the nanoparticle size. Figure 8.9 shows the comparison between experimental data and 

the design requirements set by inverse modelling. Unlike the forward prediction model, 
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which uses the assimilated values as input parameters for prediction, the experimental 

data presented in this figure were obtained by performing experiments using the De/Re 

ratio and Re values that were derived from inverse modelling. These parameters, along 

with other experimental conditions, were set according to the model's predictions and 

used to guide the experiments. The purpose of this figure is to demonstrate how the 

experimental results compare to the design targets established through the inverse 

modelling process, validating whether the experimental data meets the expected 

requirements. 

 

 

 

 

 

 

 

 

 

 

Figure 8.8 Inverse modelling sizes versus direct model sizes 
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Figure 8.9 Inverse modelling sizes versus experimental sizes 

 

It is important to mention that different polynomial degrees were investigated to get a good 

performance of the data but also avoid overfitting.  For example, using polynomial function 

of degree 2, the sizes requested by inverse modelling with k1= 0.0011 1 min⁄ , k2=55.51 

1 Mmin⁄  and T=0 ℃ as constant terms, significantly differed from the sizes predicted by 

the forward model using the assimilate values of Re and De Re⁄ , resulting in a percentage 

error of approximately 32%.  However, when using polynomial function of degree 3, the 

average percentage error for the sizes predicted by direct model compared to the sizes 

requested by Inverse model reduced to 2.65% with a maximum error at 23.3%. 

For a comprehensive understanding of the assimilated values of De Re⁄  and Re under 

various experimental conditions, alongside the sizes of AgNPs required for inverse 

modelling, predicted by the direct model, and obtained experimentally, please refer to 

Tables 8.3, 8.4 and 8.5.  These tables provide detailed insights into the relationship 
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between the model parameters and experimental outcomes, facilitating a thorough 

assessment of the inverse modelling process.  As expected, the sizes of AgNPs were 

decreased with the increase in the of ratio of De Re⁄  and Re. These findings align with 

previous studies (Wu et al, 2017), (Ling et al, 2022) investigating the effect of 

hydrodynamics on NP size.  However, the results presented in the Tables 8.3, 8.4 and 8.5 

indicate some discrepancies in the sizes of AgNPs, that may be attributed to uncertainties 

associated with Re rather than the ratio of De Re⁄ , where confidence is higher.  The 

resulting values [0.00783, 9.92] that represent the estimated variances of De Re⁄  and Re 

showed that the uncertainty around the estimated values of De Re⁄  provide more 

confidence than Re values. 

The average percentage error for the sizes found experimentally and sizes requested by 

Inverse model is 11.99% with 28.07% the maximum error.  The error variance is 1.2 with 

the biggest error observed at smaller particle sizes (Table 8.4).  The average percentage 

error for the sizes predicted by direct model and size requested by Inverse model is 2.65% 

with maximum error at 23.3% and error variance 0.469 (Table 8.3).  The maximum error 

of 23.3% is likely due to the uncertainty related to Re or the limits of Re, which are set 

between 0.0849-16.96.  

The average error for the size of AgNPs requested by Inverse modelling and size 

predicted by direct model (Table 8.5) using only assimilated values of Re is very small 

(0.0009%). 
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Both forward and inverse paths for the size of AgNPs exhibit reasonably good 

consistency.  The experimental data confirm the viability of this approach in designing 

AgNPs with different desired sizes.  

Table 8.3 Assimilated values of 𝐃𝐞 𝐑𝐞⁄  and 𝐑𝐞 for different experimental 

conditions. Comparison of size of AgNPs requested by Inverse modelling and size 

predicted by direct model. 

Fixing k1= 0.0011 𝟏 𝐦𝐢𝐧⁄ , k2=55.51 𝟏 𝐌𝐦𝐢𝐧⁄  and T=0 ℃ as constant terms for 

Inverse Modelling approach 

Assimilated 

value of 

𝐃𝐞 𝐑𝐞⁄  

Assimilated 

value of 𝐑𝐞 

Size 

requested by 

Inverse 

Modelling 

(𝐧𝐦) 

Size predicted 

by Direct 

model (𝐧𝐦) 

Percentage 

error (%) 

0.36 1.73 5 5.26 4.94 

0.355 0.58 7 7.16 2.23 

0.277 0.4 9 9.12 1.32 

0.23 0.35 10 10.11 1.088 

0.14 0.44 12 12.007 0.058 

0.067 0.085 14 14.02 0.14 

0.034 0.086 15 15.02 0.13 

 

Fixing k1= 0.0013 𝟏 𝐦𝐢𝐧⁄ , k2=37.86 𝟏 𝐌𝐦𝐢𝐧⁄  and T=0 ℃ as constant terms for 

Inverse Modelling approach 

Assimilated 

value of 

𝐃𝐞 𝐑𝐞⁄  

Assimilated 

value of 𝐑𝐞 

Size 

requested by 

Inverse 

Modelling 

(𝐧𝐦) 

Size predicted 

by Direct 

model (𝐧𝐦) 

Percentage 

error (%) 

0.409 5.69 5 5.01 0.2 

0.378 5.56 6 6.015 0.25 

0.3907 0.88 8 8.073 0.9 

0.375 0.54 10 10.3 2.91 
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0.2835 0.318 13 13.126 0.96 

0.2 0.0849 15 12.17 23.25 

Fixing k1= 0.0015 𝟏 𝐦𝐢𝐧⁄ , k2=44.81 𝟏 𝐌𝐦𝐢𝐧⁄  and T=0 ℃ as constant terms for 

Inverse Modelling approach 

Assimilated 

value of 

𝐃𝐞 𝐑𝐞⁄  

Assimilated 

value of 𝐑𝐞 

Size 

requested by 

Inverse 

Modelling 

(𝐧𝐦) 

Size predicted 

by Direct 

model (𝐧𝐦) 

Percentage 

error (%) 

0.0405 11.16 7 7.0028 0.04 

0.37 0.99999 9 9.036 0.4 

0.27 0.0849 12 11.6 3.45 

Fixing k1= 0.1 𝟏 𝐦𝐢𝐧⁄ , k2=77.97 𝟏 𝐌𝐦𝐢𝐧⁄  and T=20 ℃ as constant terms for 

Inverse Modelling approach 

Assimilated 

value of 

𝐃𝐞 𝐑𝐞⁄  

Assimilated 

value of 𝐑𝐞 

Size 

requested by 

Inverse 

Modelling 

(𝐧𝐦) 

Size predicted 

by Direct 

model (𝐧𝐦) 

Percentage 

error (%) 

0.0028 1.24 6 5.85 2.56 

0.0042 1.82 5 4.86 2.88 

 

Table 8.4 Assimilated values of 𝐃𝐞 𝐑𝐞⁄  and 𝐑𝐞 for different experimental 

conditions. Comparison of size of AgNPs requested by Inverse modelling and size 

found experimentally. 

Fixing k1= 0.0011 𝟏 𝐦𝐢𝐧⁄ , k2=55.51 𝟏 𝐌𝐦𝐢𝐧⁄  and T=0 ℃ as constant terms for 

Inverse Modelling approach 

Assimilated 

value of 𝐃𝐞 𝐑𝐞⁄  

Assimilated 

value of 𝐑𝐞 

Size 

requested by 

Inverse 

Modelling 

(𝐧𝐦) 

Size found, 

experimentally 

(𝐧𝐦) 

Percentage 

error (%) 

0.41 0.91 5 5.56 ± 1.08 10.07 

0.32 2.49 5 6.95 ± 1.55 28.06 
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0.23 0.35 10 11.36 ± 3.19 11.97 

Fixing k1= 0.0013 𝟏 𝐦𝐢𝐧⁄ , k2=37.86 𝟏 𝐌𝐦𝐢𝐧⁄  and T=0 ℃ as constant terms for 

Inverse Modelling approach 

Assimilated 

value of 𝐃𝐞 𝐑𝐞⁄  

Assimilated 

value of 𝐑𝐞 

Size 

requested by 

Inverse 

Modelling 

(𝐧𝐦) 

Size found, 

experimentally 

(𝐧𝐦) 

Percentage 

error (%) 

0.409 5.69 5 4.54 ± 0.85 10.13 

0.32 6.34 10 9.47 ± 1.2 5.6 

0.2 0.0849 15 14.14 ± 2.097 6.08 
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Table 8.5 Assimilated values of 𝑹𝒆 for different experimental conditions. 

Comparison of size of AgNPs requested by Inverse modelling and size predicted 

by direct model. 

Fixing k1= 0.0011 𝟏 𝐦𝐢𝐧⁄ , k2=55.51 𝟏 𝐌𝐦𝐢𝐧⁄ ,  𝐃𝐞 𝐑𝐞⁄  = 0.41 and T=0 ℃ as constant 

terms for Inverse Modelling approach 

Assimilated 

value of 𝐑𝐞 

Size requested by 

Inverse Modelling 

(𝐧𝐦) 

Size predicted by 

Direct model (𝐧𝐦) 
Percentage error (%) 

6.3 10 9.99 0.001 

Fixing k1= 0.1 𝟏 𝐦𝐢𝐧⁄ , k2=77.97 𝟏 𝐌𝐦𝐢𝐧⁄ , 𝐃𝐞 𝐑𝐞⁄  = 0.41 and T=20 ℃ as constant 

terms for Inverse Modelling approach 

5.014 10 9.99 0.001 

Fixing k1= 0.1 𝟏 𝐦𝐢𝐧⁄ , k2=77.97 𝟏 𝐌𝐦𝐢𝐧⁄ , 𝐃𝐞 𝐑𝐞⁄  = 0.32 and T=20 ℃ as constant 

terms for Inverse Modelling approach 

16.43 10 9.9 0.001 

Fixing k1= 0.0015 𝟏 𝐦𝐢𝐧⁄ , k2=44.81 𝟏 𝐌𝐦𝐢𝐧⁄  𝐃𝐞 𝐑𝐞⁄  = 0.32 and T=0 ℃ as constant 

terms for Inverse Modelling approach 

Assimilated 

value of 𝐑𝐞 

Size requested by 

Inverse Modelling 

(𝐧𝐦) 

Size predicted by 

Direct model (𝐧𝐦) 

Percentage error (%) 

3.92 8 8.0008 0.0001 

6.46 7 7.0001 0.00001 

Fixing k1= 0.0015 𝟏 𝐦𝐢𝐧⁄ , k2=44.81 𝟏 𝐌𝐦𝐢𝐧⁄  𝐃𝐞 𝐑𝐞⁄  = 0.41 and T=0 ℃ as constant 

terms for Inverse Modelling approach 

Assimilated 

value of 𝐑𝐞 

Size requested by 

Inverse Modelling 

(𝐧𝐦) 

Size predicted by 

Direct model (𝐧𝐦) 

Percentage error (%) 

4.0035 6 5.99 0.00167 

0.0849 8 7.99 0.00125 

 

8.6 CONCLUSIONS 

A machine learning-guided design of experiments based on the decision tree method for 

the size of AgNPs synthesized in a continuous flow T-junction device was implemented.  
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The parameters investigated were nucleation and growth constants derived from an 

independent set of experiments using F-W mechanism, as well as storage temperature 

and hydrodynamic parameters including Reynolds and Dean number.    

The obtained model showed the areas of interest for further experiments (regions with 

high MSE) and numerical results showed that well designed synthesis routes can 

significantly improve the performance not only of DT itself but also of other regression 

methods such as RF and XGBoost compared to randomly chosen extra synthesis routes. 

In particular, considerable reduction of MSE compared to the original model, 26% for 

XGBoost and 38% for RF, was found.   Additionally, the obtained model can be developed 

further in the future by data-assimilation from numerical simulations and additional 

experiments, including experiments with other chemicals and other device types.  

In the inverse modeling approach described, a polynomial function was constructed using 

key parameters such as k1, k2, T, Re, De Re⁄ .  By keeping certain terms constant and 

employing LHS, initial guesses were explored in the area of Re and De Re⁄ . Subsequently, 

data assimilation was employed to integrate observational data into the model, leading to 

improved predictions and reduced uncertainty.  Evaluation of the inverse modeling 

approach involved testing against unseen data, demonstrating reasonably good 

consistency between forward and inverse paths for NP size prediction. The experimental 

data further validated the effectiveness of this approach in designing nanoparticles with 

desired sizes. 
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The combination of inverse modeling, LHS, and data assimilation has been shown to offer 

a robust framework for comprehending complex systems and making decisions under 

uncertainty, providing valuable insights into nanoparticle design and manufacturing 

processes. The existing inverse model can be tested for its general applicability by 

incorporating data from other chemical protocols. Adding data for smaller particle sizes or 

varying Re will enhance the model’s accuracy and robustness. Other routes of future work 

would be developing novel data assimilation schemes that could integrate more advanced 

machine learning methods (such as neural networks) as forward functions to perform the 

inverse modelling. 

 

  



203 

CHAPTER 9: CONCLUSIONS & FUTURE WORK 
 

9.1 CONCLUSIONS  

 

This literature review of this thesis provided an in-depth exploration of the formation 

mechanisms, properties, and applications of AgNPs, with a particular emphasis on the 

role of microfluidic technology, computational modelling, and data-driven approaches.  

Chemical reduction emerged as the primary method for synthesis of AgNPs, with 

microfluidic devices offering precise control over reaction conditions and reducing the 

polydispersity of AgNPs.  Operational parameters such as reagent type and 

concentration, pH, temperature, and mixing dynamics significantly impact nanoparticle 

size.  The Finke-Watzky two-step mechanism was identified as the most suitable model 

to describe the autocatalytic synthesis of different metal-NPs like silver, but hydrodynamic 

processes need to be integrated to provide a more comprehensive understanding of 

AgNP synthesis. Numerical simulations, including coupled PBM-CFD simulations within 

microfluidic channels, were found significant to facilitate insights into particle size 

distribution and average size. DoE and response surface methodology, along with data 

science approaches, offer cost-effective means to explore various aspects of AgNP 

synthesis but also face challenges in generalization of systems and elucidating underlying 

physics.  

As chemical reduction serves as the primary method for synthesizing AgNPs, the research 

presented in this thesis utilised two distinct sets of chemicals.  The first set consisted of 

TA, a weak reducing agent, and TC, which functions as both a reducing and stabilising 
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agent. The second set comprised DMAB, a strong reducing agent, and SDS, an anionic 

surfactant, as stabilising agent. Additionally, this study employed various reactors, 

including a well-mixed reactor, a continuous flow reactor, and a droplet reactor, to 

investigate the hydrodynamic effects on the size of AgNPs. Although previous studies 

primarily focused on comparing batch reactors with microfluidic devices for nanoparticle 

synthesis, this thesis aimed to explore the comparison between single-phase and two-

phase reactors, serving as one of the key objectives of this work. It was discovered that 

similar mixing conditions resulted in no significant differences in the sizes of AgNPs 

produced by these systems.  Despite encountering challenges such as particle 

concentration reduction due to deposition or fouling within channels, the continuous flow 

device was selected for further investigation.  This decision was primarily driven by its 

effectiveness and convenience, especially in simplifying measurements, as nanoparticles 

do not require separation from the oil phase. 

 A D-optimal experimental design was first utilised to build a predictive regression model 

via response surface methodology, to optimize AgNP formation in a T-junction microfluidic 

continuous flow reactor using first set of chemicals.  This approach provided insights into 

the effects of various factors on the response, showing significant interaction effects often 

missed by traditional OFAT methods.  By employing model discrimination techniques, 

such as AIC and BIC, the most appropriate model was identified.  The investigation 

focused on five experimental factors, including storage temperature, pH, trisodium citrate 

concentration, curvature of the output channel, and flow rates, revealed their significant 

impacts on the response.  Notably, pH, trisodium citrate concentration, curvature, and 
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their interaction emerged as particularly influential.  The resulting model equation, 

depicted graphically as a response surface function, facilitated the identification of optimal 

hydrodynamic and reaction conditions.  The predicted optimal parameter combinations 

gave AgNPs with average sizes of 2.62 nm and 4.32 nm, respectively.  With an average 

prediction error of 6.8% for the testing dataset, the developed model demonstrated 

reliability in correlating various factors with AgNP size.  

Through kinetics investigations on the two sets of chemicals in a well-mixed reactor, a 

correlation was established indicating that PSD can be predicted if the kinetic constants 

and initial concentrations are known. By incorporating these kinetics and concentrations 

into a regression model, the PSD for two different sets of chemicals could be predicted 

with an average error of 4.9%. The model's close agreement with experimental data 

shows its reliability and a strong connection between chemical features and AgNP size. 

A novel approach developed by project partners, which integrated PBM with CFD to 

predict the PSD of AgNPs in both T-junction continuous flow microchannels and well-

mixed reactors, was validated by comparison with experiments.  This pioneering PBM-

CFD approach provided deeper insights into the interplay between hydrodynamics, 

reaction kinetics, and PSD in multi-step synthesis processes compared to the predictive 

response surface model.  

Whilst the Finke-Watzky (F-W) model effectively captured qualitative trends, 

discrepancies were noted, especially at higher pH values, attributed to rapid nucleation 

and assumptions of uncoupled nucleation and growth steps.  F-W-based simulations 

demonstrated the impact of pH and initial stabilizer concentration on size distribution in 
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the well-mixed reactor.  Variations in operating conditions in continuous flow 

microchannels highlighted the influence of residence time on precursor consumption rates 

and PSD.  The small differences observed between experimental and simulation results 

in the T-junction device showed the complexity of NP synthesis processes.  These 

differences may be attributed to uncertainties in reduction rate reaction, properties of TA-

TC complex, and limitations in the simulation domain.  

To enhance further the synthesis of AgNPs in a continuous flow T-junction device and 

broaden its applicability, data science approaches based on DT and inverse modelling 

were employed.  A ML-guided approach utilizing DT methods and inverse modelling 

investigated various parameters, including nucleation and growth constants, storage 

temperature, and hydrodynamic factors.  By analysing these parameters, the DT model 

effectively identified the areas for further experimentation, leading to optimized synthesis 

pathways.  Notably, this approach significantly reduced MSE compared to random 

methods, demonstrating its effectiveness in improving performance.  The potential of the 

model for future development through data assimilation and additional experiments using 

alternative sets of chemicals was emphasized, highlighting its role in tailoring NPs to meet 

specific application requirements.  Inverse modelling, based on Latin hypercube sampling 

and data assimilation, offered significant insights in nanoparticle manufacturing, 

particularly in tailoring nanoparticles to meet specific application requirements.  

Assessing, this methodology included examining its performance with new data, 

demonstrating good consistency between predicting NP size both forwards and 
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backwards.  Experimental results further confirmed the efficacy of this method in designing 

NPs of specific sizes as intended. 

The work presented in this thesis demonstrates the potential of these combined 

approaches to reduce the ecological footprint in the screening of AgNP production 

methods, by minimising the use of large volumes of reagents, as well as reducing the 

need for repeated and extensive experimental tests.  Returning to the scope of the study, 

this thesis provided a comprehensive analysis of the synthesis of AgNPs by investigating 

the nucleation and growth kinetics under two distinct chemical protocols. These protocols 

utilised both weak and strong reducing agents and different types of stabilising agents, 

such as surfactants and electrolytes, in a well-mixed batch reactor.  Furthermore, this 

research examined AgNP synthesis, in two different microfluidic device operations: 

continuous flow and droplet reactors.  It also investigated the impact of different chemical 

and hydrodynamic conditions on the final sizes of AgNPs.  Advanced machine learning 

and data science techniques were employed not only to optimize and generalise the entire 

synthesis process but also to predict the size of AgNPs. The thesis also highlighted the 

importance of integrating kinetics with initial silver concentrations, hydrodynamic factors, 

and computational studies in predicting the PSD. 

 

9.2 FUTURE WORK 

 

The limitations and gaps of this thesis include the validation of machine learning and data 

science methods to other set of chemicals and other microfluidic set-ups.  These 

approaches used generalised terms for the different synthesis conditions, but they were 
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validated for a single set of chemicals and a single microfluidic device.  To further expand 

the application of these models, incorporating additional physicochemical characteristics 

such as the dispersity and shape of AgNPs is recommended. 

Additionally, examining the correlation between the initial concentrations of the silver 

precursor with the observed kinetics for two chemical protocols with more sets of 

chemicals and more experimental data will validate and broaden its wide use.  

In future work it would be beneficial to examine the DT and inverse models with alternative 

chemical protocols, such as DMAB and SDS or others, in both batch and microfluidic 

setups. Expanding the current models can aid in developing robust predictions for the 

sizes and other physicochemical characteristics of AgNPs (shape and dispersity) or other 

NPs more directly with much more accuracy.  

Development of novel microfluidic channel geometries and configurations is significant to 

enhance mixing efficiency and reaction control in AgNPs synthesis. Investigations on the 

impact of different designs, channel materials and surface modifications are needed as 

well on the synthesis process to provide valuable insights. 

Regarding the chemical aspect of this thesis, it is worth exploring the role of the tannic 

acid-trisodium citrate complex in the reduction of silver nitrate which remains unexplored. 

Further to that, experiments with different chemical reducing agents and stabilisers to 

improve the synthesis efficiency, stability but also biocompatibility is required. 

Environmental and safety considerations must be addressed by investigating the 

environmental impact and safety of the resulting AgNPs.  
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Further investigations should focus on the correlation identified for predicting the PSD for 

the two sets of chemicals. Combining the initial concentrations of the silver precursor with 

the observed kinetics has been found to play a crucial role in accurately predicting the 

PSD of AgNPs. 

The accuracy of ML models is strongly dependent on the quality and quantity of data used 

for training, testing and validation. Therefore, extending the experimental database would 

significantly improve ML models even before integrating them with physics-based models. 

Furthermore, integrating physics-based models with experimental methodologies, such 

as microfluidic synthesis, to provide more data for data-driven models holds a significant 

promise for advancing NP synthesis and reducing the ecological footprint. Experimental 

work provides a solid foundation for model assumptions and parameter estimations, while 

simulations bridge experimental findings with intricate relationships, unveiling complex 

dynamics.  

Finally, it is worthy to develop strategies to scale up the microfluidic synthesis process for 

industrial production while maintaining control over NP characteristics. The potential of 

parallelization of microfluidic channels to increase throughput is important to be explored. 

By addressing these areas, future research can further advance the synthesis of AgNPs 

in microfluidic devices, enhancing their efficiency, scalability, and applicability in various 

industrial and scientific domains. 
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APPENDIX A: STATISTICAL ANALYSIS 

 

Sum of squares total (SST) Mathews (2005): The sum of squared differences between 

(yi) individual experimental points and (y̅) the mean of the response variable. 

SST = ∑ (yi − y̅)2n
i=1               (A1) 

Sum of squares Regression (SSR) (Mathews, 2005): The sum of squared differences 

between (yî) predicted data points and (𝑦̅) the mean of the response variable. 

SSR = ∑ (yî − y̅)2n
i=1               (A2) 

Sum of squares error (SSE) (Mathews, 2005): The sum of squared differences between 

(yî) predicted data points and (yi) observed data points. 

SSE = ∑ (yî − yi)
2n

i=1                         (A3) 

R-squared (𝐑𝟐) (Magee, 1990): 

R2 = 1 −
SSE

SST
                         (A4) 

R-squared adjusted (𝐑𝟐𝐚𝐝𝐣. )(Huberty & Mourad, 1980),(Ezekiel, 1930):   In R2adj. n is 

the number of observations and k is the number of terms containing variables in the 

regression. 

 R2adj. = 1 − (
n−1

n−k−1
) (1 − R2)            (A5) 

Mean squared (MS) (Mathews, 2005): The sum of squares of terms divided by the 

degrees of freedom (DFE), DFE = p − 2 where p is the number of experiments for each 

observation. For the regression term the DFE are equal to the number of predictors. 

MS =
SST

DFE
               (A6) 
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Mean square error (MSE)(Mathews, 2005) : The sum of squares error divided by the 

DFEerror = n − k − 1. 

MSE =
SSE

DFEerror
              (A7) 

F-value (F)(Mathews, 2005):                                                  

F =
MS

MSE
               (A8) 

t-value(Mathews, 2005): The t-value is defined by the ratio of the estimated parameter 

(or coefficient) (β) to its standard error. A t-test is important to determine if a process has 

a significant effect on a population or whether the interested groups have differences from 

each other. In this research paper, t-statistics were used to build a pareto chart and identify 

the parameters that have the most significant effect on the response. 

Hypothesis tests: 

Ho: β = 0 

H1: β ≠ 0 

The hypothesis tests are performed with t-statistics (Student, 1908): 

t =
β

standard error of β
                                                     (A9) 

           

Confidence intervals (CI) (Lane & DuMouchel, 1994):            

CI = yî ± t(1−a 2⁄  ,n−k) × √MSE (Xo
′  (X′X)−1Xo                                                                   (A10) 

Prediction intervals (PI) (Lane & DuMouchel, 1994):          

 PI = yî ± t(1−a 2⁄  ,n−k) × √MSE (1 + Xo
′  (X′X)−1Xo                                                           (A11) 
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In CI and PI,  yî  is the predicted response value, a is the level of significance, t(1−a 2⁄  ,n−k) 

is the upper (1 − a
2⁄  Student t-critical value with n − k degrees of freedom, n is the number 

of observations, k is the number of model parameters and MSE is the mean square error. 

For CI X is the design matrix while for PI X is the predictor matrix. The  Xo is the vector or 

matrix of given predictor values (produced from the fitted values from design matrix or 

predictor matrix) and the Xo
′   is the transpose of the new vector or matrix of predictor 

values.  

SSE = ∑(yî − yi)
2

n

i=1

 

 

Mean absolute error (MAE) (Chicco et al, 2021): In MAE, n is the number of data within 

training and testing data sets.                                                

                                               MAE =
1

n
∑ |yî − yi|

n
i=1                                                     (A12) 
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APPENDIX B: PARTICLES SIZES OF SILVER NANOPARTICLES AS A FUNCTION 

OF PH, CONCENTRATION OF TRISODIUM CITRATE, STORAGE TEMPERATURE, 

CURVATURE AND FLOW RATES 
 

Table A1: Particles sizes of AgNPs at different conditions. The sizes were 

measured as a function of pH, storage temperature, concentration of TC, 

curvature, and flow rates. 

pH 
ST, 
℃ 

[TC], 
mM 

CR, 
dm−1 

FR, 
dm3 min⁄  

Average 
size,nm 

12 20 3.82 33.3 0.00004 21.59 

7 0 3.82 0 0.00004 12.04 

7 20 3.82 33.3 0.00004 10.63 

12 0 3.82 0 0.00004 17.11 

7 0 3.82 33.3 0.00004 6.55 

12 20 3.82 0 0.00004 24.57 

12 0 3.82 33.3 0.000001 21.04 

7 20 3.82 0 0.000001 13.24 

12 0 1.91 33.3 0.00004 3.92 

7 20 2.87 0 0.00004 9.29 

12 0 3.82 0 0.00001 18.47 

7 0 1.91 0 0.00004 14.03 

12 20 1.91 0 0.00004 4.70 

7 20 3.82 33.3 0.00001 7.41 

12 20 2.87 33.3 0.00004 8.50 

12 0 2.87 0 0.00004 5.56 

7 20 1.91 33.3 0.00004 9.04 

7 0 3.82 0 0.000001 10.62 

12 20 3.82 33.3 0.000001 23.69 

12 20 3.82 0 0.00001 23.31 

12 0 2.87 33.3 0.00001 8.97 

7 20 2.87 0 0.00001 16.31 

7 0 3.82 33.3 0.000001 8.61 

7 20 1.91 33.3 0.000001 10.14 

7 0 1.91 0 0.00001 13.31 

12 20 2.87 0 0.000001 11.13 

7 0 2.87 33.3 0.00001 6.22 

7 20 1.91 0 0.000001 23.31 
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12 0 1.91 33.3 0.000001 5.16 

12 0 3.82 33.3 0.00001 15.69 

7 0 2.87 0 0.000001 11.48 

12 20 1.91 0 0.00001 6.53 

7 0 3.82 0 0.00001 11.31 

12 20 3.82 0 0.000001 22.73 

12 0 2.87 33.3 0.00004 8.50 

7 20 2.87 33.3 0.000001 7.43 

7 0 1.91 33.3 0.00001 5.46 

12 20 2.87 33.3 0.00001 7.81 

12 0 2.87 0 0.000001 8.02 

7 20 1.91 33.3 0.00001 7.07 

12 20 1.91 33.3 0.000001 6.23 

7 0 2.87 0 0.00001 9.41 

12 0 2.87 33.3 0.000001 5.79 

12 20 2.87 0 0.00001 9.69 

12 0 1.91 0 0.00001 5.18 

7 0 1.91 33.3 0.000001 7.46 

7 20 1.91 0 0.00004 17.73 

7 0 1.91 0 0.000001 17.29 

12 20 1.91 0 0.000001 7.27 

7 20 2.87 33.3 0.00004 5.46 

12 0 1.91 33.3 0.00001 4.21 

7 0 2.87 0 0.00004 6.27 

7 20 3.82 0 0.00001 12.76 

7 20 2.87 33.3 0.00001 9.16 
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APPENDIX C: NUCLEATION AND GROWTH CONSTANTS OF SILVER 

NANOPARTICLES ALONG WITH PARTICLES SIZES IN A WELL-MIXED REACTOR 

FOR TWO SET OF CHEMICALS 
 

Table A2: Particles sizes of AgNPs in a well-mixed reactor for two set of 

chemicals. The nucleation and growth constants are reported for both sets of 

chemicals as well. The first set of chemicals involve TA and TC and the second 

set of chemicals include DMAB and SDS. 

Initial 
concentration 
of precursor 

(M) 

Nucleation 
constant 
(min−1) 

Growth 
constant 

(M−1min−1) 

AgNPs 
size (1) 

AgNPs 
size (2) 

AgNPs size 
(3) 

0.00008 0.014 831.25 3.84 3.42 4.19 

0.00008 0.064 1120 2.87 2.95 2.93 

0.00008 0.021 989.58 2.75 3.2 3.3 

0.00008 0.125 1500 2.27 3.53 2.38 

0.00092 0.0011 55.51 3.94 3.177 3.72 

0.00092 0.0013 37.86 3.35 3.081333 3.67 

0.00092 0.0015 44.81 3.052 3.013333 3.35 

0.00092 0.1 77.97 0.73 0.735833 0.71 

0.00092 0.012 13.66 1.32 1.255733 1.52 

0.00092 0.0128 26.01 1.73 1.82 2.18 

0.00041 0.002 92.52 3.09 4.69 2.28 
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APPENDIX D: PARTICLES SIZES OF SILVER NANOPARTICLES AS A FUNCTION 
OF NUCLEATION AND GROWTH CONSTANTS, STORAGE TEMPERATURE, 

REYNOLDS NUMBER AND DEAN NUMBER/REYNOLDS NUMBER FOR THE FIRST 
SET OF CHEMICALS 

 

Table A3: Particles sizes of AgNPs at different conditions. The sizes were 

measured as a function of nucleation and growth constants, storage temperature, 

Reynolds number and Dean number/Reynolds number for the first set of 

chemicals.   

Nucleation 
constant 

(min−1) 

Growth 
constant 

(M−1min−1) 

Storage 
temperatu

re (℃) 

Dean 
number / 
Reynolds 
number 

Reynolds 
number 

AgNPs 
size (1) 

AgNPs 
size (2) 

AgNPs 
size (3) 

Original experiments 

0.0128 26.01 20 0.41 3.395 19.05 22.08 23.65 

0.0015 44.81 0 0 3.395 11.1 13.03 12 

0.0015 44.81 20 0.41 3.395 8.53 12.2 11.16 

0.0128 26.01 0 0 3.395 17.62 16.71 16.99 

0.0015 44.81 0 0.41 3.395 5.68 7.35 6.62 

0.0128 26.01 20 0 3.395 23.38 25.52 24.8 

0.0128 26.01 0 0.41 0.0849 19.83 19.81 23.49 

0.0015 44.81 20 0 0.0849 12.64 13.54 13.54 

0.1 77.97 0 0.41 3.395 4.39 3.58 3.79 

0.0013 37.86 20 0 3.395 9.68 8.77 9.42 

0.0128 26.01 0 0 0.849 19.77 17.39 18.24 

0.0011 55.51 0 0 3.395 15.52 15.24 11.34 

0.1 77.97 20 0 3.395 5.08 4.26 4.75 

0.0015 44.81 20 0.41 0.849 6.73 7.54 7.95 

0.012 13.66 20 0.41 3.395 9.53 7.28 8.68 

0.012 13.66 0 0 3.395 5.3 6.097 5.29 

0.0011 55.51 20 0.41 3.395 8.1 10.2 8.83 

0.0015 44.81 0 0 0.0849 11.41 10.37 10.07 

0.0128 26.01 20 0.41 0.0849 23.93 23.93 23.2 

0.0128 26.01 20 0 0.849 21.52 22.95 25.47 

Designed experiments based on decision tree 

0.0011 55.51 20 0.41 0.0849 8.932 10.141 11.35 

0.0011 55.51 0 0 0.849 11.63 12.9 15.41 



258 

0.0128 26.01 0 0.41 0.849 15.7 14.28 17.1 

0.0013 37.86 0 0 0.0849 12.19 11.34 10.91 

0.0015 44.81 0 0 0.849 11.42 11.92 10.58 

0.0128 26.01 20 0 0.0849 20.78 24.4 23.01 

0.0013 37.86 20 0.41 0.0849 7.161 6.45 8.69 

0.0011 55.51 20 0.41 0.849 7.87 7.074 6.27 

0.0013 37.86 0 0 0.849 10.1 8.78 9.38 

0.0011 55.51 20 0 3.395 18.52 16.47 18.2 

Random experiments 

0.1 77.97 0 0.41 0.849 4.55 3.54 4.547 

0.0013 37.86 0 0 3.395 6.414 6 6.4 

0.0015 44.81 20 0 0.849 12.95 13.65 11.67 

0.0013 37.86 20 0.41 0.849 9.034 8.58 9.88 

0.1 77.97 0 0.41 1.698 3.98 3.68 4.38 

0.012 13.66 0 0.41 1.698 6.996 7.38 6.996 

0.1 77.97 20 0.41 1.698 5.22 5.27 4.94 

0.0015 44.81 20 0 1.698 13.98 11.7 9.878 

0.0011 55.51 0 0 1.698 16.2 15.65 16.11 

0.0011 55.51 20 0 16.96 17.48 19.86 19.01 

0.0011 55.51 20 0 5.662 15.45 20.416 18.1 

0.0011 55.51 20 0.32 0.0849 14.05 13.87 13.25 

0.0011 55.51 20 0.32 3.395 12.14 13.4 12.614 

0.012 13.66 20 0.41 0.0849 9.91 10.29 11.31 

0.012 13.66 0 0 0.849 7.45 8.7 6.1 

0.012 13.66 20 0 3.395 9.24 11.6 9.7 

0.012 13.66 0 0 1.698 7.73 6.45 6.28 

0.0015 44.81 0 0 0.424 10.96 10.414 11.39 

0.0015 44.81 0 0 1.698 12.48 10.78 10.95 

0.0015 44.81 0 0 2.546 9.77 9.13 9.19 

0.0013 37.86 0 0 0.424 16.84 14.7 15.67 

0.0013 37.86 0 0 2.546 13.73 13.57 13.7 

0.0013 37.86 0 0 1.698 15.6 13.14 13.36 
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APPENDIX E: TRANSMISSION ELECTRON MICROSCOPE IMAGES. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

Figure A1: AgNPs size distribution from TEM and zeta-sizer. AgNPs at A) 4×10-5  

𝐝𝐦𝟑 𝐦𝐢𝐧⁄ , pH 12, TC 2.87 𝐦𝐌, and ST 0 oC, B) 4×10-5 𝐝𝐦𝟑 𝐦𝐢𝐧⁄ , pH 7 and TC 1.91 

𝐦𝐌 and ST 20 oC and C) 4×10-5 𝐝𝐦𝟑 𝐦𝐢𝐧⁄ , pH 7, TC 1.91 𝐦𝐌, CR 33.3 𝐝𝐦−𝟏 and ST 

20 oC. 

B 

C 

A 
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APPENDIX F: UV MEASUREMENTS FOR BOTH SET OF CHEMICALS. 

 

Figure A3: UV measurements of AgNPs obtained from the first set of chemicals at 

pH 7 for different concentrations of stabilising agent.  

 

Figure A4: UV measurements of AgNPs obtained from the first set of chemicals at 

pH 12 for different concentrations of stabilising agent. 
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Figure A5: UV measurements of AgNPs obtained from the second set of 

chemicals at different investigated concentrations of reducing and stabilising 

agent. 
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APPENDIX G: PBM MODEL IN A WELL-MIXED REACTOR FOR 2ND SET OF 

CHEMICALS 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A6: PBM model in a well-mixed reactor for 2nd set of chemicals. The graphs 

(A) and (C) show the temporal evolution of [B] between the experimental 

measurements (pink dots) and F-W based PBM predictions (blue line) while graphs 

(B) and (D) the PSD for AgNPs in a well-mixed reactor using 0.2 𝐦𝐌 DMAB with 80 

𝐦𝐌 SDS and 0.4 𝐦𝐌 DMAB with 60 𝐦𝐌 SDS respectively. A length-based number 

density function assuming spherical particles was used. The function is given by 

A B 

C D 
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𝐆(𝐋, 𝐲𝐢) = 𝐆(𝐕, 𝐲𝐢) 𝟑𝐋𝟐⁄ , where 𝐆(𝐕, 𝐲𝐣) is a volume-based growth rate. This expression 

assumes that particle growth in length (diameter) is proportional to particle size.  

Table A4: Comparison of experimental measurements of 𝐝, 𝛔 and 𝐏𝐃𝐈 = (𝛔 𝐝⁄ )𝟐 

with F-W based PBM predictions and normal distribution fitting for AgNPs in a 

well-mixed reactor under different concentrations of DMAB and SDS after full 

precursor consumption. 

[𝐃𝐌𝐀𝐁], 

𝐦𝐌 

[𝐒𝐃𝐒], 

𝐦𝐌 

𝐤𝟏 , 

 𝐦𝐢𝐧−𝟏 

𝐤𝟐, 

 𝐌−𝟏𝐦𝐢𝐧−𝟏 
𝐤𝟐 ∗ 𝐀𝐨/𝐤𝟏 𝐝 ± 𝛔, 𝐧𝐦 (𝐏𝐃𝐈) 

 PBM Exp. 

0.2 60 0.014 831.25 4.75 
3.83 ± 0.57 

(0.022) 

3.82 ± 0.8 

(0.05) 

0.2 80 0.064 1120 1.40 
3.09 ± 0.25 

(0.007) 

2.92 ± 0.5 

(0.026) 

0.4 60 0.021 989.58 3.77 
3.65 ± 0.5 

(0.019) 

3.08 ± 0.56 

(0.033) 

0.4 80 0.125 1500 0.96 
2.96 ± 0.19 

(0.004) 

2.73 ± 0.4 

(0.021) 
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APPENDIX H: ALGORITHM 1 ITERATIVE MINIMISATION OF 3D-VAR COST 

FUNCTION VIA QUASI-NEWTON METHODS 
 

Algorithm 1 Iterative Minimisation Of 3d-Var Cost Function Via Quasi-Newton 

Methods 

Inputs : xb,y,B,R,H 

Parameters: kmax , ϵ 

x0 = xb, k = 0 

While k < kmax and ||∇J(xk) || > ϵ do: 

 J(xk) = 
1

2
||xk − xb||2

B−1+
1

2
||y − H(x) ||2

R−1. 

Linearize the H operator in the neighborhood of xk: 

∇J(xk) ≈ 2B−1(xk − xb) − 2HT R−1(y − H(xk)) 

Compute Hess (J(xk)) 

xk+1 = xk − L3D-Var [Hess(J)(xk)] −1∇J(xk) 

k = k+1 

end while 

output: x𝑎= x𝑘 

 

 

 


