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Abstract 

Active Pharmaceutical Ingredient (API) manufacturing is heavily reliant on solvents for 

reactions and separations. Among them, Volatile Organic Compounds (VOCs) reign supreme, 

although their emissions pose a risk both to the environment and human health. With the effects 

of climate change becoming more prominent, stringent regulations are in place to ensure the 

enforcement of environment-conscious industrial. Adsorption on activated carbon beds is an 

established VOC control technology, often preferred on an industrial level due to the low cost 

of installation and maintenance, as well as its effectiveness in treating large volumetric streams 

containing trace amounts of pollutants. However, the simultaneous feeding of varying 

composition and load waste streams from plant-wide process vents under batch operation 

causes quick and irregular bed saturation, leading to sub-optimal process efficiency, with 

higher operational costs due to frequent adsorbent material regeneration outsourcing. Despite 

the multitude of studies on adsorption over the years, there is a profound mismatch towards the 

proportion of research focused on multicomponent VOC adsorption under realistic industrial 

conditions. Mathematical modelling and simulations are valuable tools towards understanding 

the complex interactions of competing solvent emission streams and allow process 

optimisation without the need for costly and resource-intensive pilot plant experiments.  

This PhD thesis aims to elucidate the intrinsic relationships between complex pharmaceutical 

manufacturing solvent vapour mixtures and propose operational optimisation scenarios to 

minimise environmental leak risks as well as maximise process efficiency, at an even lower 

operational cost. In order to address the dire need for reliable thermodynamic parameter values, 

a Langmuir Isotherm parameter database is established for organic solvents based on published 

experimental data. Next, a dynamic, multicomponent, nonisothermal adsorption model is 

constructed and used to highlight the interactions of key VOC binary mixtures under a range 

of steady-state and transient feed conditions, temperatures, activated carbon bed structures, 

column lengths and stream velocities. Furthermore, Hodograph Theory breakthrough metrics 

are compared with validated simulation results to test the extrapolation potential of single 

component mixture predictions to multicomponent mixtures as a quick, operational plant 

decision-making tool. The dynamic model simulation results for the different mixtures are then 

employed to inform Mixed Integer Linear Programming (MILP) scheduling models for process 

optimisation and comparative economic evaluation. This PhD thesis highlights the immense 

value of systematic and rigorous model-based simulation and optimisation campaigns for VOC 

emission abatement systems in the pharmaceutical industry. 
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Lay Summary 

This PhD thesis presents a concentrated effort on dynamic modelling, scheduling and economic 

evaluation of Volatile Organic Compound (VOC) emissions abatement in the pharmaceutical 

industry. VOCs are at the heart of primary pharmaceutical manufacturing, comprising 56% of 

total solvent mass. While their properties are indispensable for reactions and separations, the 

inevitable emissions from process units can pose serious risks to the atmosphere, ecosystems 

and human health, with industrial processes contributing to ca 60% of anthropogenic VOC 

emissions in the UK. Stringent environmental protection laws render end-of-pipe abatement 

essential. Adsorption with activated carbon is an established VOC control technique on an 

industrial level, however, its operation is often suboptimal due to the complex mixtures and 

frequent need for adsorbent regeneration which comes at high cost.  

This thesis firstly presents the calculation of Langmuir Isotherm model parameters based on 

published experimental data of single-component VOC adsorption on activated carbon for 

acetone, dichloromethane, chloroform and toluene. Chapter four presents the development of 

the dynamic simulations model, which is multicomponent, non-isothermal and uses the Linear 

Driving Force model for solid phase mass transport and the Langmuir Isotherm for equilibrium. 

In the next chapters the model is validated with published experimental data and key binary 

mixtures of trace concentrations VOCs and their adsorption characteristics are examined. 

Moreover, the effect of several process parameters such as flowrate, temperature and column 

length are investigated. Key metrics of Hodograph Theory derived from single component 

adsorption are compared to our dynamic simulation (gPROMS®) results as an assessment of 

their suitability for extrapolation to multicomponent mixtures ultimately to act as a tool to assist 

operational decision-making prior to the engagement of further resources. Furthermore, the 

thesis continues to present VOC adsorption of pharmaceutically-relevant solvent mixtures 

under transient feed conditions, informed by industrial operation. Finally, a mixed integer 

linear programming (MILP) model for Active Pharmaceutical Ingredient (API) production 

scheduling is formulated and solved to optimality with respect to makespan minimisation, 

while accounting for VOC emissions abatement informed by gPROMS® simulation results. 

Based on the MILP results and industrial data, a detailed operating expenditure economic 

evaluation of different VOC emission scenarios is presented and analysed. The insights from 

this thesis can be extended across industries where VOC emissions abatement via adsorption 

is employed, paving the way for process optimisation under environmentally friendly scenarios 

that align with market demands. 
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Chapter 1 

Introduction 

This chapter provides some background on volatile organic compounds. The main properties, 

emission trends by country and sectors over the past decades, and their effects on human health 

and the environment are first discussed, followed by a discussion on their use in the context of 

pharmaceutical manufacturing. Next, the main developments in VOC emissions abatement 

technologies are introduced with a focus on adsorption processes and their main characteristics. 

1.1 Volatile Organic Compounds 

Volatile Organic Compounds (VOCs) are organic substances with high vapour pressure and 

low boiling points. VOCs are emitted from both natural and anthropogenic sources. Natural 

sources include vegetation, naturally occurring forest fires, as well as anaerobic moors 

processes (David & Niculescu, 2021). Anthropogenic VOC sources comprise the industrial 

processes (paints, resins, chemicals and pharmaceuticals manufacturing), transportation, 

household product solvent use, agriculture, waste as well as fugitive emissions from fuels  

(EPA, 2024; Koppmann, 2007).  

1.1.1 VOC Emissions in the manufacturing sector 

Figure 1 summarizes the VOC emissions percentage by contributing sector in the UK between 

1990-2021. Over the past 30 years in the UK, great VOC emissions reductions have been 

achieved in the transportation and fugitive emissions sectors, possibly due to stricter vehicle 

emission standards, in combination with a decrease in coal mining activity and better mitigation 

of emissions in the petroleum fuels manufacturing, respectively. The VOC emissions mix in 

the UK has therefore changed over the last thirty years. The decline in emissions from the 

transportation sector has allowed industrial processes to dominate the emissions mix. 

Specifically, the increase is associated with the chemicals and pharmaceuticals manufacturing 

as well as the food and drinks industry. Agricultural emissions, also an increasingly dominant 

sector, are primarily attributed to the use of pesticides. This shift in the contributing sector 

bears significance due to the different VOCs associated with each sector and by extension their 

presence in the atmosphere. 
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Figure 1. Percentage (%) of VOC emissions by sector in UK between 1990-2021 (data from: UK 

Department of Environment, 2023). 

Figure 2 further elucidates the contribution of the UK industrial sector to VOC emissions 

between 1990-2021. Specifically, it can be deducted that between 1990-2021, there has been a 

decrease in the industrial VOC emissions of 51%. This decline is attributed to the enforcement 

of stricter environmental regulations. However, trends may differ across the globe due to the 

lack of harmonisation of environmental protection policies.  

 

Figure 2. Total vs industrial sector VOC emissions in the UK between 1990-2021 (Department of 

Environment, 2023). 
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According to the Department of Environment (2023), out of the 579 ktonnes of overall solvent and 

industrial process sector non-methane VOC emissions in 2017, subdivided into 9 source categories, it 

is possible that the pharmaceutical industry falls into the 13% of “other industry processes” and the 3% 

of “industrial solvent (other)” of the pie chart, thus claiming a share of roughly 93 ktonnes in 2017. 

 

Figure 3. Industrial sectors contributions to UK VOC emissions in 2017 (data from: Department of 

Environment, 2023). 

Figure 4 presents some key trends in VOC emission trends in China. Specifically, the 

pharmaceutical industry consistently contributes between 6-9% of total industrial VOC 

emissions between 2013-2019. The increase between 2013-2016 is attributed to increased API 

manufacturing and exports, while, the gradual decline from 2017 to 2019, to the enforcement 

of new environmental regulations (Simayi et al., 2022). Compared to the UK, China’s reported 

VOC emissions from industrial processes are over one order of magnitude larger. 
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Figure 4. Industrial vs pharmaceutical sector VOC emissions in China between 2013-2019, data from: 

(Simayi et al., 2022). 

Volatile Organic Compound emissions are known to impact both the environment and human 

health. From an environmental standpoint, VOCs contribute to secondary pollution in the form 

of tropospheric ozone formation (precursor to photochemical smog) as well as secondary 

organic aerosols, which in turn, leads to oxidative damage in crops (Atkinson, 2000). VOC 

inhalation  has been shown to trigger asthma, dizziness and inflammation, while prolonged 

exposure could lead to cancer (Palmiotto et al., 2014), (Ma & Li, 2024),(Zhou et al., 2023). 

1.1.2 VOCs in Pharmaceutical Manufacturing 

In the context of pharmaceutical manufacturing, volatile organic compounds are indispensable. 

The stages associated with the production of a pharmaceutical product can be classified as 

Active Pharmaceutical Ingredient (API) synthesis, drug product formulation and packaging. In 

this PhD thesis, we address the first step, i.e. API synthesis. Primary pharmaceutical 

manufacturing typically encompasses the processes of reaction, separation, purification and 

drying, spread across one or multiple stages until the desired product is synthesized.  

According to (Constable et al., 2007), solvents typically contribute between 85-90% to the 

overall process mass leading to an API on an industrial level. Their role in API synthesis is 

typically solubilisation (reaction medium), where they enable the reagents manipulation, as 

well as, extraction and crystallisation. In the extraction stage, reaction products are separated 

from by-products and residues usually with liquid-liquid separations between organic and 

inorganic phases. Finally, product purification is usually achieved through crystallisation. The 

careful selection of a crystallisation solvent allows the manipulation of important properties 
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such as crystal size and/or shape which directly impact the product quality (Grodowska & 

Parczewski, 2010). 

 

Figure 5. Materials in API manufacturing. 

Volatile organic compounds (VOC) are solvents essential to primary pharmaceutical 

manufacturing. Their presence, ubiquitous in reactions and separations, results in a significant 

amount of vapour emissions from pharmaceutical production. A generally accepted measure 

of chemical process sustainability, is the E factor, defined as the mass ratio of waste to desired 

product. The greater the E factor, the more wasteful a process is and the more it negatively 

impacts the environment. Typical E factor values are presented in Table 1, where it becomes 

apparent that within the chemical industry, the pharmaceutical sector has some of the most 

wasteful production processes.  

According to (Henderson et al., 2011) and (Sheldon, 2007), the production of 1 kg of API 

requires on average the contribution of 46 kg of materials. Since approximately 56% of the 

total process material required for the production of APIs are solvents, then almost 26 kg of 

solvents are required for the production of 1 kg of API. Then, according to Table 1, in a typical 

1,000 tonnes per annum of API production, an approximate 26,000 tonnes of solvents will be 

needed. Moreover, by assuming a conservative E Factor of 50 for an API production, a 1,000 

product tonnage would translate in 50,000 tonnes of waste, the majority of which, undoubtedly, 

would be solvents either in liquid or gaseous form. 
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1.2 Volatile Organic Compounds Emissions Abatement via Adsorption 

Volatile Organic Compound emission release has been subject to increasingly stringent 

regulations over the past decades. As a result, several technologies have been studied, 

developed, and applied over the years for VOC abatement such as, catalytic oxidation (Debono 

et al., 2018; Jecha et al., 2014), where VOCs are allowed to react and transformed to other 

chemicals, plasma treatment (Chung et al., 2018; Ikaunieks et al., 2011; Jose & Philip, 2021; 

Karatum & Deshusses, 2016) where VOCs are degraded via electron impact reactions, 

biotrickling filtration (Balasubramanian et al., 2012; San-Valero et al., 2019) where VOCs are 

treated by bacteria, absorption (Darracq et al., 2010; Lhuissier et al., 2022; Moufawad et al., 

2022; Wantz et al., 2021) where VOCs are retained by a liquid solvent, and adsorption. Their 

suitability is application-specific and each method has different limitations (Y. Li et al., 2021).  

Adsorption is an established VOC control method on an industrial level for several reasons. It 

first gained traction as a separation method in the 1970s due to its energy efficiency, as an 

alternative to the energy-intensive distillation (Ruthven, 1984). Firstly, it boasts easy 

installation and maintenance. Secondly, the technological maturity ensures a relatively low 

capital cost. It is further indicated for the treatment of large volumetric streams with low 

pollutant concentration. Furthermore, the adsorbent materials can be regenerated and reused, 

either in-house or by outsourcing to external contractors. This further allows the recovery of 

captured solvents and potential re-use, thus aiding circularity. 

The need for adsorbent materials with adequate adsorption capacity has driven the research 

towards the development and commercial use of several material categories. Dominating 

practical applications are zeolites, activated alumina, silica gels, carbon molecular sieves, 

activated carbon and metal-organic-frameworks (Siu et al., 2023). For VOC capture, the 

adsorbent of choice is activated carbon, and thus this thesis will only focus on applications with 

this material.  

Activated carbons are typically produced through the thermal decomposition of carbonaceous 

materials (e.g. of plant origin) followed by activation with carbon dioxide or steam at high 

temperature (700-1100 ℃). Although specific properties of activated carbons vary, depending 

on the conditions of the pyrolysis and activation processes used in their synthesis, they tend to 

be organophilic and hydrophobic, thus making them ideal candidates for VOC capture (Navarri 

et al., 2001; Pui et al., 2019; Ruthven, 1984; Zhang et al., 2017). 
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Assuming that operation begins with a clean bed, i.e. free of adsorbates, a VOC-laden air 

stream is introduced to the bed and mass transfer begins from the fluid to the solid phase, thus 

decreasing the concentration of VOC on the fluid, all while fresh feed continues to enter the 

column. Eventually fluid concentration at that section of the column reaches equilibrium with 

the feed concentration and thus no more mass transfer occurs. Therefore, the feed stream must 

travel farther along the bed to reach a section that has not achieved equilibrium yet, to resume 

mass transfer. Thus, the fluid concentration decreases with increasing bed length, until it 

reaches nearly zero.  

The length over which the fluid concentration changes is called the mass transfer zone. As this 

process continues, more and more of the bed becomes saturated (i.e. fluid concentration reaches 

equilibrium with the feed concentration). The mass transfer zone therefore eventually reaches 

the end of the column, and some VOC exits the column with the air (breakthrough onset). As 

the mass transfer zone exits the end of the column, the VOC presence at the column outlet 

gradually increases, until no more VOCs are retained and thus the fluid concentration at the 

bed outlet is equal to the feed concentration (Gabelman, 2017).  

On a macroscopic level, adsorption usually takes place in fixed bed columns, filled with the 

appropriate adsorbent. Although column configurations vary across fields and applications, it 

is important to distinguish between systems with built-in adsorbent regeneration capabilities, 

such as pressure swing adsorption and temperature swing adsorption technologies (Gales et al., 

2003; Han et al., 2020; Kagawa et al., 2009; Liu et al., 1998; Pak & Jeon, 2017; Suzuki et al., 

2007), and those where the saturated adsorbent is removed and replaced, with regeneration 

outsourced. In this thesis, the focus is on the latter case. Thus, for emissions abatement typical 

configurations include at least two beds, where one is operated until breakthrough is achieved 

and the other remains idle until the first is taken off-line. 
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Figure 6. Industrial adsorption system configuration. 

Volatile Organic Compounds, due to their relatively low boiling points, often exist in both 

liquid and vapour form in the process vessels. Plant-wide process vessels are connected via 

piping systems to the activated carbon bed responsible for VOC emissions abatement. 

However, in industrial operations vessels have built-in VOC-recovery measures to minimise 

the flow of solvent vapours to the adsorption column. For example, most vessels are equipped 

with nitrogen blankets and control valves that selectively allow VOC vapour flow to the 

activated carbon beds only if the pressure inside the vessel rises over a specific limit. 

Furthermore, condensers present at the distillation vessels ensure that the majority of the 

solvent vapour is recovered and re-used after atmospheric or vacuum distillations. The vapour 

emissions that manage to escape towards the adsorption column, are thus, complex trace 

mixtures transient in concentration and intermittent, creating an interesting modelling 

landscape. 

 

 

 

 

 

 



11 

 

Chapter 2  

Project Motivation 

This chapter discusses the motivation for this PhD project. First, adsorption processes and the 

challenges associated with volatile organic compound abatement are discussed with a focus on 

experimental and modelling demonstrations in the literature implemented thus far. The recent 

developments and applications of mixed integer linear programming in the pharmaceutical 

industry are then discussed to demonstrate the need for waste management steps to be included 

in the scheduling of batch production operations. The chapter is then concluded with the PhD 

thesis objectives and structure. 

2.1 Dynamic modelling in VOC abatement via adsorption 

The United Nations sustainable development goals (SDGs) provide a shared vision for now 

and the future, highlighting a responsible way forward for the global community. At the heart 

of this vision is tackling waste- and energy-intensive production patterns responsible for 

climate change and pollution (Goal 12). Leading this effort is the wider adoption of eco-

friendly and innovative industrialisation practices across all manufacturing sectors (Goal 9). 

Integrating technology in industrial settings not only benefits the environment, but also 

increases productivity and resilience in crises (United Nations, 2023). In fact, Industry 4.0 

paves the way to a new manufacturing paradigm, focused on increased system predictability 

towards efficiency maximisation and environmental impact and cost minimisation (Akbar & 

Irohara, 2018). 

Adsorption processes have had major industrial applications in purifications and separations 

since the 1950s, with considerable expansions of scales and processes during the 1970s in light 

of soaring energy prices that deemed distillations of close boiling-point components too 

uneconomic (Ruthven, 1984). In the last decades, with the gradual enforcement of stricter 

environmental protection laws, adsorption has proven to be an effective and competitive gas 

waste treatment solution. Over the past 60 years adsorption has become a topic of extensive 

research in the chemical engineering discipline both on an experimental and, more recently, on 

a process modelling level, however, striking mismatches are observed for its application as a 

VOC emissions abatement technique in the pharmaceutical industry (Table 3).  
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Adsorption with activated carbon is an established VOC emissions control technology on an 

industrial level due to its easy installation and maintenance as well as energy efficiency. During 

adsorption, a VOC-laden air stream, from process vents across the plant, is directed towards a 

fixed-bed activated carbon column. There, VOCs are selectively retained in the carbon pores 

via attraction forces while the air stream passes through the bed and is released to the 

atmosphere, free from VOCs. Adsorption is often preferred due to its ability to filter large 

volumes of waste streams with a low concentration of pollutants. However, venting variable 

component and concentration waste streams to the activated carbon bed from process 

equipment all over the plant leads to sub-optimal performance and irregular bed saturation 

(Tzanakopoulou et al., 2023).  

Despite the abundance of published adsorption studies, the number of papers directly 

addressing the adsorption of pharma-related VOCs is relatively small (Table 3). Of those, the 

striking majority presents purely experimental work, often to test the adsorption capabilities of 

a newly synthesized activated carbon material (19 studies, Table 3), while the number of 

studies including modelling trails behind at 16 (Table 3). The published modelling applications 

are limited and often restricted to the fitting of an adsorption isotherm curve on single 

component experimental data. The overwhelming majority investigates VOCs as single 

components (25 studies, Table 3), although there are eleven examples where multicomponent 

adsorption is studied. Although several isotherm models are encountered in the literature, the 

most commonly employed (24 studies, Table 3) is the Langmuir isotherm, presumably due to 

its ease of application and theoretical basis. Moreover, notably, many published studies do not 

explicitly report parameters crucial for simulation purposes (e.g. bed length, isotherm 

parameter values) which is critical to validation purposes. This number becomes even smaller 

for studies under realistic industrial operating conditions and equipment scales, as phenomena 

not visible in laboratory scale columns are likely to be observed at larger scales. Specifically, 

all column lengths reported in Table 3 are shorter than 30 cm, whereas industrial column 

lengths can range between 50 cm – 10 m. 

One of the key characteristics of VOC gas waste streams in the pharma industry is the release 

of trace amounts of solvent vapours (< 1,000 ppm) depending on the recipe stage and process 

unit leading to multicomponent mixtures in need of abatement. Multicomponent mixture 

experiments are rarely reported in the literature due to their complexity, and therefore, 

simulation of multicomponent mixtures is essential to increasing process understanding and 

thus enabling optimisation on an industrial level.  





18 

 

This reality leads to waste streams characterised by transient and/or intermittent feed 

concentration patterns of VOC mixtures which renders mixture behaviour predictions 

challenging. While detailed transient feed pharma-relevant VOC dynamic adsorption 

simulations are still elusive, Table 4 presents some key literature studies that address the 

existence of such feeds. However, the majority of literature studies regarding adsorption 

column operations under transient inlet concentration (Table 4) refer to cyclic 

adsorption/desorption processes as a pre-processing step before gas biofiltration. The effect of 

unsteady feed streams on activated carbon adsorption is only superficially examined as the 

focus of the studies is biofilter performance. 

Implementation of integrated theoretical and modelling based approaches in the field of VOC 

abatement via adsorption in the pharmaceutical industry holds the key to unlocking the full 

potential of industrial operation optimisation, through the complex simulation scenarios 

necessary to capture the real time conditions of batch manufacturing and emissions abatement. 

2.2 Mixed Integer Linear Programming (MILP) in the pharmaceutical industry 

Production decisions in the pharmaceutical supply chain are often informed by manual 

planning systems due to the high degree of complexity and regulatory constraints it entails. 

These planning systems rely on the assumptions that operational characteristics and design 

parameters remain constant throughout the planning horizon, but when faced with an 

unexpected event, such as an unplanned downtime due to adsorption column saturation, the 

production plan needs to be readjusted appropriately at a short amount of time. Unfortunately, 

this approach leads to inflexible and economically sub-optimal operation for most 

pharmaceutical plants (Sampat et al., 2021). 

Integrating technology in industrial settings not only benefits the environment, but also 

increases productivity and resilience in crises. In fact, the concept of Industry 4.0 champions a 

new manufacturing paradigm, reliant on augmented system monitoring, prediction and control. 

Modelling and simulation of pharma effluent capture systems through the development and 

application of advanced, first-principles based process descriptions in the form of dynamic, 

non-isothermal adsorption models (under both adiabatic and non-adiabatic conditions) 

informed by industrial data for the study of multicomponent mixture adsorption yields valuable 

insights into the adsorption systems’ behaviour under different operating conditions and 

solvent mixtures (Tzanakopoulou, 2022; Tzanakopoulou et al., 2023).  
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Production scheduling involves making decisions on when, where, and how to manufacture a 

set of products within a specific time frame, in parallel to limited resources operation and 

adherence to processing recipes (Floudas & Lin, 2004). The pharmaceutical industry primarily 

operates in the batch processing mode, which raises scheduling challenges due to the diverse 

processing tasks, cleaning requirements, and recipe plans (Shah, 2004). To tackle these 

challenges, mathematical modelling and specifically mixed-integer linear programming 

(MILP) models are valuable tools. MILP problems typically consist of (i) production recipes, 

which outline the task sequences required to manufacture specific products; (ii) available 

processing and storage equipment; (iii) intermediate storage policies; (iv) production 

requirements; (v) resource specifications, such as utilities and manpower; and (vi) a specified 

time horizon. The objective is to generate a schedule that includes (i) the task sequences for 

each piece of equipment; (ii) the timing of each task; and (iii) the batch sizes of materials to be 

processed. A schedule's effectiveness is evaluated based on one or more criteria, such as overall 

profit, operating costs, and makespan (Floudas & Lin, 2004). An optimised production 

schedule not only yields economic benefits, but also contributes to reducing environmental 

impact, energy intensity, violations of various regulations and helps cope more efficiently with 

uncertainties, both in production as well as in customer order levels (Harjunkoski et al., 2014). 

Translating the product recipe correctly into a MILP model is essential to scheduling success, 

thus, several representation approaches have been developed over the years (Castro et al., 

2018). Kondili et al. (1993) introduced the state-task-network (STN) concept, which is widely 

used in chemical batch processes. The STN diagram is an intellectual derivative of the 

production recipe and is formed by state nodes representing feeds, intermediates, and final 

products, shown as circles; task nodes representing processing steps, shown as rectangular 

boxes; and arcs indicating material flow. Pantelides (1993) extended the STN to include 

production equipment, resulting in the resource-task-network (RTN) concept. MILP-based 

scheduling approaches can be categorized based on the type of time domain representation 

used (Grunow et al., 2003), which can either be in discrete time or continuous time. Discrete 

time models divide the time horizon into uniform time intervals, whereas continuous time 

models divide the time horizon into periods of unequal and unknown lengths (Sampat et al., 

2021). Both Floudas and Lin (2004) and Méndez et al. (2006) provide comprehensive reviews 

which highlight each method's strengths and weaknesses extensively. 

A significant amount of work focuses on the pharmaceutical industry in particular, across its 

value chain. Papageorgiou et al. (2001) showcase a MILP model for the selection of product 



20 

 

development and introduction strategy as well as capacity planning and investment strategy for 

supply chain optimisation. Siddhaye et al. (2004) focus on the early phases of pharmaceutical 

production, specifically proposing a MILP optimisation framework for the design of new 

molecules with desired properties. On the scheduling front, Castro et al. (2008) present a case 

study on optimal vessel allocation for an API production facility using an MILP model to 

tradeoff between using the minimum vessel number required to maintain plant flexibility and 

the potentially increased makespan due to long changeover times. Chen et al. (2012) present 

their combined simulation and optimisation approach on the complex landscape of clinical trial 

supply chain management.  

Kabra et al. (2013) present an approach for multi-stage, multi-product, multi-period scheduling 

model for biopharmaceuticals adding on the model of Shaik and Floudas (2007) improved 

tightening and sequencing constraints. Moniz et al. (2014) propose a scheduling algorithm for 

simultaneous regular and non-regular products (i.e. campaign and short-term scheduling) in a 

real pharmaceutical industry example with a discrete time formulation. Vieira et al. (2017) 

solve a multi-objective MILP production and maintenance planning optimisation problem 

targeting continuous biopharmaceutical manufacturing using a continuous grid formulation. 

More recently, Ge and Yuan (2021) introduced a hybrid multi-stage discrete/continuous-time 

scheduling approach to determine the optimal production schedule of a reconfigurable modular 

production system, aimed for pharmaceutical manufacturing. Finally, Elekidis and Georgiadis 

(2022) expand to contract manufacturing organisations with a systematic MILP proposal of 

integrated planning and medium term scheduling for the contract appraisal problem under 

demand uncertainty. 

2.3 Thesis Aims & Objectives 

2.3.1 Langmuir Isotherm parameter estimation  

 Langmuir Isotherm parameters for key volatile organic compounds are calculated from 

published experimental data on activated carbon to address VOC simulation needs. 

2.3.2 Adsorption Dynamic Model Development 

This PhD thesis presents the development and validation of a dynamic, multicomponent, non 

isothermal adsorption model. The model simulates adsorption on the axial direction, and 

accounts for non isothermal conditions and pressure drop. The dynamic model uses the Linear 

Driving Force model to account for solid phase mass transfer and the extended Langmuir 

Isotherm for the equilibrium state.  
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2.3.3 Multicomponent Mixture Adsorption Dynamic Simulations 

This PhD thesis uses the developed model to elucidate the complex adsorption relationships of 

multicomponent VOC mixtures on activated carbon. Specifically, several pharmaceutically-

relevant VOC binary solvent mixtures are examined in order to validate the model based on 

published experimental data, and test the effect of key operation parameters such as mixture 

composition, temperature, column length and flowrate on adsorption breakthrough order, 

temperature profiles and pressure drop. This PhD thesis further presents the application of our 

model on key binary VOC mixtures under transient feed conditions on industrial-length 

columns. Specifically, the mixtures of hexane-toluene, dichloromethane-acetone, 

dichloromethane-chloroform, and dichloromethane-toluene are examined under fluctuating 

inlet concentration patterns which are based on industrial FTIR readings. The transient feed 

effects on key breakthrough metrics are analysed towards process optimisation under realistic 

operating scenarios. This framework can be applied not only to the field of emissions abatement 

via adsorption but also finds application in biofiltering, as a waste stream pre-processing step. 

2.3.4 Evaluation of Theoretical Metrics Accuracy (Hodograph theory) 

The present work compares our model’s gPROMS® dynamic simulation results to Hodograph 

Theory metrics with a focus on breakthrough onset and maximum outlet concentration. 

Hodograph Theory relies on Langmuir Isotherm single component parameters of isothermal 

operation for predictions on multicomponent, non isothermal mixtures. Here, we provide a 

critical comparison of theoretical metrics against our validated model simulation results and 

experimental data to assess the theoretical metrics ability to inform operational decision 

making before the commitment of more critical resources for in-depth modelling investigation. 

2.3.5 MILP Production Scheduling and Economic Evaluation 

This PhD thesis develops a mixed integer linear programming (MILP) scheduling problem 

based on the production recipe of an API in an industrial (batch) setting while also including 

the VOC emissions abatement steps, with durations informed from our gPROMS®  dynamic 

simulations. The problem is solved to optimality with makespan minimisation as the objective 

function on the CProS web application on a cloud server with GAMS code on the background. 

Next, a scenario-based economic evaluation of the VOC abatement system annual operating 

expenditure is performed based on number of material changeovers per year, VOC emission 

loads and mixtures, as well as, solvent prices. This framework can be extended to include more 

production steps and emission patterns. 
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DCM-TOL Yes 250-750 300 0.065 0.914  

HEX-ACT No 250 300 0.25-1 0.1-0.9 10 

HEX-DCM No 250 300 0.25-1 0.1-0.9  

HEX-TOL No 250 300 0.25-1 0.1-0.9  

TOL-TCM No 50-250 300 1 0.914 11 
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Figure 7. Thesis contents overview.
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  Pitch Fiber 1518.00 303.15 5.813 ± 1.700     7.880 ±   5.379 0.910 

    323.15 4.458 ± 1.033     3.914 ±   1.606 0.983 

    353.15 1.875 ± 0.295     5.647 ±   1.744 0.989 

 
(Giraudet 

et al., 2010) 

Olive stone 

AC 
1720.00 293.15 4.377 ± 0.250   24.606 ±   7.056 0.942 

    313.15 3.827 ± 0.215   15.581 ±   3.887 0.950 

    333.15 2.704 ± 0.192   13.116 ±   3.615 0.936 

    353.15 1.127 ± 0.054   29.580 ±   7.476 0.925 

 
(Tefera 

et al., 2013) 

Commercial 

AC 
1390.00 298.15 7.051 ± 0.023     17.311 ±   0.605 0.998 

 
(Vuong 

et al., 2016) 

Commercial 

AC 
950.00 298.00 4.307 ± 0.263     17.684 ±   2.886 0.986 

 
(Talmoudi 

et al., 2018) 
Pine AC 1706.00 298.00 6.371 ± 0.213     7.677 ±   0.690 0.996 

    313.00 4.502 ± 0.153   10.394 ±   1.032 0.994 

    323.00 3.617 ± 0.202     8.494 ±   1.280 0.988 

 
(Zhou 

et al., 2020) 

Commercial 

AC 
423.00 298.00 2.668 ± 0.073     0.987 ±   0.171 0.881 

DCM 

(Dichloro- 

methane) 

(Kim 

et al., 2002) 

Commercial 

AC 
826.00 303.00 6.320 ± 0.186       4.188 ±   0.697 0.977 

    318.00 5.837 ± 0.108       2.260 ±   0.155 0.989 

    333.00 5.299 ± 0.235       1.315 ±   0.209 0.968 

 
(Borkar 

et al., 2010) 

Commercial 

AC 
1000.00 303.15 4.675 ± 0.143     29.471 ±   4.198 0.981 

    318.15 4.403 ± 0.153     20.522 ±   2.841 0.985 

    353.15 2.619 ± 0.128     12.612 ±   1.698 0.989 

 
(Giraudet 

et al., 2010) 

Olive stone 

AC 
1720.00 293.15 2.448 ± 0.203     24.563 ±   9.756 0.885 

    313.15 1.998 ± 0.126     19.738 ±   5.423 0.934 

    333.15 1.373 ± 0.071     11.402 ±   1.948 0.973 

    353.15 0.332 ± 0.034     80.437 ± 67.899 0.653 

 
(Lemus 

et al., 2012) 

Commercial 

AC 
927.00 308.15 2.905 ± 0.253     29.057 ±   7.138 0.953 

 
(Talmoudi et 

al., 2018) 
Pine AC 1706.00 298.00 4.506 ± 0.054       7.610 ±   0.239 0.999 
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    313.00 3.332 ± 0.130    8.632 ±   0.921 0.994 

    323.00 2.611 ± 0.187    8.432 ±   1.625 0.981 

TCM 

(Chloroform) 

(Tsai 

et al., 2008) 

Commercial 

AC 
807.00 303.15 2.826 ± 0.33 119.046 ± 73.188 0.890 

    323.15 2.738 ± 0.289   20.446 ±   7.078 0.967 

    353.15 2.530 ± 0.325   15.277 ±   5.705 0.968 

  Sludge 757.00 303.15 2.213 ± 0.435   21.657 ± 14.487 0.868 

    323.15 1.077 ± 0.171   29.337 ± 16.959 0.908 

    353.15 0.958 ± 0.110   14.268 ±   4.670 0.974 

  PAN Fiber 832.00 303.15 2.042 ± 0.098   90.631 ± 21.654 0.983 

    323.15 2.002 ± 0.244   27.945 ± 12.272 0.943 

  Pitch Fiber 1518.00 303.15 5.433 ± 0.617   25.004 ± 10.069 0.953 

    323.15 4.337 ± 0.354   10.414 ±   2.240 0.990 

    353.15 2.500 ± 0.374   15.586 ±   6.822 0.956 

TOL 

(Toluene) 

(Yanxu 

et al., 2008) 

Act. 

Semicoke 
- 293.00 0.267 ± 0.002 221.795 ± 23.228 0.999 

 
(Tefera 

et al., 2013) 

Commercial 

AC 
1390.00 298.15 4.525 ± 0.018 366.021 ± 30.724 0.939 

 
(Yang 

et al., 2018) 
Wood AC 1 1284.37 303.15 3.193 ± 0.286    0.064 ±   0.012 0.976 

  Coal AC 2 837.97 303.15 5.183 ± 0.749    0.018 ±   0.004 0.990 

  Coal AC 3 840.03 303.15 4.352 ± 0.881    0.028 ±   0.009 0.943 

  Coal AC 4 687.71 303.15 4.129 ± 0.885    0.020 ±   0.006 0.974 

  
Coconut AC 

5 
570.72 303.15 1.680 ± 0.290    0.033 ±   0.010 0.965 

HEX 

(n-Hexane) 

(Izquierdo  

et al., 2013) 

Almond  

Shell AC-1 
1128.00 298.15 4.699 ± 0.226 17.245 ± 7.568 0.715 

  2 626.00 298.15 2.609 ± 0.060 88.802 ± 30.303 0.924 

  3 789.00 298.15 5.138 ± 0.141 1.469 ± 0.289 0.948 

  4 785.00 298.15 3.301 ± 0.102 3.437 ± 0.994 0.914 

  5 1117.00 298.15 5.166 ± 0.153 1.714 ± 0.299 0.928 

  6 891.00 298.15 3.823 ± 0.131 4.429 ± 1.039 0.866 

  7 926.00 298.15 4.081 ± 0.233 2.77 ± 1.074 0.712 

  8 502.00 298.15 1.997 ± 0.022 3.031 ± 0.291 0.986 

  9 624.00 298.15 2.654 ± 0.054 5.105 ± 0.706 0.946 
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  10 723.00 298.15 2.046 ± 0.023 3.768 ± 0.473 0.986 

  11 990.00 298.15 4.427 ± 0.185 1.476 ± 0.341 0.898 

 
(Shim et al., 

2007) 

Commercial 

AC 
  1221.00 298.15 3.801 ± 0.081 13.548 ± 2.185 0.836 

    308.15 3.576 ± 0.079 13.493 ± 2.153 0.866 

    318.15 3.326 ± 0.096 16.331 ± 2.954 0.858 

MiBK 

(Methyl-iso-

butylketone) 

(Kim et al., 

2006) 
Coconut AC – 293.15 3.810 ± 0.252 5491.742 ± 1628.153 0.869 

  
Bituminous 

AC 
– 293.15 2.399 ± 0.053 20306.720 ± 4361.015 0.763 

 

As can be seen in Table 6, multiple activated carbon materials of different origins have been 

used for VOC adsorption. The surface areas of the materials demonstrate a vast variation, 

between 502– 1720 m2 g-1, as a product of the different synthesis protocols available in the 

literature. Further details on the physicochemical properties/microstructures can be found on 

the source papers, however it is important to note that there is profound lack of harmonisation 

among them regarding the physicochemical properties reported.  

A case indicative of the wide range of activated carbons is made by Tsai et al., (2008) which 

provide a comprehensive set of tests for four activated carbon materials; one commercial, one 

sludge-derived, one of PAN-derived fiber and one of Pitch derived fiber. It was determined 

that the surface of the commercial and sludge derived act. carbon tended to be acidic, while the 

act. carbon fiber materials tended to be neutral or basic. Moreover, important differences were 

noted regarding the surface oxygenated functional groups. The act. carbon fibers were 

dominated by carbonyl groups, while the commercial act. carbon had both carbonyl and lactone 

groups. Interestingly, the sludge derived carbon, of microorganism origin, was more complex, 

exhibiting carboxyl, phenolic and lactone surface functional groups. Based on their findings, 

the fibers were deemed less polar compared to the other two act. carbons. 

Figure 10 (a) presents our estimated values of Langmuir Isotherm parameters for acetone. 

Published experimental data from acetone breakthrough experiments have been compiled from 

seven different papers pertaining to different types of activated carbon. The R2 value of the fit 

ranges from 0.841-0.999, which indicates that the Langmuir Isotherm is a good fit for most 

cases. Values for the Langmuir affinity coefficient do not follow a pattern for the same material 

but do range within two orders of magnitude among the seven papers (Ruthven, 1984).  
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Figure 10 (b) shows our Langmuir Isotherm parameter estimations for DCM. Published 

experimental data from DCM breakthrough experiments have been compiled from five 

different papers pertaining to different types of activated carbon as adsorbent material. The R2 

of our fit ranges from 0.865-0.999, indicating that the Langmuir Isotherm is a good fit for most 

cases. Values for the Langmuir affinity coefficient do not follow a pattern for the same material 

but do range within one order of magnitude among these five papers. The maximum adsorbed 

amount decreases with increasing temperatures for each material, as expected from theory, 

while the variability of values for the Langmuir affinity coefficient can be attributed to the 

different properties of the adsorbent material which affects adsorbent-adsorbate interactions.  

 

 

(a) 
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(a) 

 

 

(b) 

Figure 11. Langmuir Parameter Estimation for (a) Chloroform and (b) Toluene. 

Maximum adsorption capacity for n-hexane, in agreement with previous results, does not 

follow a linear relationship with increasing surface area of the material, thus demonstrating the 

need for careful selection of the adsorbent in order to achieve optimal adsorption. Increasing 

adsorption temperature, on the other hand, results in a lower maximum adsorption capacity, 

consistent with thermodynamics. Langmuir adsorption affinity coefficient receives a wider 

range of values. For n-hexane, the values are within two orders of magnitude, while for MiBK 

only within one order of magnitude. Values comparison for the two VOCs highlights the broad 
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range of values due to the different physicochemical interactions of the adsorbent-adsorbate 

systems and the need for more experimental data, particularly for MiBK. The complete 

parameter estimation results can be found in Table 6. R-squared values range between 0.712 

and 0.986, while standard errors are relatively low for n-hexane and more significant for MiBK. 

 
 

Figure 12. Langmuir parameter estimation results for n-Hexane (blue/green), MiBK (red/pink). 

Surface areas of the examined activated carbons can also be found in Table 6 and range between 

502 – 1221 m2∙g-1 for n-hexane, while the value for MiBK was not reported in the source paper. 

3.3 Chapter Conclusions 

The present chapter first reviews several literature studies in order to establish a database of 

pharma-relevant solvents (acetone, chloroform, dichloromethane, toluene, hexane, methyl 

isobutyl ketone) Langmuir Isotherm parameters for adsorption on activated carbon materials 

through parameter estimation. In several studies, Langmuir Isotherm parameter values required 

for simulations may have not been accurately estimated and/or explicitly reported, obstructing 

the validation of extremely useful experiments. Our parameter estimation results are very 

promising in the majority of cases and emphasise the enormous variation in certain parameter 

values (e.g. maximum adsorption capacity of materials, Langmuir affinity coefficient), which 

can be as high as 2-4 orders of magnitude, respectively. This considerable (and alarming, for 

modelling purposes) uncertainty reflects the extremely wide range of activated carbon (AC) 

material types, microstructures, processing protocols and physicochemical characteristics 

(many of which may similarly have not been quantified or comprehensively reported, as 

beyond the purpose). 
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Chapter 4  

Adsorption Dynamic Model Development 

This chapter describes the development of an adsorption dynamic model and its main 

assumptions. The model is multicomponent, non-isothermal and considers the Linear Driving 

Force model for solid phase mass transfer as well as Ergun’s equation for pressure drop and 

the extended Langmuir Isotherm for equilibrium.  

This model has been used for simulations in this thesis and all published work; details can be 

found in Appendix B. 

Adsorption Dynamic Model Description 

The validated, fixed bed, multicomponent, nonisothermal adsorption model considering mass 

and energy balances in the axial dimension (z) is employed to describe binary VOC mixtures 

adsorption under industrially relevant conditions in this PhD thesis. The mass transfer between 

the gas phase and the solid particles as well as heat transfer from inside the column to the 

environment are described using lumped equations. The mathematical model used in this PhD 

thesis relies on the following assumptions:  

1. Radial concentration and temperature gradients are negligible (Suzuki, 1990). 

2. The gas phase and adsorbent particles are in thermal equilibrium (Suzuki, 1990). 

3. Wall temperature is constant and equal to the ambient temperature (Suzuki, 1990). 

4. The ideal gas law applies and carrier gas adsorption is negligible (Suzuki, 1990). 

5. Initially (t = 0 s) the column only contains carrier gas (Ruthven, 1984). 

6. Equilibrium obeys the Extended Langmuir model for mixtures (Tefera et al., 2013). 

7. Equations (3)-(11) and (13) are taken from (Tefera et al., 2013). 

Considering all the assumptions, the overall and component mass balances are given as follows 

(i: component): 

𝜕𝐶𝑡

𝜕𝑡
= −

𝜕(𝑢𝐶𝑡)

𝜕𝑧
−

(1 − 𝜀𝑏)

𝜀𝑏
𝜌𝑝 ∑

𝜕𝑞𝑖

𝜕𝑡
 (1) 

𝜕𝐶𝑖

𝜕𝑡
= 𝐷𝑧,𝑖

𝜕2𝐶𝑖

𝜕𝑧2
−

𝜕(𝑢𝐶𝑖)

𝜕𝑧
−

(1 − 𝜀𝑏)

𝜀𝑏
𝜌𝑝

𝜕𝑞𝑖

𝜕𝑡
 (2) 

where Ct is the total gas phase VOC concentration, Ci is the component i gas phase VOC 

concentration, Dz,i is the axial dispersion coefficient of component i, u is the interstitial velocity, 
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εb is the bulk bed porosity, ρp is the particle density and q the adsorbed phase VOC 

concentration. 

The axial dispersion coefficient of component i is calculated by (Tefera et al., 2013): 

𝐷𝑧,𝑖 = (𝛼0 +
𝑆𝑐𝑖𝑅𝑒𝑝

2
)

𝐷𝐴𝐵,𝑖

𝜀𝑏
 

 (3) 

 

where Sci is the Schmidt number of i, Rep the Reynolds number (adsorbent particle), DAB,i the 

molecular diffusivity and α0 the empirical mass diffusion correction factor. 

The molecular diffusivity of component i is estimated by: 

𝐷𝐴𝐵,𝑖 = 10−3𝑇1.75
√(

𝑀𝑟𝐴 + 𝑀𝑟𝐵

𝑀𝑟𝐴𝑀𝑟𝐵
)

𝑃((∑ 𝑣)𝐴
0.33 + (∑ 𝑣)𝐵

0.33)2
 

(4) 

where Σν is the sum of the atomic diffusion volumes (A: VOC, B: carrier), T is temperature, P 

is pressure and Mr is the molecular weight.  

Solid phase adsorption is modelled by the established Linear Driving Force (LDF) model which 

is characterized as “simple, analytic, and physically consistent” by (Sircar & Hufton, 2000), 

considering a lumped overall mass transfer coefficient (Tefera et al., 2014; Tefera et al., 2013): 

𝜕𝑞𝑖

𝜕𝑡
= 𝑘𝐿𝐷𝐹(𝑞𝑒,𝑖 − 𝑞𝑖) 

 
(5) 

where kLDF,i is the LDF mass transfer coefficient and qe,i is the inlet P and T adsorbent 

equilibrium capacity from the extended Langmuir Isotherm. The adsorbed phase VOC 

concentration (qi) changes as the mass transfer zone progresses through the bed. Starting from 

a clean bed, it will be zero, and as the mass transfer zone progresses each part of the column 

reaches the equilibrium capacity. 

The LDF mass transfer coefficient is estimated by: 

𝑘𝐿𝐷𝐹 =
60𝜀𝑝𝐶0,𝑖𝐷𝑒𝑓𝑓,𝑖

𝜏𝑝𝐶𝑠0,𝑖𝑑𝑝
2

 (6) 

where εp is the particle porosity, C0,i is the inlet concentration of i, Deff,i is the effective 

diffusivity of i, τp is particle tortuosity, Cs0,i is the adsorbed phase concentration at equilibrium 

with C0,i and dp the particle diameter. For the purposes of this PhD Thesis particles are assumed 

to have the same diameters, values of which are taken from published studies used for 

validation purposes in the next chapters. 



38 

 

The particle density is given by: 

𝜌𝑝 =
𝜌𝑏

1 − 𝜀𝑏
 (7) 

where ρb is the bed density and εb the bed porosity. 

The bed porosity is calculated by: 

𝜀𝑏 = 0.379 +
0.078

(
𝐷
𝑑𝑝

) − 1.8
 

(8) 

where D is the column internal diameter and dp is the particle diameter. This equation is used 

only when the paper used for validation does not disclose the εb of the experimental setup. 

When validation is not the chapter’s topic, a standard value of εb = 0.38 is calculated, consistent 

with literature standards for adsorption (Ruthven, 1984).  

The particle porosity is calculated by: 

𝜀𝑝 = 𝑉𝑝𝑜𝑟𝑒𝜌𝑝 (9) 

where Vpore is the adsorbent pore volume. 

The particle tortuosity is given by: 

𝜏𝑝 =
1

𝜀𝑝
2
 (10) 

where εp is the particle porosity. 

The adsorbed phase concentration at equilibrium with C0,i is given by: 

𝐶𝑠0,𝑖 = 𝜌𝑏𝑞𝑒,𝑖 (11) 

where ρb is the bed porosity. 

The Knudsen diffusivity is estimated by (Ruthven, 1984): 

𝐷𝑘,𝑖 = 97𝑟𝑝√
𝑇

𝑀𝑟𝐴
 (12) 

where Dk,i is the Knudsen diffusivity, rp is the average pore radius, while T and MrA are the 

temperature and VOC molecular weight. 

The effective diffusivity is given by: 
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1

𝐷𝑒𝑓𝑓,𝑖
=

1

𝐷𝐴𝐵,𝑖
+

1

𝐷𝑘,𝑖
 (13) 

The Bosanquet formula of Equation (13), thus Equation (6), is verified (Krishna & van Baten, 

2012) for the estimation of the effective diffusivity (Deff,i). 

Adsorption equilibrium is assumed to obey the Extended Langmuir Model, described as 

follows:  

𝑞𝑒,𝑖 =
𝑞𝑚,𝑖𝑏𝑖𝐶𝑖

1 + ∑ 𝑏𝑖𝐶𝑖
 (14) 

𝑏𝑖 = 𝑏𝑜,𝑖𝑒𝑥𝑝 (
−Δ𝐻𝑎𝑑,𝑖

𝑅𝑇
) (15) 

where qe,i  is the equilibrium adsorption capacity of i,  qm,i is the maximum adsorption capacity 

of i, bi the Langmuir affinity coefficient, bo,i is the pre-exponential Langmuir affinity 

coefficient constant and ΔHad,i is the heat of adsorption. 

The energy balance for the fluid and solid phases as well as the parameter main equations based 

on (Ruthven, 1984), (Suzuki, 1990) and (Knox et al., 2016) are as follows: 

(𝜌𝑔𝐶𝑝𝑔 +
(1 − 𝜀𝑏)

𝜀𝑏
𝜌𝑝𝐶𝑝𝑝)

𝜕𝑇

𝜕𝑡
 = 𝑘𝑒𝑧

𝜕2𝑇

𝜕𝑧2
− 𝜌𝑔𝐶𝑝𝑔

𝜕(𝑢𝑇)

𝜕𝑧

+
(1 − 𝜀𝑏)

𝜀𝑏
∑ ∆𝐻𝑎𝑑,𝑖

𝜕𝑞𝑖

𝜕𝑡

𝑛

𝑖=1
−

2ℎ𝑜

𝜀𝑏𝑅𝑝
(𝑇 − 𝑇𝑤) 

(16) 

where Tw is the wall temperature, ρg is the gas density, Cpg is the specific heat capacity of the 

gas, Cpp is the specific heat capacity of the particle, kez is the effective axial thermal 

conductivity, Rp is the particle radius, T is the temperature and ho is the overall heat transfer 

coefficient.  

The effective thermal conductivity is calculated by (Knox et al., 2016): 

𝑘𝑒𝑓𝑓 = 𝑘𝑔(
𝑘𝑝

𝑘𝑔
)𝑛 (17) 

𝑛 = 0.28 − 0.757 log10 𝜀𝑏 − 0.057 log10 (
𝑘𝑝

𝑘𝑔
) (18) 

where keff is the effective thermal conductivity, kg is the gas thermal conductivity, kp is the 

particle thermal conductivity and n is the Krupickza equation parameter. 

The effective axial thermal conductivity is calculated by (Knox et al., 2016): 
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𝑘𝑒𝑧 = 𝑘𝑔(
𝑘𝑒𝑓𝑓

𝑘𝑔
+ 0.75𝑃𝑟𝑅𝑒) (19) 

The overall heat transfer coefficient is given by (Ruthven, 1984): 

1

ℎ𝑜𝑑
=

1

𝑑ℎ𝑖𝑛𝑡
+

𝑥

𝑘𝑤𝑑𝑙𝑚 
 (20) 

where hint is the internal heat transfer coefficient, kw is the wall thermal conductivity, x is the 

wall thickness and dlm is the mean logarithmic column diameter.  

The internal heat transfer coefficient is given by (Ruthven, 1984): 

ℎ𝑖𝑛𝑡 =
𝑘𝑔

2𝑅
[2.03𝑅𝑒0.8 exp (−6

𝑅𝑝

𝑅
)] (21) 

where R is the internal column radius.  

The pressure drop along the column is calculated using Ergun’s equation (Ruthven, 1984), 

(Suzuki, 1990): 

−
𝜕𝑃

𝜕𝑧
= 150𝑢𝜇

(1 − 𝜀𝑏)2

𝜀𝑏
2𝑑𝑝

2
+ 1.75𝜌𝑔𝑢2

(1 − 𝜀𝑏)

𝜀𝑏𝑑𝑝
 (22) 

where μ is gas viscosity and P is pressure.  

The system boundary conditions at the column inlet (z = 0) can be written as follows: 

𝐷𝑧,𝑖

𝜕𝐶𝑖(𝑧 = 0, 𝑡)

𝜕𝑧
= −𝑢(𝐶𝑜,𝑖 − 𝐶𝑖) 

 
(23) 

𝑘𝑧,𝑖

𝜕𝑇(𝑧 = 0, 𝑡)

𝜕𝑧
= −𝑢𝐶𝑝𝑔𝜌𝑔(𝑇𝑖𝑛 − 𝑇) 

 
(24) 

𝑢(0) =
𝑉𝑠

𝜀𝑏
 

 
(25) 

where Vs is the superficial velocity. 

The boundary conditions at the column outlet (z = L) are: 

𝜕𝐶𝑖(𝑧 = 𝐿, 𝑡)

𝜕𝑧
= 0 (26) 

𝜕𝑇(𝑧 = 𝐿, 𝑡)

𝜕𝑧
= 0 (27) 

𝜕𝑢(𝐿)

𝜕𝑧
= 0 (28) 
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The initial conditions at t = 0 for 0 ≤ z ≤ L: 

𝐶𝑖(𝑧, 𝑡 = 0) = 0  (29) 

𝑞𝑖(𝑧, 𝑡 = 0) = 0 (30) 

𝑇 = (𝑧, 𝑡 = 0) =  𝑇𝑖𝑛 (31) 

Moment analysis (Ruthven, 1984), and more specifically the analysis of the first moment, 

allows the prediction of the mean residence time of adsorbates in a given adsorption column 

based on the flowrate, thermodynamics of the system and flowrate, thus completely not 

dependent on kinetics: 

𝜇𝑅𝑇,𝑖 =
𝐿

𝑢
[1 +

(1 − 𝜀)

𝜀
𝐻𝑖] (32) 

where μRT,i  is the mean residence time of component i, L is the column length, and Hi the 

dimensionless Henry’s constant of component i. 

In this PhD thesis, the dimensionless Henry’s constant is calculated by: 

𝐻𝑖 = 𝜌𝑝𝑞𝑚,𝑖𝑏𝑖 (33) 

With a formula similar to the mean residence time, the time required for a travelling shock to 

reach the column outlet can also be predicted (Ruthven, 1984 and Kotchine, 1926): 

𝑡𝑠ℎ𝑜𝑐𝑘,𝑖 =
𝐿

𝑢
(1 +

(1 − 𝜀)

𝜀

𝑞𝜌𝑒,𝑖

𝐶𝑖
) (34) 

𝑞𝜌𝑒,𝑖 = 𝜌𝑝

𝑞𝑚,𝑖𝑏𝑖𝐶𝑖

1 + 𝑏𝑖𝐶𝑖
 (35) 

where tshock,i is the shock breakthrough time of component i and qρe,i is the equilibrium 

concentration of component i in mol m-3. 

The relative errors between the mean residence time (Eq.32) and the t95%/t105% are computed as 

follows: 

%𝑅𝐸 =  
100(𝑡95% − 𝜇𝑅𝑇,𝑖)

𝑡95%
 (36) 

The relative errors between the shock breakthrough time (Eq.34) and the t95%/t105% are 

computed as follows: 

%𝑅𝐸 =  
100(𝑡95% − 𝑡𝑠ℎ𝑜𝑐𝑘,𝑖)

𝑡95%
 (37) 
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PART IV  

BINARY MIXTURE SIMULATIONS 
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DCM-

ACT 

40000 0.0008 
298 0.100 

2000 
0.170 

4.51 
0.39 

1.39∙10–4 7.41∙10–7 
14b 

51100 0.0008 500 7.06 3.05∙10–5 1.96∙10–8 

DCM-

ACT 

40000 0.0008 
293 0.100 

2000 
0.170 

4.51 
0.39 

1.14∙10–4 7.41∙10–7 
14b 

51100 0.0008 500 7.06 3.48∙10–5 1.96∙10–8 

DCM-

ACT 

40000 0.0008 
288 0.100 

2000 
0.170 

4.51 
0.39 

1.04∙10–4 7.41∙10–7 
14b 

51100 0.0008 500 7.06 2.94∙10–5 1.96∙10–8 

 

The simulation results in this PhD Thesis are presented with breakthrough curve plots. 

Breakthrough curves show the gas concentration at the column outlet vs time, and Figure 13 

shows the derivation of the main metrics used in the analysis of this PhD Thesis. Breakthrough 

onset time (t5%) is estimated as the time needed for the outlet concentration to reach 5% of the 

final concentration. Breakthrough completion time is regarded as the time needed for the outlet 

concentration to reach 95% of the final concentration for the strongly adsorbing component 

(t95%), and 105% of the final concentration for the weakly adsorbing component (t105%). Finally, 

breakthrough duration (tdrt) is the difference between breakthrough completion and onset times. 

 

Figure 13. Breakthrough curve analysis metrics in this PhD Thesis. 
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TOL-ACT 

 

0.0014

 

51,100 300 0.065 250 0.914 7.06 0.38 1.01∙10–4 1.96∙10–8 19c 

 

5.2 Dynamic Simulation (gPROMS®) Results 

The developed model has been first validated against the published experimental data of 

Talmoudi et al., (2018) for the adsorption of binary DCM-acetone using N2 as the carrier gas 

(Table 8, CS0) and then used to simulate the adsorption of binary mixtures of pharmaceutically 

relevant VOCs (acetone, dichloromethane, chloroform and toluene) on an activated carbon 

fixed-bed column using air as the carrier gas (Table 10, CS1-CS15). The binary mixtures of 

dichloromethane with chloroform, dichloromethane with toluene and dichloromethane with 

acetone are simulated in adsorption scenarios of two different temperatures and two different 

bed porosities each (CS1-CS3, CS7-CS15). Breakthrough curves, showing the component 

concentration at column outlet, of the examined binary mixture systems are presented in Figure 

15-16, while key breakthrough time metrics have been summarised in Table 11-14. In all cases 

presented here the bed area remains constant at 0.000181 m2 while the particle diameter 

remains constant at 0.00075 m based on published activated carbon particle diameter values 

from (Tefera et al., 2013). 

The model is successfully validated (Figure 14a) against published experimental breakthrough 

data (dots in Fig.14) which dictated model inputs (Talmoudi et al. 2018), using the Chapter 3 

estimated Langmuir Isotherm parameters. The DCM breakthrough curve has been captured 

with higher accuracy compared to the one published by Talmoudi et al. (2018) plot for their 

experimental data, while a slight mismatch is observed after breakthrough for acetone at the 

curve slope. The discrepancy (present in both efforts) can be attributed to one-dimensional 

model limitations.  

The same dichloromethane-acetone mixture as the base case (CS0) is employed for a 

temperature sensitivity analysis in Figure 14 (b), as the temperature is one of the key parameters 

affecting adsorption behaviour. Three different temperatures have been investigated and in all 

cases, DCM exits the column outlet at a higher concentration compared to its inlet. Results 

indicate that with rising temperature, the maximum concentration of DCM recorded at the 

column outlet, declines. Moreover, as expected by adsorption theory, with rising temperature 

the breakthrough onset time for both VOCs becomes shorter, due to adsorption exothermicity. 
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breakthrough onset being 1.36% later compared to 0.38, and acetone’s 3.16% compared to 0.38 

(Figure 15a). Breakthrough duration for DCM is 9.54% larger and for acetone 2.07% larger at 

293 K and εb = 0.35 compared to 0.38. At 300 K and εb = 0.35, the trend persists, with DCM’s 

breakthrough duration 15.49% longer and acetone’s 3.11% longer compared to 0.38.  

The mixture of dichloromethane with chloroform (TCM) was also employed for case studies 

at two different temperatures and two different bed porosities which can be seen in Figure 15 

(c)-(d). In all scenarios considered, the order of affinity persists with DCM being weakly 

adsorbed. For the same εb (Figure 15c) breakthrough onset at 293 K is 71.20% later for DCM 

and 2.16% earlier for TCM compared to 300 K.  In Figure 15 (d), the breakthrough onset time 

of DCM is 35.96% later at 293 K than at 300 K, and 13.67% later for TCM. In Figure 15 (c), 

the breakthrough duration of DCM is 1.09% longer at 293 K than at 300 K, whereas TCM’s at 

293 K is 75.87% longer than at 300 K. In Figure 15 (d), DCM breakthrough duration is 13.72% 

longer at 293 K compared to 300 K, while TCM’s is 11.98% longer at 293 K compared to 300 

K. 

The breakthrough behaviour of the binary mixture of DCM-TCM is also clearly affected by 

bulk bed porosity (Figure 15c vs. d). At 293 K and εb = 0.35 (Figure 15d), DCM and TCM 

reach breakthrough at t = 1240 s and t = 5537 s respectively, values which are 23.60% sooner 

and 13.00% later compared to the VOCs breakthrough onset times at bed porosity 0.38 (Figure 

15c) and 293 K. At 300 K and εb = 0.35 (Figure 15b), DCM’s breakthrough onset is 3.80% 

earlier and TCM’s 2.74% earlier compared to εb = 0.38 at the same temperature (Figure 15c). 

Breakthrough duration at 293 K and εb = 0.35 is for DCM 17.40% longer and for TCM 24.70% 

shorter compared to 0.38. At 300 K and εb = 0.35, DCM’s breakthrough duration is 5.31% 

longer and TCM’s 18.26% longer compared to 0.38.  

The mixture of dichloromethane with toluene has been similarly used in case studies for two 

different temperatures and two different bed porosities (Figure 15 e-f). In all scenarios 

considered the order of affinity remains with DCM exiting the column in concentrations higher 

than its inlet’s. In Figure 15 (e), where εb = 0.38, breakthrough onset at 293 K is 36.13% later 

for DCM and 29.02% later for toluene compared to 300 K. Moreover, breakthrough duration 

of DCM is 19.97% longer at 293 K than at 300 K, whereas toluene’s breakthrough duration at 

293 K is 37.84% longer than at 300 K. In Figure 15 (f), where εb = 0.35, the breakthrough onset 

time of DCM is 46.89% later at 293 K than at 300 K, and 36.70% later for acetone.  
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 15. Breakthrough comparison at T = 300, 293 K and εb = 0.38, 0.35 (bed outlet).   
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plateaus. These effects however would be magnified under industrial conditions and thus 

require careful flow adjustments to ensure process safety and operational expenditure 

minimisation. 

The adsorption of the binary mixtures of chloroform with acetone (Figure 19a), chloroform 

with toluene (Figure 19b) and toluene with acetone (Figure 19c) has also been investigated at 

300 K and εb = 0.38. Amongst the three mixtures breakthrough characteristics, solvent-to-

carbon affinity is correlated with molecular weight, with increasing molecular weight leading 

to higher affinity for the activated carbon. Therefore, chloroform (TCM) is the most strongly 

adsorbed mixture component, followed by toluene and then acetone. Chloroform (TCM), a 

solvent whose emissions are tightly regulated by the Scottish Environmental Protection 

Agency (SEPA), exits the column earlier when in a mixture with toluene, compared with one 

with acetone.  

Harnessing simulation results to aid in production scheduling optimisation is essential to 

sustainable manufacturing (Akbar & Irohara, 2018, Giret et al., 2015). Understanding VOC 

breakthrough patterns paves the way to emissions reduction and designing production 

scheduling paradigms not only in a way that satisfies demand, but also respecting the 

environment by minimising impact. The combination of solvents in a mixture, their quantities 

and the operational parameters could be the key to sustainably improving existing 

underperforming processes. This in turn translates into less waste-intensive end-of-pipe 

solutions for emissions control and unit operations that meet environmental and societal 

demands.  
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(a) 

 
(b) 

 
(c) 

Figure 19. Binary mixture breakthrough characteristics at T = 300 K and εb = 0.38 (bed outlet). 
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5.3 Chapter Conclusions 

Dynamic simulations of VOC adsorption for three industrially critical binary systems (namely 

mixtures of dichloromethane with acetone, toluene and chloroform) revealed that the VOC 

breakthrough order off the industrial activated carbon bed is: dichloromethane (DCM), then 

acetone, toluene and chloroform, i.e. trichloromethane (TCM). Our gPROMS® dynamic model 

is validated against experimental data by (Talmoudi et al., 2018). 

Furthermore, the temperature sensitivity analysis via dynamic simulation revealed that higher 

operating temperatures lead to shorter breakthrough times, while the effect of bed porosity on 

binary mixture behaviour is more complex, and system-specific. Theoretical prediction 

formulas from the literature (mean residence and shock breakthrough times, Eqs. 32 and 34) 

have been compared to our gPROMS® dynamic simulation results, showing that the former 

(albeit originally derived for single-component, isothermal conditions) can provide quick, 

useful estimates to inform industrial operation, before committing resources in pursuit of the 

latter. Discrepancies of max. 30% are observed for all but one (DCM) components in most 

cases, implying the said Eqs. are extremely useful before undertaking detailed dynamic 

simulations. Dichloromethane (DCM), however, yields higher discrepancies (80%) in the said 

comparison, indicating that order-of-magnitude estimates are still possible, but dynamic 

simulation is very much justified for VOC capture intensification, especially as it is the first 

gas to break through.  

Axial dispersion is accounted for in our model in Eqs. (2-3). Fixed bed adsorbers suffer from 

their tendency to develop axial dispersion, a phenomenon which reduces process efficiency 

(Ruthven, 1984) as it prevents adsorbates from diffusing into the adsorbent material due to 

axial mixing and therefore could have an influence on breakthrough completion time. Kinetic 

effects have been ignored in accordance with literature, but must be revisited in subsequent 

studies. Moreover, pressure drop is modelled via Ergun’s Equation, considered preferable 

compared to other methods due to its direct dependence on bed voidage (Ruthven, 1984). 

Pressure directly affects the adsorption of contaminants on activated carbon and can increase 

the time needed for adsorbent saturation (thus breakthrough completion), especially in larger 

beds. Numerical dispersion is another potential cause of discrepancies: when numerical 

discretization is applied to analyse physical processes, even if many of them are modelled by 

nondispersive PDEs, typically a small dispersion emerges in results (Griffiths, 2016).  
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(a) (b) 

  
(c) (d) 

 
 

(e) (f) 

  
(g) (h) 

Figure 20. Model validation (a) and operation profiles (b)-(d) vs case studies (e)-(h).  
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lower flowrate is directly associated with a 56% pressure drop reduction presented in Figure 

20 (f), i.e. roughly half the pressure drop observed in Figure 20 (b) for CS0. 

The effect of mixture composition is explored next where decane concentration is 3 times larger 

than that heptane (CS2). While displacement of heptane persists, Figure 20 (g) reveals a later 

breakthrough onset of heptane as well as an earlier breakthrough onset of decane, combined 

with a clearly shorter duration for both VOCs compared to the base case (CS0). Finally, Figure 

20 (h) presents the effect of a 23% larger bed length (CS3). Decane displaces heptane, but 

breakthrough onset occurs later and slower due to the increased bed size. 

6.3 Chapter Conclusions 

In this chapter, a comparison between adiabatic vs non adiabatic heat transfer conditions takes 

place. To simulate adiabatic conditions, the energy balance (Equation 16) of the model 

presented in Chapter 4 loses the final term which corresponds to heat losses to the environment. 

Differences between isothermal and adiabatic BC are critical considering the exothermic nature 

of the process. The simulations revealed roll–up of heptane under varying flowrate, 

composition and bed length, with decane demonstrating preferential adsorption in all cases 

considered, possibly due to its larger molecular weight.. A decrease in the flowrate resulted in 

a later onset and larger duration of breakthrough and reduction of pressure drop compared to 

the base case, while the mixture composition caused an almost simultaneous onset & faster 

duration of breakthrough compared to the base case. In view of industrial applications, a larger 

bed length investigation resulted in a later onset and longer duration of breakthrough. Reliable 

modelling of multicomponent, nonisothermal VOC adsorption paves the way for 

technoeconomic optimisation efforts. 
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100 

ACT-TOL 
40 

0.016 293.15 0.52 0.002 706.7 1,013 0.66 31.58 31.65 14.2 0.001 21-23 
160 

ACT-TOL 
40 

0.016 293.15 0.54 0.002 706.7 1,013 0.66 31.58 31.65 14.2 0.001 21-23 
160 

ACT-TOL 
40 

0.016 293.15 0.56 0.002 706.7 1,013 0.66 31.58 31.65 14.2 0.001 21-23 
160 

ACT-TOL 
40 

0.016 293.15 0.59 0.002 706.7 1,013 0.66 31.58 31.65 14.2 0.001 21-23 
160 

 

Table 23 introduces the thermal and column structural properties for the benzene-toluene mixture cases. Values for Cpp and kw are taken from 

(Tefera et al., 2013) for coconut based activated carbon. The average particle size value is based on the statement at (Lee et al., 2008) that the 

particle size is 8-12 mesh. 
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100 

BEN-TOL 
100 

0.016 293.15 0.59 0.002 706.7 1,013 0.66 31.56 31.63 14.2 0.001 21-23 
100 

BEN-TOL 
40 

0.016 293.15 0.52 0.002 706.7 1,013 0.66 31.60 31.66 14.2 0.001 21-23 
160 

BEN-TOL 
40 

0.016 293.15 0.54 0.002 706.7 1,013 0.66 31.60 31.66 14.2 0.001 21-23 
160 

BEN-TOL 
40 

0.016 293.15 0.56 0.002 706.7 1,013 0.66 31.60 31.66 14.2 0.001 21-23 
160 

BEN-TOL 
40 

0.016 293.15 0.59 0.002 706.7 1,013 0.66 31.60 31.66 14.2 0.001 21-23 
160 

 

The average particle size value is based on the statement at (Lee et al., 2008) that the particle size is 8-12 mesh.
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(a) (b) 

  
(c) (d) 

  

(e) (f) 

Figure 21. Breakthrough curves of (a-b: 160-40 ppm), (c-d: 100-100 ppm), (e-f: 40-160 ppm). 
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Specifically, breakthrough onset time (t5%) is estimated as the time needed for the outlet 

concentration to reach 5% of the final concentration. Breakthrough completion time is here 

regarded as the time needed for the outlet concentration to reach 95% of the final concentration 

for the strongly adsorbing component (t95%), and 105% of the final concentration for the weakly 

adsorbing component (t105%). Finally, breakthrough duration (tdrt) is the difference between 

breakthrough completion and onset times. 

Figure 21 (a) presents the mixture of acetone-toluene at inlet concentration of 160-40 ppm 

respectively. Our model accurately captures the breakthrough onset and final concentrations 

for both components. For acetone, the slope of the breakthrough curve is successfully captured, 

whereas a slight mismatch is observed for toluene’s after breakthrough onset. The predicted 

maximum overshoot concentration observed at the column outlet for acetone is slightly 

underpredicted by the model compared to experimental data. Specifically, the difference 

between the experimental maximum outlet concentration for acetone and the simulation results 

is below 9.5% for all four potential porosities and corresponding bed lengths. For increasing 

bed porosity and thus column lengths, the breakthrough onset comes later for both components. 

For εb = 0.38, breakthrough onset time for acetone comes at t5% = 2042 s, while for toluene at 

t5% = 20413 s. Breakthrough completion for acetone takes place at t105% = 9515 s and for 

toluene, at t95% = 55739 s. 

The results for the mixture of acetone-toluene in 100 ppm of inlet concentration each can be 

found Figure 21 (c). Good agreement is observed for both acetone and toluene, while a steeper 

slope for the sigmoidal concentration curve of toluene is predicted compared to experimental 

data. The maximum acetone concentration predicted at column exit is within a remarkable 6% 

of relative error compared to experimental results for all four porosities and corresponding bed 

lengths. With increasing bed porosity, a longer column length is calculated (L = 0.019-0.021 

m), and thus the breakthrough onset metrics for both components increase, with increasing bed 

porosity.  Comparing the εb = 0.38 case of 100-100 ppm and 160-40 ppm, it is noted that the 

breakthrough onset time for acetone increases for the 100 ppm inlet concentration by ≈ 5 %, 

while for toluene it deceases by ≈ 20%. Breakthrough completion times for the same set of 

comparisons, decreased by 29 % for acetone and 47 % for toluene. Thus, the overall duration 

for acetone decreased by 39 % and for toluene by 63 % for the εb = 0.38 case at 100-100 ppm 

compared to 160-40 ppm. 
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BEN 

0.38 

40 6056 10272 4216 

293.4863 54.86 

f 

TOL 160 12126 20077 7951 

BEN 

0.40 

40 6149 10315 4166 

293.4869 44.71 

TOL 160 12280 19859 7578 

BEN 

0.42 

40 6700 10929 4229 

293.4880 38.59 

TOL 160 13222 20538 7316 

BEN 

0.45 

40 7295 11564 4270 

293.4888 30.38 

TOL 160 14228 21111 6882 

the 40-160 ppm concentrations. Breakthrough completion between the same cases happens ≈ 

11 % earlier for acetone and ≈ 33 % earlier for toluene at the 40-160 ppm compared to the 100-

100 ppm concentrations. Breakthrough duration hence is shorter by ≈ 17 % for acetone and ≈ 

48 % for toluene at 40-160 ppm compared to 100-100 ppm. 

Figure 21 (b) presents the results for the benzene-toluene mixture at an inlet concentration of 

160-40 ppm respectively. The model predicts in excellent agreement the breakthrough onset 

and curve slope for benzene, even capturing the maximum outlet concentration within ≈ 3 % 

relative error. For toluene, while the breakthrough onset and final concentration is accurately 

predicted, there is a small mismatch with the curve’s slope. Breakthrough onset for benzene 

takes place at t5% = 5658 s for εb = 0.38 with a duration of tdrt = 7211 s. For toluene, 

breakthrough onset starts later, at t5% = 14341 s and lasts longer than acetone, with a duration 

of 32775 s. For increasing bed porosity and thus column lengths, the breakthrough onset comes 

later for both components. 

Figure 21 (d) shows the breakthrough curve results for the binary mixture of benzene-toluene 

at 100-100 ppm inlet concentrations respectively. The model accurately captures benzene 

breakthrough onset and approaches the maximum outlet concentration with a relative error 

below 10 %. Despite a small mismatch, observed for the toluene curve slope and by association 

for the toluene breakthrough onset, the final toluene outlet concentration is accurately captured. 

Comparing the εb = 0.38 case of 100-100 ppm with 160-40 ppm, shows that the breakthrough 

onset of benzene is ≈ 4 % later and toluene’s ≈ 7 % earlier than in 160-40 ppm. Breakthrough 

completion is ≈ 15 % earlier for benzene and ≈ 39 % earlier for toluene at the 100-100 ppm  
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 22. Temperature variation at z = 50%L results from binary mixtures simulations. 
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inlet concentration case compared to the 160-40 ppm binary for εb = 0.38. Finally, breakthrough 

duration for benzene is ≈ 31 % shorter and for toluene ≈ 53 % shorter in the 100-100 ppm inlet 

concentration case, compared to the 160-40 ppm case. 

Figure 21 (f) presents the breakthrough curves for the 40-160 ppm benzene-toluene mixture. 

While the model sufficiently captures the breakthrough onset time and final concentrations of 

benzene and toluene, it overestimates the maximum outlet concentration of benzene by less 

than 30 % relative error. For toluene, the model predicts a steeper curve than the experiment 

suggests, thus affecting the prediction of breakthrough onset and completion times. For εb = 

0.38, breakthrough onset time for benzene is ≈ 3 % later and for toluene ≈ 9 % earlier at the 

40-160 ppm inlet concentrations compared to the 100-100 ppm. Breakthrough completion, for 

the same comparison, comes ≈ 6 % earlier for benzene and ≈ 30 % earlier for toluene. Finally, 

breakthrough duration for benzene is ≈ 16 % shorter and for toluene ≈ 51 % shorter at 40-160 

ppm inlet concentration, compared to the 100-100 ppm inlet concentration for εb = 0.38. 

Figure 22 introduces the temperature variation in the middle of the column for all scenarios 

investigated in this chapter. At a first glance, the temperature profiles of the two binaries follow 

different trends, with acetone-toluene mixtures forming two peaks and the benzene-toluene 

mixtures forming a single peak. Adsorption is an exothermic process; thus, temperature peaks 

are expected and signify adsorption taking place at a specific part of the column. Due to the 

trace VOC concentrations examined in this PhD thesis (up to 200 ppm) the magnitude of the 

temperature rises is below 1 K. Each concentration pair is examined for four potential bed 

porosity fractions and their corresponding bed lengths. For the acetone-toluene mixture, 

increasing bed porosity (and thus bed length) leads to the observation of a decreasing maximum 

temperature, while interestingly, for the benzene-toluene mixtures, the opposite is observed; 

increasing bed porosity leads to an increasing maximum temperature in the middle of the 

column. The higher Tmax of the benzene-toluene mixtures compared to acetone-toluene, are 

attributed to the higher heat of adsorption of benzene compared to acetone (Table 18). 

Figure 23 presents the pressure drop profiles for all binary mixtures considered in this paper. 

Pressure drops follow a linear profile, and, in accordance to the Ergun’s equation is equal for 

corresponding concentrations and bed porosity fractions between the acetone-toluene and 

benzene-toluene mixtures. The overall values are low, as expected from the column length ad 

flow conditions. The largest pressure drop, 54.86 Pa, is observed for the smallest bed porosity 

(εb = 0.38), which then decreases to 30.38 Pa for the largest bed porosity examined (εb = 0.45) 
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(a) (b) 

  
(c) (d) 

  

(e) (f) 

Figure 23. Pressure drop profile results from binary mixtures simulations. 
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regardless of mixture composition and component concentration. 

7.3 Chapter Conclusions 

The present chapter continues to demonstrate the application of a validated (Tzanakopoulou et 

al., 2023), multicomponent, nonisothermal dynamic adsorption model for the simulation of 

published experimental data by (Lee et al., 2008). The mixtures of acetone-toluene and 

benzene-toluene with air as the inert carrier gas are studied under the same three inlet 

concentration pairs of 160-40 ppm, 100-100 ppm and 40-160 ppm at T = 293.15 K. Firstly, an 

estimation of the column length is performed for four different potential bed porosities (εb = 

0.38, 0.40, 0.42 and 0.45) which results in column lengths of L = 0.019 – 0.021 m. Based on 

these calculations, key breakthrough metrics highlight trends observed across all three mixtures 

concerning column exit behaviour. Specifically, acetone and benzene emerge at the column at 

a higher concentration compared to their inlet, across all concentration pairs examined, thus 

confirming them as the weakly adsorbed components.  

The earliest breakthrough onset times occur for acetone when in a mixture with toluene. 

Toluene demonstrates earlier breakthrough onset when in a mixture with benzene, compared 

to the acetone mixtures. As expected, breakthrough onset times decrease for increasing inlet 

concentration for all three components. The discrepancies between experimental data and 

simulation results are possibly due to the incomplete knowledge of the experimental system 

details as well as our model limitations. The discrepancies between experimental breakthrough 

data and simulation results are attributed to the incomplete knowledge of the experimental 

system details as well as our model limitations. 

Moreover, simulation results shed light in temperature variations and pressure drop of 

multicomponent mixtures. Specifically, due to the trace concentrations of the feed streams 

studied in this PhD thesis, temperature rises in the middle of the column, occurring due to 

adsorption exothermicity, are minute, and slightly higher for the benzene-toluene mixtures 

compared to the acetone-toluene owing to the higher heat of adsorption for benzene as opposed 

to acetone. Pressure drop, computed via Ergun’s equation, in the columns examined is minimal, 

ranging from 30.38 to 54.86 Pa among all mixtures. Higher values are reported for the smallest 

bed porosity (0.38) and corresponding bed length (0.019 m) which decline as the bed porosity 

and corresponding calculated bed length increase. These results emphasize the importance of 

reliable dynamic modelling with respect to adsorption column efficiency and unlock the 

potential for process optimisation in the industrial scale. 
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𝑝2 =
𝑏1𝑏2𝐶2

𝑏2 − 𝑏1
 (42) 

𝜆 =
𝜕𝐶1

𝜕𝐶2
 (43) 

𝑝2𝜆2 + (𝑝2 − 𝑝1 − 1)𝜆 − 𝑝1 = 0 (44) 

Equation 44 has two roots, where M is the positive and N is the negative. The transition of a 

system between the bed’s initial and final (feed concentration) state can be described 

qualitatively on a hodograph plot of p1 vs. p2. This plot contains two points corresponding to 

the initial and final state of the bed respectively, as well as, four straight lines passing through 

them which correspond to the characteristic curves of p1 and p2 coherence equation’s (Eq. 44) 

roots for each point, as follows: 

𝑝1 = 𝑝2𝑀 −
𝑀

1 + 𝑀
 (45) 

𝑝1 = 𝑝2𝑁 −
𝑁

1 + 𝑁
 (46) 

Hodograph interpretation relies on 2 rules to predict the system’s dynamic behaviour when 

transitioning from the bed’s initial state to the bed’s final (feed concentration) state (Glueckauf, 

1949 and Basmadjian, 1997): 

1. One departs from the initial composition point on a positive root characteristic line and 

arrives at the final (feed) composition point on a negative root characteristic curve.  

2. Whenever the more strongly adsorbed solute increases in concentration along the column 

we have a diffuse boundary while where the concentration of the more strongly adsorbed 

component decreases along the column we have a shock transition. 

8.2 Hodograph Theory Case Studies from Chapter 5 

The two simple rules of Hodograph Theory enable the prediction of binary mixture dynamic 

adsorption on a qualitative level. To this end, the adsorption of mixtures of dichloromethane 

with chloroform, dichloromethane with toluene and dichloromethane with acetone were 

studied at five different temperatures (T = 293 K–313 K) and two different bed states (clean 

and used) each, as described in Chapter 5. The API manufacturing site has an internal emissions 

limit for combined chloroform and dichloromethane of 18 ppm, so an initial concentration of 

9 ppm per VOC was assumed for the used bed scenarios. 
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component due to the smaller Langmuir Isotherm parameter values. For the clean bed scenario, 

five different temperatures were examined while the concentration remained the same at 250 

ppm per VOC. For each temperature, the initial point is at the bottom left of the plot (0,0) while 

the feed point, corresponding to the final state of the bed, is moving closer to (0,0) with 

increasing temperature. That is due to the definitions of p1, p2 which include the Langmuir 

affinity coefficients.  The Langmuir affinity coefficients are temperature dependent, as can be 

seen in Eq. (15), and more specifically, they decrease as temperature increases. Hence, the feed 

points on the hodograph for a specific system will be receiving smaller values with increasing 

temperature. This system demonstrates the highest p1-p2 values compared to the others.  

The used bed hodographs of the dichloromethane–acetone system are shown in Figure 24(b), 

for five different temperatures and an initial bed concentration of 9 ppm per VOC.  The feed 

concentration remained at 250 ppm per VOC. The gradual decline of the feed point values is 

due to the increased temperature, as in the clean bed cases. According to Rule 1, departure from 

the initial point occurs on a positive characteristic (M) line, therefore, for T = 293 K we depart 

from the initial point on the continuous purple line and, we arrive at the feed point on the dashed 

purple line which corresponds to the negative characteristic. Thus, if C is the point where the 

positive root characteristic (continuous purple line) and the negative root characteristic curve 

(dashed purple line) intersect, the route could be summarized as going to the feed point, from 

the initial point via C. Since the concentration of the strongly adsorbed component is decreasing 

due to an amount of it being adsorbed throughout the column, a shock transition occurs, as set 

out by Rule 2, and thus a sharp rise in the concentration of the weakly adsorbed component 

occurs, leading to its exit in a higher concentration compared to its inlet. The hodograph plots 

of all temperatures are interpreted in a similar manner. It is observed that with rising operating 

temperature, the amount of displaced dichloromethane decreases thus corroborating our results 

shown in Figure 14 (b), where the temperature sensitivity analysis of the same system clearly 

shows a decline in the maximum DCM concentration at the column outlet with rising 

temperature. 
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(a) DCM-ACT mixture, clean bed 

 

 

(b) DCM-ACT mixture, used bed 

Figure 24. Hodograph plots for the DCM-ACT system on a (a) clean and (b) used bed. 
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The clean bed hodographs of the dichloromethane–chloroform system are presented in Figure 

25a. In this system, TCM is the strongly adsorbed component and DCM is the weakly adsorbed 

component due to the larger Langmuir Isotherm parameter values of TCM compared to DCM. 

For the clean-bed scenario, 5 different temperatures were examined while the concentration 

remains the same at 250 ppm per VOC. For each temperature, the initial point is at the bottom 

left of the plot (0,0) while the feed point, corresponding to the final state of the bed, is moving 

closer to (0,0) with increasing temperature. That is due to the definitions of p1, p2 which include 

the Langmuir affinity coefficients. The Langmuir affinity coefficients are temperature 

dependent, as can be seen in Eq. (15), and more specifically, they decrease as temperature 

increases. Hence, the feed points on the hodograph for a specific system will be receiving 

smaller values with increasing temperature. 

The used bed hodographs of the dichloromethane–chloroform system are shown in Figure 25b. 

Here, the same five different temperatures are explored but the beds have an initial 

concentration of 9 ppm per VOC while the feed concentration remains at 250 ppm per VOC. 

The gradual decline of the feed point values is due to the increased temperature, as in the clean 

bed cases. However, here, the predictive capabilities of hodograph theory can be displayed 

since there are now four lines on the p1-p2 plane, corresponding to the two pairs of roots of the 

coherence equation. As Rule 1 states, we depart from the initial point on a positive 

characteristic (M) line, therefore, for T = 293 K, we depart from the initial point on the 

continuous purple line and, we arrive at the feed point on the dashed purple line which 

corresponds to the negative characteristic. Therefore, if C is the point where the positive root 

characteristic (continuous purple line) and the negative root characteristic curve (dashed purple 

line) intersect, the route could be summarized as going to the feed point, from the initial point 

via C. Since the concentration of the strongly adsorbed component is decreasing due to an 

amount of it being adsorbed throughout the column, a shock transition occurs, as set out by 

Rule 2, and thus there is a sharp rise in the concentration of the weakly adsorbed component, 

which exits the column in a higher concentration compared to its inlet. The hodograph plots of 

all temperatures are interpreted in a similar manner. What is interestingly deducted by this 

method, is not only the prediction of the component to be displaced but also the observation 

that with rising operating temperature, the amount of displaced weakly adsorbed component 

decreases. This corroborates our simulations which clearly show that as temperature rises, the 

maximum concentration of the displaced component encountered at the column outlet declines. 
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(a) DCM-TCM mixture, clean bed 

 

 

(b) DCM-TCM mixture, used bed 

Figure 25. Hodograph plots for the DCM-TCM system on a (a) clean and (b) used bed. 
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Figure 26a shows the clean bed hodographs of the dichloromethane–toluene system. In this 

system, toluene is the strongly adsorbed component and DCM is the weakly adsorbed 

component due to the smaller Langmuir Isotherm parameter values. For the clean bed scenario, 

5 different temperatures were examined while the concentration remained the same at 250 ppm 

per VOC. For each temperature, the initial point is at the bottom left of the plot (0,0) while the 

feed point, corresponding to the final state of the bed, is moving closer to (0,0) with increasing 

temperature. That is due to the definitions of p1, p2 which include the Langmuir affinity 

coefficients.  The Langmuir affinity coefficients are temperature dependent, as can be seen in 

Eq. (15), and more specifically, they decrease as temperature increases. Hence, the feed points 

on the hodograph for a specific system will be receiving smaller values with increasing 

temperature. This system has the lowest values on the hodograph for p1 and p2. 

The used bed hodographs of the dichloromethane–toluene system are shown in Figure 26b. 

Here, the same five different temperatures were explored but the beds had an initial 

concentration of 9 ppm per VOC while the feed concentration remained at 250 ppm per VOC. 

The gradual decline of the feed point values is due to the increased temperature, as in the clean 

bed cases. According to Rule 1, departure from the initial point occurs on a positive 

characteristic (M) line, therefore, for T = 293 K we depart from the initial point on the 

continuous purple line and, we arrive at the feed point on the dashed purple line which 

corresponds to the negative characteristic. Thus, if C is the point where the positive root 

characteristic (continuous purple line) and the negative root characteristic curve (dashed purple 

line) intersect, the route could be summarized as going to the feed point, from the initial point 

via C. Since the concentration of the strongly adsorbed component is decreasing due to an 

amount of it being adsorbed throughout the column, a shock transition occurs, as set out by 

Rule 2, and thus a sharp rise in the concentration of the weakly adsorbed component occurs, 

leading to its exit in a higher concentration compared to its inlet. The hodograph plots of all 

temperatures are interpreted in a similar manner. What is interestingly deducted by this method, 

is not only the prediction of the component to be displaced, but also the observation that with 

rising operating temperature, the amount of displaced weakly adsorbed component decreases. 
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(a) DCM-TOL mixture, clean bed 

 

 

(b) DCM-TOL mixture, used bed 

Figure 26. Hodograph plots for the DCM-TOL system on a (a) clean and (b) used bed. 
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construction; thus, each plot is agnostic to bed porosities, lengths, and flow conditions. The 

predictive capabilities of hodograph theory can be displayed by referring to Figure 27 (a). As 

Rule 1 states, one departs from the initial point on a positive characteristic (M) line, therefore, 

we depart from the initial point on the p1 axis and, arrive at the final (feed) point on the dashed 

line which corresponds to the negative characteristic (N) line. Hence, if the triangle point is the 

point where the positive root characteristic (p1 axis) line and the negative root characteristic 

line (dashed line) intersect, the route could be summarized as heading to the final (feed) point, 

from the initial point via the triangle point. Since the concentration of the strongly adsorbed  

 

 

(a) 

 

 

(b) 

Figure 27. Hodograph plots for binary mixtures breakthrough theoretical predictions. 
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40 0.38 0.001997 0.002931 0.002222 11.311 -24.183 -31.887 

40 0.40 0.001997 0.002931 0.002224 11.405 -24.119 -31.887 

40 0.42 0.001997 0.002931 0.002228 11.588 -23.994 -31.887 

40 0.45 0.001997 0.002931 0.002231 11.750 -23.884 -31.887 

BEN 

160 0.38 0.007488 0.007732 0.007484 -0.062 -3.212 -3.152 

160 0.40 0.007488 0.007732 0.007500 0.151 -3.006 -3.152 

160 0.42 0.007488 0.007732 0.007530 0.557 -2.613 -3.152 

160 0.45 0.007488 0.007732 0.007561 0.965 -2.217 -3.152 

100 0.38 0.006023 0.006598 0.005957 -1.103 -9.720 -8.713 

100 0.40 0.006023 0.006598 0.005995 -0.473 -9.145 -8.713 

100 0.42 0.006023 0.006598 0.006072 0.802 -7.981 -8.713 

100 0.45 0.006023 0.006598 0.006151 2.126 -6.772 -8.713 

40 0.38 0.003996 0.002864 0.003349 -16.191 16.949 39.542 

40 0.40 0.003996 0.002864 0.003399 -14.952 18.678 39.542 

40 0.42 0.003996 0.002864 0.003511 -12.128 22.619 39.542 

40 0.45 0.003996 0.002864 0.003641 -8.896 27.128 39.542 

For the binary mixture of acetone-toluene, with acetone at C0 = 160 ppm, the relative errors 

between simulation and hodograph theory prediction are ≈ 2 %, between simulation and 

experiment ≈ 9 %, and between hodograph theory prediction and experiment ≈ –11 %. When 

acetone is fed in the column at C0 = 100 ppm in a mixture with toluene, the relative errors 

between simulation and hodograph theory prediction are ≈ 6 %, between simulation and 

experiment ≈ –6 %, and between hodograph theory prediction and experiment ≈ –11 %. Finally, 

for the lowest acetone inlet concentration of 40 ppm in a mixture with toluene, the relative 

errors between simulation and hodograph theory prediction are ≈ 11 %, between simulation 

and experiment ≈ –24 %, and between hodograph theory prediction and experiment ≈ –32 %.  

For the mixture of benzene-toluene, containing benzene at C0 = 160 ppm, the relative errors 

between simulation and hodograph theory prediction are < 1 %, between simulation and 

experiment ≈ –3 %, and between hodograph theory prediction and experiment also ≈ –3 %. For 

the same mixture, but with components at C0 = 100 ppm, the relative errors for the overshoot 

concentration of benzene between simulation and hodograph theory prediction are < 2 %, 

between simulation and experiment < – 9 %, and between hodograph theory prediction and 
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experiment also ≈ –9 %. Finally, for the benzene-toluene mixture containing benzene at C0 = 

40 ppm, the relative errors for the overshoot concentration of benzene between simulation and 

hodograph theory prediction are < –16 %, between simulation and experiment < 27 %, and 

between hodograph theory prediction and experiment also ≈ 40 %. 

From the conducted comparisons it appears that the developed model can successfully capture 

component exit concentration overshoot in competitive adsorption. Interestingly, the largest 

mismatch among all relative error metrics is encountered for the case of low concentration (40 

ppm) of acetone or benzene. There, the largest discrepancies are encountered between the 

hodograph theory prediction and the experimental data of (Lee et al., 2008), possibly owning 

to the foundations of hodograph theory, which rely on the Langmuir parameters of the pure 

components for the predictions. The simulation results demonstrate a better agreement with 

experimental data even on the 40 ppm inlet concentration cases, compared to hodograph theory 

predictions.  

8.4 Chapter conclusions 

In this chapter, hodograph theory was applied to demonstrate the prediction capabilities of this 

simple, fast, and yet first-principles consistent concept, enabling binary mixture dynamic 

behaviour predictions. Hodograph theory results corroborate Chapter 5 simulations not only 

regarding the order of VOC affinity to the bed, but also in that with rising temperature the 

maximum concentration of the weak component at the column outlet decreases.  

Moreover, hodograph theory estimations have been compared to gPROMS® dynamic 

simulation results of Chapter 7, showing that the former (albeit originally derived for single-

component, isothermal conditions) can provide quick, useful estimates to inform industrial 

operation, before committing resources in pursuit of the latter. However, discrepancies between 

hodograph theory predictions and experimental data are higher in all cases examined compared 

to gPROMS® simulation results.  
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TOL 100 4.58∙10-5 1.34∙10-3 1,014 37.19 0.67 

HEX 150 1.58∙10-4 1.32∙10-3 1,014 37.19 0.67 
TOL 100 4.54∙10-5 1.34∙10-3 

HEX 130 1.52∙10-4 1.32∙10-3 1,014 37.19 0.67 
TOL 100 4.50∙10-5 1.34∙10-3 

 

9.1.1 Transient Feed Results for HEX-TOL 

Figure 28 presents the breakthrough curves (outlet concentration vs time) and temperature and 

pressure variations of the examined binary system (hexane-toluene). In this PhD thesis the 

adsorption behaviour of the binary mixture hexane-toluene (with air as the carrier gas) has been 

examined, for an activated carbon column, under two different dynamic inlet concentration 

cases (Patterns 1, 2) of industrial relevance. For both scenarios considered, hexane undergoes 

a series of inlet concentration step changes (as occurring from upstream batch production 

steps), accompanied by a toluene stream of steady inlet concentration. The latter is fixed at a 

high (250 ppm) or low (100 ppm) level, for the said Patterns 1-2.  

The breakthrough onset time (t5%) is calculated as the time that the component’s outlet 

concentration reaches 5% of its equilibrium outlet concentration (after all transitions). 

Breakthrough completion for toluene (t95%) is considered to occur at the time that the outlet 

concentration of the VOC reaches a 95% fraction of the equilibrium (final) value. For hexane 

(the weakly adsorbing component), the t105% value is taken to be the breakthrough completion 

time (as it is approached from higher values after an overshoot). The breakthrough intervals 

are thus defined as 5-95% for toluene, and 5-105% for hexane. 

Figure 28 (a-b) present the inlet and outlet concentrations for the Pattern 1 case, respectively. 

Hexane breaks through the column outlet first at t = 1,037 s, while toluene breaks through the 

column second at t = 3,190 s. Breakthrough completion comes after the indicative points of 

t95% = 6,769 s for toluene, and t105% = 5,200 s for hexane (due to a clear overshoot).  

Figure 28 (c-d) present the inlet and outlet concentrations of pattern two. As observed in pattern 

one, hexane breakthrough onset precedes toluene’s, at t5% = 1,021 s followed by toluene at t5% 

= 3,368 s. Breakthrough completion for toluene is at t95% = 8,220 s, which makes it’s duration 

in pattern 2, 18 % longer than in pattern 1, due to the lower concentration of toluene in the 

mixture. For hexane, breakthrough completion is t105% = 5,038 s, 3 % shorter than in pattern 1. 

Interestingly, in pattern 2 the breakthrough onset time for hexane is 2 % quicker than in pattern 

one, despite the lower toluene concentration, while toluene’s breakthrough onset is 5 % larger 
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(a) (b) 

  

(c) (d) 

  
(e) (f) 

  
(g) (h) 

Figure 28. Simulation results for dynamic inlet patterns 1 and 2 of the hexane-toluene mixture. 
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compared to pattern one, as expected due to the decrease in inlet concentration between the 

two scenarios. 

Figure 28 (e-f) show temperature and pressure variations for both said Patterns investigated. 

Continuous dark lines denote Pattern 1, while dashed light lines correspond to Pattern 2. As 

can be seen in plot (e), adsorption causes a temperature rise when taking place due to its 

exothermicity. Interestingly, the temperature rise of Pattern 1 leads to a marginally higher 

temperature rise (Tmax = 299.37 K) compared to Pattern 2 (Tmax = 299.17 K), in which toluene 

concentration is lower, before stabilising once the mass transfer zone has moved to later parts 

of the bed. The pressure drop, depicted in panel 1(f), is nearly the same for the two patterns, as 

expected due to flow conditions and feed concentrations.   

Figure 28 (g-h) present the key metrics of breakthrough, quantifying the transition intervals. 

All breakthrough time metrics for both cases are summarised in Figure 28 (g-h) histograms.  

Breakthrough durations therein are denoted by respective Δt symbols and lighter shading. For 

Pattern 2, where we have considered toluene at a 60% lower inlet concentration vs. Pattern 1, 

the breakthrough duration is 74% shorter; for hexane, it is only 4% shorter.  

A remarkable observation emerges: though Pattern 1 has a clearly heavier VOC load vs. Pattern 

2 (due only to the higher toluene level, as the hexane transient is kept invariant), the adsorption 

breakthrough duration is shorter for Pattern 1 vs. Pattern 2, for which it is longer. The strongly 

adsorbing component (toluene) affects the time to reach steady state.  

9.2 Case Studies of DCM-ACT, DCM-TCM, DCM-TOL  

The developed model was employed to examine the adsorption characteristics of binary VOC 

mixtures (with air as the carrier gas) under concentrations occurring in industrial settings. The 

validated model examines specifically the mixtures of DCM-Acetone, DCM-TCM, DCM-

Toluene. Langmuir isotherm parameters for acetone (ACT) are taken from (Tefera et al., 2013), 

for trichloromethane (TCM) from (Chuang et al., 2003), for toluene (TOL) from (Delage et al., 

2000) and for dichloromethane (DCM) are estimated based on data from (Talmoudi et al., 

2018). Firstly, the effect of dynamic inlet concentrations is explored over four different pattern 

scenarios for each mixture. The inlet concentration patterns examined are in Table 33: 
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9.2.1 Transient Feed Results for DCM-ACT, DCM-TCM, DCM-TOL 

The adsorption of three binary VOC mixtures (with air as the carrier gas) was studied under 

conditions of dynamic inlet concentrations. The breakthrough curves, depicting each 

component’s concentration at the column outlet over time, as well as, temperature and pressure 

plots, are presented in Figure 29-Figure 34 and key breakthrough metrics are summarized in  

Table 36-Table 38 and Figure 35. Breakthrough onset time is calculated as the time required for 

the outlet concentration to reach 5% of the final concentration. Breakthrough completion time 

(t95% / t105%) are calculated as the time required for the outlet concentration to reach 95% of the 

final concentration for the strongly adsorbing component and 105% of the final concentration 

for the component that exits the bed first. 

Dynamic input simulation results for the mixture of dichloromethane-acetone are found in 

Figure 29-Figure 30 while key metrics are presented in Table 36. In Figure 29 (a–b), pattern 1, 

DCM starts at 250 ppm and acetone at 750 ppm. At t = 1,000 s, DCM’s inlet concentration 

rises to 750 ppm and acetone’s drops to 250 ppm. DCM is the first component to break through 

the column exit at t = 1,011 s (0.3 h) and acetone follows at t = 2,193 s (0.6 h). Interestingly, 

the breakthrough onset of DCM is 31 % later in pattern 1 where DCM’s inlet concentration 

rises, compared to pattern 2 where it decreases over time. The duration of DCM’s breakthrough 

is now 1,489 s (0.4 h), 62 % shorter than in pattern two. For acetone, the breakthrough duration 

becomes 1,025 s (0.3 h), which is 42% shorter compared to pattern two. 

In Figure 29 (c–d), pattern two, DCM starts at 750 ppm and acetone at 250 ppm. At t = 1000 

s, DCM’s inlet concentration falls to 250 ppm and acetone’s rises to 750 ppm. DCM quickly 

starts to break through the column first at t = 698 s (0.2 h) while acetone follows at t = 3,169 s 

(0.9 h). Duration of breakthrough is 3,877 s (1.1 h) for DCM and 1,782 s (0.5 h) for ACT.  

In Figure 29 (e–f), pattern 3, the inlet concentration of DCM starts at 250 ppm, at t = 1,000s it 

rises to 500 ppm and at t = 3,000 s it further increases to 750 ppm while acetone’s inlet 

concentration remains constant at 250 ppm throughout the simulation horizon. DCM starts to 

break through the column exit first at t =1,035 s (0.3 h) and acetone follows at t = 2,851 s (0.8 

h). Although the initial and final concentration of DCM at pattern 3 are identical to pattern one, 

breakthrough onset is 4 % slower and duration is 59 % longer, possibly due to the intermediate 

concentration (500 ppm) step at t = 1,000 s. Acetone’s breakthrough duration on the other hand, 

is 54 % longer than in pattern one where DCM’s concentration increased without an 

intermediate concentration (500 ppm) step. 
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(a)  (b) 

  

(c) (d) 

  

(e) (f) 

  

(g) (h) 

Figure 29. Dynamic inlet simulation results for DCM-Acetone: inlet (left) and outlet (right). 
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Figure 30 shows the temperature (z=50%L) and pressure profiles of the DCM-ACT mixtures.  

  
(a)  (b) 

  
(c) (d) 

  
(e) (f) 

  
(g) (h) 

Figure 30. Temperature (left) and pressure (right) profiles of the DCM-ACT mixtures. 
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In Figure 29 (g–h), pattern four, the inlet concentration of DCM remains constant while 

acetone’s increases from 250 ppm to 500 ppm and then 750 ppm at t = 1,000 s and t = 3,000 s 

respectively. DCM again exits the column first at t = 853 s (0.2 h), followed by acetone t = 

3,363 s (0.9 h). In pattern two where acetone’s inlet concentration increases, DCM has the 

fastest breakthrough onset, while the intermediate concentration step of acetone at 500 ppm 

seems to delay the breakthrough onset of DCM by 18 %. DCM’s breakthrough duration is the 

longest among all other patterns at 4,797 s (1.3 h), while acetone also exhibits the longest 

duration among all patterns considered at 2,803 s (0.8 h). 

Figure 35 (a–d) summarizes the key breakthrough outcomes for the DCM-ACT mixtures. It 

becomes apparent that the shortest breakthrough onset time for DCM occurs at the highest ACT 

concentration (pattern two), and thus is mainly dictated by the amount of stronger adsorbing 

component in the mixture. Moreover, breakthrough duration is longest for DCM with increased 

amounts of ACT (patterns 2 and 4), while ACT requires the longest in pattern 4. 

Figure 30 (a) shows the temperature profile of pattern 1, (b) of pattern 2, (c) of pattern 3 and 

(d) of pattern 4. As expected, due to adsorption exothermicity, the temperature peaks indicate 

adsorption taking place at that specific part of the activated carbon bed. Patterns 1 and 2 have 

a distinct peak temperature profile compared to patterns 3 and 4. Specifically, patterns 1 and 2 

exhibit two temperature peaks, while patterns 3 and 4, three, corresponding to the inlet 

concentration changes of each profile. Interestingly, pattern one demonstrates the highest peak 

temperature (Tmax = 297.54 K) among all cases, while, pattern 3 the lowest (Tmax = 297.07 K) 

even though in both cases, the inlet concentration of DCM reaches the same value (750 ppm), 

leading to the conclusion that acetone’s high inlet concentration in pattern one, despite brief, 

significantly contributes to the heat release.  

Figure 30 (b, d, f, h) presents the pressure profiles for all patterns examined for the DCM-ACT 

mixture. It becomes apparent that the inlet concentration fluctuations examined here do not 

impact the pressure drop encountered during component breakthrough. 

Key breakthrough metrics (breakthrough onset, completion and duration) for the DCM-ACT 

mixture are summarized in  

Table 36 and Figure 35. Due to the overshoot of DCM in DCM-ACT pattern 3 Figure 29 (d–f) 

not reaching 105 % of the final outlet concentration, the breakthrough completion, and thus 
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(a)  (b)  

  

(c)  (d)  

  
(e)  (f)  

  
(g)  (h)  

Figure 31. Dynamic inlet simulation results for DCM-TCM: inlet (left) outlet (right). 
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In Figure 31 (a–b), pattern one, the inlet concentration of DCM is initially 250 ppm and at t = 

1000 s it rises to 750 ppm in contrast to chloroform’s inlet concentration which starts at 750 

ppm and is reduced to 250 ppm at t = 1,000 s. Here, DCM exits the column at t = 1,023 s (0.3 

h), while chloroform on the other hand starts to break through the column at t = 2,833 s (0.8 

h). Interestingly, chloroform’s breakthrough onset is 11 % earlier compared to pattern two, 

where chloroform’s inlet concentration increases over time. Breakthrough duration decreases 

compared to pattern two for DCM, being 3 % shorter at Δt = 2,673 s (0.7 h), whereas it increases 

for chloroform by 63 % at Δt = 1,443 s (0.4 h). 

In Figure 31 (c–d), pattern two, DCM starts at the high inlet concentration of 750 ppm, and 

then at t = 1,000 s falls to 250 ppm, while the opposite change occurs for the inlet concentration 

of chloroform (TCM). In this scenario breakthrough duration is 2,750 s (0.8 h) for DCM and 

528 s (0.1 h) for chloroform. DCM exits the column first at t = 759 s (0.2 h) and chloroform 

follows later at t = 3,166 s (0.9 h). As observed with the DCM-ACT mixture, DCM’s 

breakthrough onset time is 26 % earlier than in pattern one, where DCM’S inlet concentration 

increases over time. 

In Figure 31 (e–f), pattern 3, the inlet concentration of chloroform remains constant while the 

inlet concentration of DCM undergoes step increases at t = 1,000 s and t = 3,000 s, from 250 

ppm to 500 ppm and 750 ppm respectively. In this scenario, DCM exits the column first at t = 

1,068 s (0.3 h) while chloroform follows at t = 4,583 s (1.3 h), thus demonstrating the latest 

breakthrough onset times among all patterns considered for this mixture. Specifically, DCM’s 

breakthrough onset is 4 % later compared to pattern one whereas chloroform’s 38 % later. The 

breakthrough durations of both components are also the longest with DCM requiring 4,675 s 

(1.3 h) and chloroform 1,954 s (0.5 h) to complete breakthrough. 

In Figure 31 (g–h), pattern 4, DCM’s inlet concentration remains the constant at 250 ppm while 

the inlet concentration of chloroform rises from 250 ppm to 500 ppm and finally to 750 ppm 

at t = 1,000 s and t = 3,000 s respectively. DCM starts to exit the column first at t = 926 s (0.3 

h), 18 % later than in pattern two, possibly due to the intermediate step increase of the TCM’s 

inlet concentration, while TCM follows at t = 3,775 s (1 h), 16 % later compared to pattern 

two. Compared to pattern two, breakthrough duration is longer; the value for DCM is 17 % 

larger and for chloroform 14 % larger. 

Figure 32 (a, c, e, g) present the temperature profiles at the column middle for the DCM-TCM 

mixtures. The temperature profile trends observed for the DCM-TCM mixtures are in  
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(a)  (b)  

  
(c)  (d)  

  
(e)  (f)  

  
(g)  (h)  

Figure 32. Temperature (left) and pressure (right) profiles of the DCM-TCM mixtures. 
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(a)  (b)  

  
(c)  (d)  

  

(e)  (f)  

  

(g)  (h)  

Figure 33. Dynamic inlet simulation results for DCM-Toluene: inlet (left) outlet (right). 
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TOL 3,488 4,664 - 1,176 - 

DCM 
3 

1,042 3,900 4,976 - 3,934 
297.04 3,763.00 e-f 

TOL 3,528 6,071 - 2,543 - 

DCM 
4 

873 1,716 5,304 - 4,431 
297.04 3,762.90 g-h 

TOL 3,901 5,578 - 1,678 - 

Figure 33 (e–f), pattern 3, finds the inlet concentration of toluene constant at 250 ppm and 

DCM’s sustaining step increases from 250 ppm, to 500 ppm and 750 ppm at t = 1,000 s and t 

= 3,000 s respectively. DCM starts to exit the column first, at t = 1,042 s (0.3 h), later by 2 % 

compared to pattern one, whereas toluene follows at t = 3,528 s (1 h), later by 31 % compared 

to pattern one. As with the previous binary mixtures, pattern three demonstrates the latest 

breakthrough onset for DCM among all cases, despite the significant increase in concentration. 

Breakthrough durations of are 42 % longer, Δt = 3,934 s (1.1 h), for DCM, and 48 % longer, 

Δt = 2,543 s (0.7 h), for toluene compared to pattern one.  

Figure 33 (g–h), pattern four, shows the inlet concentration of DCM constant at 250 ppm, while 

toluene’s increases to first 500 ppm and then to 750 ppm at t = 1,000 s and t = 3,000 s 

respectively. It is noted that DCM starts to exit the column first, at t = 873 s (0.2 h), which is 

18 % later compared to pattern two. Therefore, the intermediate concentration step (500 ppm) 

during the inlet concentration increase promotes the later onset of DCM’s breakthrough.  

Toluene’s breakthrough onset also starts 11 % later compared to pattern two at t5% = 3,901 s 

(1.1 h). Breakthrough durations of both components are longer than pattern two; by 17 % for 

dichloromethane and 30 % for toluene.  

Figure 34 shows the temperature (mid-column) and pressure profiles for the dichloromethane-

toluene mixtures. The temperature profile trends of all four patterns examined agree with the 

DCM-ACT and DCM-TCM mixtures. Pattern one once more exhibits the highest temperature 

peak among all dynamic inlet concentration patterns (Tmax = 297.45 K) while patterns 3 and 4 

the lowest at Tmax = 297.04 K. Finally, the pressure drops of the DCM-TOL mixtures in Figure 

34 (b, d, f, h) concur with values reported for the other two binaries and show minimal 

fluctuation among the inlet patterns. 

Figure 35 (i–l) summarises the breakthrough metrics for all DCM-TOL mixtures. For both 

DCM and TOL, the earliest breakthrough onset occurs for at the highest TOL concentration 

(pat. 2), while the shortest duration interestingly occurs for pat. 1 for DCM and pat. 2 for TOL.   
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(a)  (b)  

  

(c)  (d)  

  

(e)  (f)  

  
(g)  (h)  

Figure 34. Temperature (left) and pressure (right) profiles for the DCM-TOL mixtures.
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(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

    
(i) (j) (k) (l) 

Figure 35. Breakthrough metrics for all case studies.
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9.3 Chapter Conclusions   

The mixture of hexane-toluene with air as the carrier gas is studied under inlet conditions 

informed by industrial data. Two VOC inlet patterns are studied where hexane undergoes a 

series of inlet concentration changes and toluene remains at a constant high (250 ppm) inlet 

concentration in one scenario and toluene remains at a constant low (100 ppm) inlet 

concentration in the second scenario. Results reveal a later breakthrough onset time for hexane 

when in a mixture with a high (250 ppm) toluene inlet concentration, while the opposite 

happens for toluene. The transient duration is longer for the lower VOC load. Temperature 

rises in the bed as well as pressure drop increase with increased VOC solvent stream load. This 

PhD thesis paves the way for waste stream sequencing efforts, not only under batch, but also 

future continuous pharmaceutical manufacturing optimisation efforts. 

Three mixtures, namely DCM-Acetone, DCM-Chloroform and DCM-Toluene, with air as the 

carrier gas are studied under the same four dynamic inlet concentration patterns on an activated 

carbon bed. First, in pattern one, component one starts at a high (750 ppm) inlet concentration 

and component two at a low (250 ppm) inlet concentration, and at t = 1,000 s they switch to 

250 ppm and 750 ppm inlet concentrations respectively. In pattern two, the opposite happens. 

In pattern three, component one starts at a low (250 ppm) feed concentration which at t = 1,000 

s increases to 500 ppm and at t = 3,000 s rises to the high 750 ppm feed concentration, all while 

component two feed concentration remains constant at 250 ppm. In pattern four, the feed 

concentration of component two undergoes the same changes, while the feed concentration of 

component one remains constant at 250 ppm. 

Key breakthrough metrics highlight trends observed across all three mixtures concerning 

column exit behaviour. Specifically, for all binary mixtures, the fastest breakthrough onset time 

for DCM is observed in pattern two, whereas the slowest in pattern three. Thus, maintaining a 

low feed concentration of the last to exit the bed mixture component (ACT/TCM/TOL) is 

essential in prolonging the breakthrough onset time of DCM even if that exists in the feed 

stream in a higher load. The latest breakthrough onset for the strongly retained component 

(ACT/TCM/TOL) occurs, surprisingly, due to their high load, for pattern four for acetone and 

toluene and for pattern three for chloroform.  

Transient duration for DCM is longest with the lowest feed concentration (pattern four) when 

in a mixture with acetone or toluene, but in pattern three when in a mixture with chloroform. 

For chloroform and toluene, transient duration is longer in the lowest feed load (pattern three), 
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whereas for acetone in pattern four with an increasing feed load. Interestingly, while input 

transitions only last for 1,000 s (patterns 1, 2) and 3,000 s (patterns 3, 4), the output transitions 

well surpass those durations for most cases. Pattern one demonstrates the highest temperature 

peaks across all binary mixtures, whereas the lowest peak temperatures are found in patterns 

three and four. In contrast with temperature, pressure drop remains almost unaffected by 

mixture composition changes. 
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10.2 Results of Dynamic Simulations 

The adsorption of three binary VOC mixtures (with air as the carrier gas) was examined at two 

bed lengths (L = 0.25, 1 m) and three superficial velocities (Vs = 0.1, 0.5, 0.9 m s-1). The 

breakthrough curves, depicting each component’s concentration at the column outlet over time, 

are presented in Figure 36 and key breakthrough metrics are summarized in Table 41-Table 43 

and Figure 38. Breakthrough onset time is calculated as the time required for the outlet 

concentration to reach 5% of the final concentration. Breakthrough completion times (t95% - 

t105%) are calculated as the time required for the outlet concentration to reach 95% of the final 

concentration for the strongly adsorbing component and 105% of the final concentration for 

the component that exits the bed first. Each colour corresponds to one superficial velocity and 

two sets of lines; one set for L = 0.25 m and one set for L = 1 m. In all cases considered in this 

chapter the bed area remains constant at 0.000181 m2 while superficial velocities change up to 

0.9 m s-1 to avoid fluidization phenomena.  

Figure 36 (a) presents the breakthrough curves for the mixture of hexane-acetone (HEX-ACT). 

Breakthrough curves represent the concentration at the column outlet vs. time. It becomes 

apparent that the greater the superficial velocity, the sooner the breakthrough onset time. For 

each colour, the first set of lines, corresponding to L = 0.25 m, demonstrates a faster 

breakthrough onset compared to the second set of lines of same colour which represent the case 

of L = 1 m. It is interesting to note that for L = 1 m, the peak concentration of hexane increases 

with increasing superficial velocity.  

At L = 0.25 m, for Vs = 0.1 m s-1
, the breakthrough onset time of hexane is 66,240 s, which is 

81% later compared to Vs = 0.5 m s-1
, and 90% later compared to Vs = 0.9 m s-1. At L = 1 m, for 

Vs = 0.1 m s-1
, breakthrough onset time of hexane is 303,888 s, which is 82% later compared to 

Vs = 0.5 m s-1
, and 92% later compared to Vs = 0.9 m s-1. For Vs = 0.1 m s-1, the breakthrough 

onset of hexane at L = 0.25 m is 78% earlier compared to L = 1 m while for Vs = 0.5 m s-1
, 76% 

earlier and for Vs = 0.9 m s-1
, 75% earlier. 

The breakthrough onset time of acetone at L = 0.25 m is t5% = 135,185 s, which is 80% later 

compared to Vs = 0.5 m s-1
, and one order of magnitude later compared to Vs = 0.9 m s-1. For Vs 

= 0.1 m s-1
, the breakthrough onset of acetone is 78% sooner at L = 0.25 m compared to L = 1 

m, while for Vs = 0.5 m s-1
, acetone’s onset is 76% earlier at L = 0.25 m vs. L = 1 m, and for Vs 

= 0.9 m s-1
, 73% earlier. 
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Moreover, Figure 36 (a) also informs regarding breakthrough duration of the HEX-ACT 

mixtures. At L = 0.25 m, the breakthrough duration of hexane is 101,249 s for Vs = 0.1 m s-1
, 

which is 82% longer than for Vs = 0.5 m s-1
, and one order of magnitude longer than for Vs = 

0.9 m s-1.  For Vs = 0.1 m s-1
, the breakthrough duration of hexane is 72% shorter for L = 0.25 

m, compared to L =1 m and for Vs = 0.5 m s-1
, 70% shorter for L = 0.25 m, compared to L =1 

m. Finally, for Vs = 0.9 m s-1
, the breakthrough duration for hexane is 65% quicker for L = 0.25 

m than for L = 1 m.   

For acetone, at L = 0.25 m, the breakthrough duration at Vs = 0.1 m s-1
 is 51,622 s, which is 

86% longer compared to Vs = 0.5 m s-1
 and 91% compared to Vs = 0.9 m s-1. For Vs = 0.1 m s-

1
, the breakthrough duration for acetone is 23% shorter for L = 0.25 m compared to L = 1 m. 

For Vs = 0.5 m s-1
, the breakthrough duration for acetone is 4% shorter for L = 0.25 m compared 

to L = 1 m and for Vs = 0.9 m s-1
, 2% shorter for L = 0.25 m than L = 1 m. 

Figure 37 (a) also presents key temperature and pressure drop metrics for the ACT-HEX 

mixtures. Specifically, the highest temperature peak is observed for L = 0.25 m at Tmax = 296.58 

K for Vs = 0.9 m s-1 , and the lowest Tmax = 295.26 K for Vs = 0.1 m s-1 , but a 1 m long column. 

Pressure drop, as predicted by Ergun’s equation, is lowest for the smallest velocity (Vs = 0.1 m 

s-1) at 0.91 kPa for L = 0.25 m and 3.75 kPa for L = 1 m. 
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Figure 36. Breakthrough curves of binary mixtures at L = 0.25 m (left) and L = 1 m (right). 
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Figure 36 (c) presents the breakthrough curves for the mixture of hexane-toluene (HEX-TOL). 

Key metrics are summarized in Table 43 and Figure 38(g-i). At L = 0.25 m, for Vs = 0.1 m s-1
, 

the breakthrough onset time of hexane is 66,179 s, which is 81% later compared to Vs = 0.5 m 

s-1
, and 90% later compared to Vs = 0.9 m s-1. At L = 1 m, for Vs = 0.1 m s-1, breakthrough onset 

time of hexane is 302,704 s, which is 82% later compared to Vs = 0.5 m s-1, and 92% later 

compared to Vs = 0.9 m s-1. For Vs = 0.1 m s-1
, the breakthrough onset of hexane at L = 0.25 m 

is 78% earlier compared to L = 1 m while for Vs = 0.5 m s-1
, 76% earlier and for Vs = 0.9 m s-1, 

74% earlier. 

For toluene, the breakthrough onset time at L = 0.25 m, for Vs = 0.1 m s-1
, is 174,107 s, which 

is 81% later compared to Vs = 0.5 m s-1
, and 90% later compared to Vs = 0.9 m s-1. For Vs = 0.1 

m s-1
, the breakthrough onset of TOL is 77% sooner at L = 0.25 m compared to L = 1 m, while 

for Vs = 0.5 m s-1 toluene’s onset is 74% earlier at L = 0.25 m vs. L = 1 m, and for Vs = 0.9 m 

s-1, 71% earlier. 

Breakthrough duration metrics of the HEX-TOL mixtures can also be inferred from Figure 36 

(c). At L = 0.25 m, the breakthrough duration of hexane is 131,173 s for Vs = 0.1 m s-1
, which 

is 81% longer than for Vs = 0.5 m s-1
, and one order of magnitude longer than for Vs = 0.9 m s-

1.  For Vs = 0.1 m s-1
, the breakthrough duration of hexane is 72% shorter for L = 0.25 m, 

compared to L =1 m and for Vs = 0.5 m s-1, 70% shorter for L = 0.25 m, compared to L =1 m. 

Finally, for Vs = 0.9 m s-1
, the breakthrough duration for hexane is 63% quicker for L = 0.25 m 

than for L = 1 m.   

For toluene, at L = 0.25 m, the breakthrough duration at Vs = 0.1 m s-1
 is 32,120 s, which is 

83% longer compared to Vs = 0.5 m s-1
 and 87% longer compared to Vs = 0.9 m s-1. For Vs = 

0.1 m s-1, the breakthrough duration for toluene is 2% longer for L = 0.25 m compared to L = 1 

m. For Vs = 0.5 m s-1
, the breakthrough duration for TOL is again 17% longer for L = 0.25 m 

compared to L = 1 m and for Vs = 0.9 m s-1
, 12% longer for L = 0.25 m than L = 1 m. 

Temperature and pressure drop metrics for the HEX-TOL mixtures are presented in Figure 37. 

Specifically, the highest temperature peak is observed for L = 0.25 m at Tmax = 296.56 K for Vs 

= 0.9 m s-1, and the lowest Tmax = 295.27 K for Vs = 0.1 m s-1, and a 1 m long column. Pressure 

drop, as expected, is lowest for the smallest velocity (Vs = 0.1 m s-1) at 0.93 kPa for L = 0.25 

m and 3.75 kPa for L = 1 m. 
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(a) 

 
(b) 

 
(c) 

Figure 37. Temperature trends of (a) HEX-ACT (b) HEX-DCM (c) HEX-TOL. 
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(a) (b) (c) 

   
(d) (e) (f) 

   

(g) (h) (i) 

Figure 38. Breakthrough metrics for Vs = 0.1, 0.3, 0.5 m s-1 for (a) ACT-HEX, (b) DCM-HEX, (c) HEX-TOL.
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10.3 Column Length and Velocity Influence on Breakthrough 

One of the key parameters to consider upon designing an industrial adsorption column for 

emissions abatement is the breakthrough onset time (t5%). Thus, shedding light on how it is 

impacted by various mixtures and operating conditions is of great importance to stakeholders. 

A metric called normalised time (t*) is introduced to quantify the effect of bed length scale up 

on breakthrough onset time. Normalised time (t*) is breakthrough onset time divided by the 

column length.  

The adsorption behaviour of mixtures of hexane-acetone (HEX-ACT), hexane-

dichloromethane (HEX-DCM) and hexane-toluene (HEX-TOL) is examined for four bed 

lengths (L = 0.25, 0.50, 0.75, 1 m) and six superficial velocities (Vs = 0.1, 0.2, 0.3, 0.5, 0.7, 0.9 

m s-1), under the same conditions as found in Figure 36 and Figure 37, to determine the 

correlation between breakthrough onset time, column length and velocity as a potential 

adsorption bed design tool. In all cases considered, the bed area remains constant at 0.000181 

m2. 

Figure 38 shows the normalised time metrics vs. column length for all components and 

superficial velocities. Figure 38 (a) refers to the hexane-acetone mixture, Figure 38 (b) to the 

hexane-dichloromethane mixture and Figure 38 (c) to the hexane-toluene mixture. 

Interestingly, common trends emerge for all systems considered in this PhD thesis. As 

expected, the weakly adsorbing mixture component demonstrates lower values of normalised 

time due to earlier breakthrough onset. 

Furthermore, it is noted that with increasing superficial velocity, normalised time metrics not 

only shift to lower values but are also demonstrating a smaller gap, therefore a smaller change 

in breakthrough onset. Thus, there is a velocity range for which the trade-off among process 

energy consumption (for turbines maintaining the pressure), cost savings from more efficient 

use of the bed (longer periods of usage between adsorbent regeneration) and process recipe 

volume constraints is optimal.  

Another trend is observed pertaining to length scale up and velocities. Specifically, at high 

superficial velocities, the normalised time values reported for increasing bed lengths tend to 

follow a straight line, thus indicating an analogous relationship of length scale up and 

breakthrough onset times. However, a different story unfolds for lower superficial velocity 

values where it is observed that the rate of change of normalised time increases with increasing 

bed length until a certain length, after which it seems to plateau. This observation gives rise to 
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(a) 

  
(b) 

  
(c) 

Figure 39. Bed design metrics for the (a) HEX-ACT, (b) HEX-DCM, (c) HEX-TOL mixtures. 
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10.4 Chapter Conclusions 

The present chapter demonstrates the application of a validated, multicomponent, 

nonisothermal adsorption model to investigate the effect of superficial velocity and column 

length on multicomponent VOC mixture adsorption. Specifically, the breakthrough behaviour 

of three trace binary VOC mixtures (hexane-acetone, hexane-dichloromethane, and hexane-

toluene), with air as the carrier gas, is examined on an activated carbon column for four bed 

lengths ranging from laboratory to industrial scale (L = 0.25, 0.50, 0.75, 1 m) and six superficial 

velocities (Vs = 0.1, 0.2, 0.3, 0.5, 0.7, 0.9 m s-1) each. Extensive breakthrough behaviour results 

are presented for the cases of L = 0.25 m and L = 1 m (min-max) at Vs = 0.1, 0.5, 0.9 m s-1 

(min-mid-max). Finally, the concept of normalised time is introduced as detailed component 

breakthrough onset over bed length metrics for all cases considered and examined as a tool for 

column design decision-making. 

The detailed breakthrough behaviour study has shown interesting relationships between the 

VOCs and process parameters. Specifically, among all cases considered, the latest 

breakthrough onset times are reported with the lowest superficial velocity and longest column. 

Breakthrough duration on the other hand, demonstrates mixture-specific characteristics. For 

the hexane-acetone and hexane-dichloromethane mixtures as well as for hexane in the hexane-

toluene mixture breakthrough durations are shorter for the laboratory scale column and 

decrease with increasing superficial velocity. For toluene, shorter duration is observed in the 

industrial scale column which decreases with increasing superficial velocity. Temperature 

peaks tend to be the highest at the shortest columns with the largest superficial velocity, while 

the smallest pressure drops occur in the short-column, low-superficial velocity scenarios. 

Moreover, the concept of normalised time, is proposed as an adsorption column utilisation tool. 

Specifically, the increasing proximity of the plot lines in Figure 39 with increasing superficial 

velocity indicates that there is a velocity range which ensures balance among process energy 

consumption (for compressors maintaining the flow), and plant emissions constraints. In 

tandem with an optimised velocity range, there seems to also be a potential economic trade-off 

between the linear change on breakthrough onset rate and the cost of designing and operating 

an extra-long column with potentially no added operational benefits, i.e. total adsorbent mass 

and/or adsorbent changeover frequency.  
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• 𝑱𝒊 : units that can process task i  

• 𝒏 : time 

The binary decision variables, Xijn, are responsible for the assignment of units to tasks. This set 

of binary variables determine whether a task i starts in unit j at the beginning of time interval 

n, by taking the value 1, and 0 if otherwise. The unit allocation constraint of Eq. (50) expresses 

the restriction that for any unit j, at most one task i can start at the beginning of each time 

interval n. Moreover, this constraint also ensures that if a task i is selected to start at unit j at 

the beginning of time interval n, then no other task can start in the same unit j until this task i 

is completed. 

∑ ∑ 𝑋𝑖𝑗𝑛′ ≤ 1, ∀ 𝑗, 𝑛𝑛
𝑛′≥𝑛−𝜏𝑖𝑗+1𝑖∈𝐼𝑗

  (50) 

The MILP model further includes the variable families Bijn and Skn. Bijn represents the material 

amount, or batch size, which starts undergoing task i in unit j at the beginning of time interval 

n and Skn the amount of material k during time interval n. The batch size of a task is related to 

the assignment variable through the unit capacity constraint shown in Eq. (51). 

𝛽𝑗
𝑀𝐼𝑁𝑋𝑖𝑗𝑛 ≤ 𝐵𝑖𝑗𝑛 ≤ 𝛽𝑗

𝑀𝐴𝑋𝑋𝑖𝑗𝑛    ∀ 𝑖, 𝑗 ∈  𝐽𝑖 , 𝑛  (51) 

where 𝛽𝑗
𝑀𝐼𝑁/𝛽𝑗

𝑀𝐴𝑋 are the minimum /maximum capacity of unit j. 

The mass balance is expressed by establishing the relationships between inventory levels at 

two consecutive time intervals, as in Eq. (52): 

𝑆𝑘𝑛 =  𝑆𝑘(𝑛−1) + ∑ 𝜌𝑖𝑘𝑖∈𝐼𝑘
+ ∑ 𝐵𝑖𝑗(𝑛−𝜏𝑖𝑗)𝑗∈𝐽𝑖

+ ∑ 𝜌𝑖𝑘𝑖∈𝐼𝑘
− ∑ 𝐵𝑖𝑗𝑛𝑗∈𝐽𝑖

+ 𝜉𝑘𝑛  ∀ 𝑘, 𝑛   (52) 

where 𝜏𝑖𝑗 is the processing time for task i in unit j, 𝜌𝑖𝑘 is the fraction of material k produced 

(>0) or consumed (<0) in task i and 𝜉𝑘𝑛 is the amount of raw material k delivered at time n 

(>0) / demand for material k at time n (<0). 

The material storage constraints are enforced by an upper limit bound on the Ssn variables. 

0 ≤  𝑆𝑘𝑛 ≤ 𝛾𝑘
𝑀𝐴𝑋  ∀ 𝑘, 𝑛  (53) 

where 𝛾𝑘
𝑀𝐴𝑋is the storage vessel capacity for material k.  

The objective function utilized in this PhD thesis is the makespan minimisation, expressed by 

Eqs. (54) and (55) 
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𝑀𝑆 ≥ ∑ (𝑛 + 𝜏𝑖𝑗)𝑋𝑖𝑗𝑛 𝑖∈𝐼𝐽
 ∀ 𝑗, 𝑛  (54) 

min 𝑀𝑆   (55) 

where MS represents the makespan. 

11.2 Active Pharmaceutical Ingredient Production Process  

Material S1 is dissolved in solvent S8 and stirred while a mixture of S2, S3, S4 and S8 is 

prepared in a separate vessel and cooled. The two mixtures are combined to react for 

approximately 2 hours and produce intermediate S5. The reaction mixture is then washed with 

solvent S8. Solvent S6 is added to the batch and the mixture is refluxed for approximately 24 

hours until intermediate S7 is formed. The batch then undergoes distillation until solvent S8 

distils off. Solvent S10 is then added to the batch mixture and another distillation follows until 

solvent S10 is distilled off. The batch then undergoes a cascade of washes and solvent 

separations followed by mixing with solvent S8 which leads to the formation of the target 

compound S9. The batch finally undergoes crystallization and filtration through which the 

target compound is isolated and kegged. Vessel washes conclude the production schedule. 

 
(a) 

 
(b) 

Figure 40. API production reaction scheme (a) and flow diagram (b). 

Figure 40 summarises the reaction scheme and presents the process flow diagram. 
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Recipe steps involving material charges, material transfer between vessels, reactions and 

separations are modelled as tasks. This formulation leads to a model consisting of sixteen tasks 

processing thirty-five states in twelve units. VOC emissions from the two distillations (tasks 

I6-I7) and the separation (task I8) are vented to the activated carbon bed. In this schedule, 

emission release is modelled as tasks which take place or not, depending on the recipe. 

Emission release tasks are then scheduled in such a way to create the minimum impact possible 

on the carbon bed. This minimum impact strategy is informed by detailed process simulation 

results from gPROMS® corresponding to VOC mixture breakthrough behaviour. Specifically, 

drawing from the knowledge of VOC affinity to the activated carbon bed and the breakthrough 

onset times involved with VOC mixtures forms the VOC release scenarios while still meeting 

production targets. Periodic resource restrictions caused by limited holding times and 

workforce availability are also considered in the total time horizon.  

11.3 State Task Network Formulation  

The successful deployment of a MILP problem relies on forming a State-Task Network (STN) 

which balances between computational efficiency and depth of detail for process 

representability. The STN represents an intellectual derivative of the production recipe, in the 

form of a diagram where materials are depicted as circles and actions/production steps as 

rectangles. The STN further accounts for intermediate material additions as well as product 

separations. The orange colour of states/circles signifies volatile organic compound emissions. 

The red arrows indicate the connection of the VOC emitting tasks with the adsorption tasks. 

If/when a connection is selected to be made by the algorithm, then emissions are sent to the 

carbon bed for abatement. 

To this end, the production recipe described in section 2 was translated to an STN diagram 

consisting of 16 tasks and 35 materials. At first, three mixing tasks (tasks I1-I3) are performed 

in order to prepare the solvent mixtures, which are followed by the two first reactions (tasks 

I4-I5). After them, two distillations (tasks I6-I7) and a separation (task I8) take place to purify 

the streams. Next, further mixing (task I9) takes place followed by the third and final reaction 

(task I10). After that, crystallisation (task I11), and filtering (task I12) leads to the desired 

product (material K26), followed by cleaning and disposal activities (task I13). 

VOC emissions are primarily generated during the distillations and separation tasks (I6-I8). 

The red arrows indicate the feeding of VOC emissions to the carbon bed for abatement. To 

overcome the unit allocation constraint which dictates that a unit is occupied by only one task 
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at a time period, the carbon bed is represented by units J10-J12, undergoing the adsorption 

tasks (I14-I16). This way, the problem became easier to conceptualize and solve. Main problem 

parameters are presented in Table 45-Table 46. 

Volatile Organic Compound emissions generated by tasks I6-I8 are directed to tasks I14-I16. 

Therefore, gPROMS® simulations are performed to determine the appropriate breakthrough 

onset time to avoid breaching of emission limits. This gPROMS® derived breakthrough onset 

time is manually applied as the adsorption task (I14-I16) duration on CProS. The solvent 

quantities sent for abatement are calculated as 2% of the total process solvent consumption and 

equal to 30 kg, which are modelled as 10 kg of solvent mixture escaping from each of the 

distillations and separation tasks. The solvent mixture encountered in this process is the binary 

toluene-chloroform (TOL-TCM) with air as the carrier gas. The VOC concentrations vary and 

therefore five concentration scenarios have been selected for gPROMS® simulation informed 

by industrial emissions monitoring reports.  
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Figure 41. State-Task-Network diagram for stage 2 API production. 
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(a) 

 
(b) 
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(c) 

 
(d) 
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(e) 

Figure 43. Gantt chart results for the five scenarios of MILP scheduling. 

The makespan minimisation problem presented in this PhD thesis is solved five times for 

different durations of the adsorption tasks. The Gantt charts emerging from the solution of the 

MILP makespan minimisation problem follow a similar pattern. Specifically, production steps 

are performed in a sequential manner, in line with the recipe, with adsorption tasks (I14-I16) 

starting at the end of each emission producing task (I6-I8) and in parallel to the rest of the 

recipe steps.  

Interestingly, what differs among the five scenarios examined are the material quantities 

processed in each step. Specifically, the values of variables Bijn, the material quantities 

processed at unit j at the start of time period n, for the cases of TOL-TCM 50-250 ppm and 

250-130 ppm are slightly higher compared to the cases of TOL-TCM 130-250, 250-250 and 

250-50 ppm. Furthermore, small quantities of feed material remain unreacted at the end of the 

production horizons in all case studies. Although all five scenarios examined result in the same 

total makespan of 125 h per batch, it is likely that in an STN where more production stages 

take place and/or the solvent load is higher/lower, the makespan and Gantt charts would show 

differences. 
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(a)  

 

 

(b)  

 

 

(c)  

Figure 44. Annual OpEx for (a) base case CS0, (b) 5% solvent mass, CS1, (c) -50% solvent price, CS2. 
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Figure 44 (a) shows the OpEx results for the case study 0. In all cases examined, VOC mixture 

A has a higher OpEx compared to VOC mixture B. Specifically, for 18 adsorbent changeovers 

per year, OpEx of mix A is 1.83% higher than for mix B, for 20 adsorbent changeovers per 

year, 1.71% and for 22 adsorbent changeovers per year, 1.61%. It is further observed that OpEx 

for both mixtures increases with the number of adsorbent changeovers. For mixture A, OpEx 

is 6.44% lower for 18 changeovers per year compared to 20 changeovers per year, while for 

mixture B 6.56%. When comparing the case of 18 changeovers per year vs. 22, the OpEx is 

12.48% lower for mixture A, and 12.70% lower for mixture B respectively. Finally, for mixture 

A, OpEx is 6.05% lower for 20 changeovers per year compared to 22, and for mixture B, 6.15% 

for 20 changeovers per year compared to 22. 

Figure 44 (b) presents the OpEx calculated for the case study 1, where the total VOC emissions 

directed to the adsorption column represent 5% of the process total solvent mass instead of 2%. 

The operational expenditure associated with VOC mixture A is higher in all cases compared to 

the ones for VOC mixture B. For 18 adsorbent changeovers per year, OpEx for VOC mixture 

A is 4.10% higher than for mixture B. For 20 changeovers per year, OpEx is 3.86% higher for 

mixture A than for mixture B. Finally, for 22 changeovers per year, OpEx is 3.66% higher for 

mixture A compared to mixture B. OpEx also increases with the number of changeovers per 

year. Specifically, for mixture A, the OpEx is 5.74% lower, and for mixture B, 5.97% lower 

for 18 compared to 20 changeovers per year respectively. For VOC mixture A, OpEx is 11.16% 

lower for 18 changeovers per year compared to 22, while for VOC mixture B, it is 11.60% 

lower. Finally, OpEx is 5.43% lower for 20 changeovers per year compared to 22, for mixture 

A, and 5.63% lower for mixture B. 

Figure 44 (c) presents the OpEx estimated for case study 2, where solvent prices are 50% lower 

than the base case. This case study shows the lowest difference in OpEx between mixtures A 

and B, with mixture A’s OpEx again, marginally higher. Specifically, for 18 changeovers per 

year, mixture A’s OpEx is 0.95% higher than mixture B’s, for 20 changeovers per year, 0.89% 

and for 22 changeovers per year, 0.83%. For mixture A, the OpEx corresponding to 18 

adsorbent changeovers per year is 6.72% lower than for 20 changeovers per year, while for 

mixture B, 6.78% lower for 18 vs. 20 changeovers per year. When comparing the difference 

between 18 and 22 changeovers per year, the OpEx for mixture A is 13% lower and for mixture 

B 13.11% lower. Finally, the OpEx for mixture A is 6.29% lower and for mixture B 6.35% 

lower for 20 changeovers per year, compared to 22 changeovers. 
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Figure 45 (a) summarises the comparison between case study 0 and case study 1, where the 

VOC emissions mass increases from 2% to 5% of the total process solvent mass. The makespan 

shown is 120 h, as no differences are observed among the three makespan cases. The 

comparison shows clear OpEx increase for all case study 1 scenarios. Specifically, VOC 

mixture A at 18 changeovers per year in case study 0 has 11.91% lower OpEx compared to 

case study 1. For mixture A, for 20 changeovers per year, the OpEx in case study 0 is 11.20% 

lower and for 22 changeovers per year, 10.58% lower in case study 0, compared to the 

respective case study 1 results. For mixture B, the calculated OpEx for 18 changeovers is 

9.64%, for 20 changeovers 9.06% and for 22 changeovers 8.54% lower in case study 0 

compared to case study 1 respectively. 

 

 

(a)  

 

 

(b)  

Figure 45. Case study comparisons (a) CS0 vs. CS1, (b) CS0 vs. CS2. 
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Figure 45 (b) the results of the OpEx comparison of case study 0 and case study 2, where the 

effect of solvent price on OpEx cost is investigated, by the assumption of 50% lower solvent 

prices. As expected, case study 2 has lower OpEx in all cases considered. The makespan shown 

is 120 h, as no differences are observed among the three makespan cases. Specifically, for 

mixture A, 18 changeovers per year result 4.31% lower OpEx, 20 changeovers per year results 

in 4.04% lower OpEx, and 22 changeovers per year result in 3.79% lower OpEx, for case study 

2 compared to case study 0. For mixture B, the OpEx calculated for 18 changeovers per year 

is 3.43% lower, for 20 changeovers per year 3.21% lower and for 22 changeovers per year 

3.02% lower in case study 0 compared to case study 2 respectively. 

Figure 46 summarises the OpEx cost comparisons of the different cases studies examined in 

this PhD thesis, with respect to the base case (VOC emissions represent 2% of total solvent 

load, 125 h makespan and 20 adsorbent changeovers per year). Both VOC mixtures 

(composition A and composition B) follow the same trend. The combined effect of reducing 

the emissions load and the number of adsorbent changeovers per year by 50% is causing a 

remarkable 35% reduction in OpEx, thus proving that increased process sustainability and 

economic benefits can be achieved simultaneously. Total VOC emission load plays a 

significant role in OpEx fluctuation, as a 3% increase results in OpEx increases of over 75,000 

GBP for mixture A and over 50,000 GBP for mixture B. Next, the effect of number of adsorbent 

changeovers per year is examined. The left side of the chart (18 changeovers per year) shows 

OpEx savings over 40,000 GBP for both solvent loads and VOC mixture compositions.  

Finally, the last bar in the chart shows the effect on OpEx from a ± 50% change in solvent 

prices. The greater cost savings and cost increases are observed for VOC mixture A, at over 

25,000 GBP per year, while, for mixture B the OpEx changes are over 20,000 GBP per year. 

Undoubtedly, the OpEx fluctuations become more significant than 10% when multiple factors 

contribute in parallel (such as high emission loads and 22 adsorbent changeovers per year). 

This analysis underscores the importance of accurate emission measurements and the economic 

benefits brought on by potential waste stream manipulation strategies, such as delaying toluene 

breakthrough onset by pairing it with low chloroform concentration flows. 
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(a) 

 
(b) 

Figure 46. OpEx case study factor effect assessment for (a) mixture A and (b) mixture B. 

 

11.9 Chapter Conclusions 

In this chapter, an industrial case study of API production is formulated as a MILP scheduling 

model informed by both the production recipe and dynamic gPROMS® simulation results from 

multicomponent VOC adsorption. 
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First, our validated (Tzanakopoulou et al., 2023), multicomponent, nonisothermal dynamic 

adsorption model is used to examine breakthrough characteristics, specifically breakthrough 

onset time, for five binary VOC mixtures. The mixture of toluene-chloroform (TOL-TCM) is 

investigated for five concentration pairs (50-250, 130-250, 250-250, 250-130, 250-50 ppm) the 

ranges of which are informed by industrial FTIR measurements. Breakthrough onset times 

range between 14 and 24 hours, with earlier breakthrough onset observed at higher load 

mixtures due to competitive adsorption phenomena and adsorbent saturation. The 9 ppm 

breakthrough time is used as the cut-off limit for the adsorption column and thus the adsorption 

task duration in the MILP model, based on UK environmental protection regulations and plant 

operating parameters.  

The MILP scheduling model example is formulated and solved in the CProS web application 

of Misra et al. (2022) for the five different VOC emission concentration scenarios. While in 

the real world there is one adsorption column capturing the VOC emissions simultaneously, 

due to task allocation constraints in the MILP model the adsorption column has been modelled 

as three different units. The solution results in five Gantt charts with identical task sequence 

and total makespan of 125 h. Material balances are the same for two and for three of the total 

five scenarios while feed materials are not used completely. Adsorption tasks are scheduled to 

run in parallel immediately after the VOC-producing tasks are completed. Despite the 

makespan not being impacted by the different VOC emission mixtures in this scenario, it is 

likely that adding more API production stages and/or different VOC emission pattern would 

yield different makespans. 

Finally, this PhD thesis continues to present the estimation of annual operating expenditure 

(OpEx) of the VOC abatement system. The API recipe and industrial data are used to 

investigate the effect of two different VOC emission patterns, three different makespans, three 

different numbers of adsorbent changeovers per year, two different total emission loads and 

two sets of industrial solvent prices on OpEx. Our results reveal that makespan does not impact 

the OpEx because even though API production is batch, the VOC abatement system works 

continuously in the background even though it might not be adsorbing VOCs all the time. On 

the contrary, the number of adsorbent changeovers per year increases the OpEx in all cases 

examined, by ≈5-13%. Moreover, VOC emissions mixture A demonstrates higher OpEx in all 

cases considered by ≈1-4%, due to the higher concentration of chloroform in the mix. 

Interestingly, the solvent load, i.e. the VOC emissions total mass, plays a significant role in 
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OpEx, as a 3% increase in solvent mass leads to OpEx that is higher by ≈8-11%. Solvent prices 

appear to play a secondary role, as a 50% change in solvent prices results in a ≈3-4% difference 

in OpEx. Finally, the biggest OpEx savings are achieved through a combined reduction in 

solvent emissions load and total number of adsorbent changeovers per year by 50% which leads 

to 35% lower OpEx. 

This PhD thesis underlines the importance combined process modelling and optimisation for 

improved process efficiency. Moreover, it highlights the need of the inclusion of waste 

management tasks in optimisation models to align with sustainability targets and 

environmental protection laws in a more systematic way. Furthermore, possibly prompting the 

creation of new VOC waste management protocols based on VOC release timing and task-

solvent sequencing to ensure minimal impact on and maximum lifespan of the activated carbon 

fixed bed column used as the VOC effluent capture system. This way the operating expenditure 

savings stemming from the less frequent activated carbon bed changeovers as well as lower 

total VOC emission loads, renders the process even more economic, thus paving the way for 

more affordable access to life-saving APIs. 
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Chapter 12 

Research Contributions 

This thesis makes several novel research contributions which merit summarising. The most 

remarkable contributions include the illumination of adsorption characteristics of 

multicomponent volatile organic compound emissions, such as breakthrough order, as well as 

the effect of temperature, superficial velocity, heat boundary conditions, concentration, mixture 

composition, transient feeds, and column length on breakthrough onset metrics for the first 

time. Moreover, this PhD thesis demonstrates the predictive abilities of Hodograph Theory for 

multicomponent VOC mixtures as an operational decision tool and establishes a Langmuir 

Isotherm Parameter database for single component VOC adsorption. Finally, mixed integer 

linear programming models for scheduling optimisation are employed for API production 

including waste management tasks and the factors impacting operating expenditure are 

highlighted via detailed OpEx projections for the first time. 

12.1 Extensive literature review and Langmuir Isotherm parameter estimation for VOCs 

in pharma. 

First, this PhD thesis compiles a comprehensive body of published literature studies that focus 

on activated carbon volatile organic compound adsorption across several concentrations and 

operating conditions, under an experimental, or less often, modelling perspective. Furthermore, 

this PhD thesis is the first concentrated effort to address the limited availability of Langmuir 

Isotherm parameters for crucial organic solvents used in the pharmaceutical industry. 

Specifically, experimental results from single component adsorption of acetone, 

dichloromethane, chloroform, toluene, hexane, and methyl-isobutyl ketone on activated carbon 

are compiled from the literature and fitted to the Langmuir Isotherm, thus forming an extensive 

database of parameters for future simulation needs. Langmuir Isotherm parameter accuracy is 

essential to the successful application of adsorption dynamic modelling and process 

optimisation. Therefore, the herein established database, spanning activated carbons with 

different source materials, activation protocols and by association BET surfaces areas and pore 

volumes, ensures that a wide array of parameter options is available when volatile organic 

compound adsorption experiments are not possible. 
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12.2 Development of a multicomponent adsorption dynamic model. 

After the extensive study of dynamic adsorption models with varying degrees of complexity 

available in the literature, this PhD thesis develops a first-principles based multiscale 

adsorption model to combine both macroscopic and microscopic levels for successful 

multicomponent adsorption breakthrough modelling. The dynamic adsorption model is one-

dimensional in space (z-axis) and accounts for solid phase mass transport with the Linear 

Driving Force model on a microscopic level. Heat transfer is modelled with a detailed heat 

balance that can account for adiabatic heat transfer conditions too. Pressure drop is simulated 

with Ergun’s Equation, while multicomponent equilibrium is modelled with the extended 

Langmuir Isotherm. This model is successfully validated against published experimental data 

for trace concentration, binary systems of dichloromethane-acetone, heptane-decane, acetone-

toluene and benzene-toluene with air or nitrogen as the carrier gas. The model is successful in 

accurately predicting breakthrough behaviour, temperature profiles and pressure drop across 

several conditions and input mixtures, either with our own estimated Langmuir Isotherm 

parameters, or from literature-sourced parameter values, thus proving its versatility and 

flexibility of use.  

12.3 Determination of multicomponent VOC adsorption breakthrough order. 

In this PhD thesis multicomponent mixtures of pharmaceutically relevant VOCs are examined 

for the first time. The adsorption of trace concentration binary mixtures of dichloromethane-

acetone, dichloromethane-chloroform, dichloromethane-toluene is simulated with our 

validated gPROMS® adsorption model and their breakthrough order strength is revealed as 

dichloromethane being the weakest held component, followed by acetone, followed by toluene 

and finally chloroform. Moreover, the adsorption of trace binary mixtures of acetone-toluene, 

and benzene-toluene is used for validation against published experimental data which 

demonstrates the success of our modelling framework even under lack of crucial parameter 

values from the original publication. Finally, the successful simulation of binary mixtures of 

hexane-toluene, hexane-acetone and hexane-dichloromethane reveal the breakthrough order 

strength among these VOCs to be, from weakest to strongest held: dichloromethane, hexane, 

acetone, and toluene. Based on the above it is deducted that for solvents belonging in the same 

family (e.g., heptane-decane, dichloromethane-trichloromethane) the molecular weight proves 

to be the deciding factor for strength of retention from the activated carbon, while for solvents 

belonging in different chemical families the situation is case specific and dependent on the 
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specific properties of the activated carbon. The significance of these results regarding 

breakthrough order becomes paramount in industrial settings, as they can inform strategic 

waste stream management protocols with selective stream routing and hold periods to delay 

breakthrough onset of tightly regulated solvents. In tandem with environmental regulation 

limits and best available practices, operational interventions such as isolating the 

dichloromethane streams, or pairing streams of higher emission limit VOCs with lower 

emission limit VOCs would significantly extend breakthrough onset times, which in turn would 

imply more time on-line of each adsorption column.  

12.4 Sensitivity analyses of multicomponent VOC adsorption. 

This thesis, apart from examining the breakthrough order in multicomponent VOC mixture 

adsorption, further investigated the effect on several key operating parameters. First, the 

temperature sensitivity analysis conducted via dynamic simulation revealed that higher 

operating temperatures lead to shorter breakthrough onset times, which is attributed to the 

exothermic nature of the process. The effect of porosity was also investigated on Chapter 5, 

revealing case and mixture specific behaviour, thus allowing the conclusion that for different 

bed porosities detailed simulations are necessary. Examination of the effect of adiabatic heat 

transfer conditions further revealed heat build-up within the adsorption column, due to 

adsorption exothermicity. Such temperature rises increase with heavier solvent loads on the 

emission streams and could pose a significant risk for bed fires if not monitored properly, as 

well as, could overall impede adsorption efficiency due to the elevated temperature conditions. 

Decreasing flowrate is associated with later onset and longer duration of breakthrough and 

reduction of pressure drop in all cases examined. Finally, in view of industrial applications, 

larger bed length investigations resulted in later onset and longer duration of breakthrough. 

12.5 Hodograph Theory applications for multicomponent VOCs 

This PhD thesis further demonstrates the application of the, often overlooked, Hodograph 

Theory on multicomponent mixtures for volatile organic compounds in the pharmaceutical 

industry for the first time. Specifically, the Hodograph Theory corroborates simulation results 

from Chapters 5 and 7 based on Langmuir Isotherm parameters. On a qualitative level, 

simulation results agree with the theory in that dichloromethane is displaced by acetone, 

chloroform, and toluene, as well as, in Chapter 7, acetone is displaced by toluene and benzene 

by toluene. Moreover, theoretical breakthrough metrics such as the mean residence time and 

breakthrough shock time are for the first time tested on pharmaceutical VOC multicomponent 
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mixtures, albeit originally derived for single component streams. It is herein shown that 

detailed simulations are essential to optimising VOC adsorption processes, as the accuracy of 

these metrics is limited when applied to multicomponent mixtures. Finally, the application of 

Hodograph Theory maximum concentration predictions for binary VOC mixtures for 

pharmaceutical applications (acetone-toluene and benzene-toluene) is for the first time 

compared vis-à-vis with both experimental and simulation results and it is shown that it can be 

a useful and quick indicator, although simulations offer greater accuracy. These results can 

help guide industrial operational decisions regarding stream pairings that allow later 

breakthrough onset. This PhD thesis succeeds in showing that Hodograph Theory, even though 

derived for single components and isothermal conditions, can provide initial insights, albeit 

somewhat crude (in the range of one order of magnitude), on breakthrough order, duration, and 

maximum outlet concentration predictions. Hence, Hodograph Theory constitutes a valuable 

diagnostic tool before the engagement of further resources such as the deployment of more 

analytical methods, i.e., detailed simulation campaigns and potentially pilot plant experiments. 

12.6 Transient feed multicomponent VOCs simulations 

This thesis addresses transient feed adsorption scenarios for multicomponent volatile organic 

compound solvents used in the pharmaceutical industry for the first time. The modus operandi 

of VOC abatement systems in industrial settings is characterised by transient feeds and periods 

of inactivity. The detailed examination of six transient feed patterns is informed by industrial 

emission readings and applied to key solvent mixtures. First, the binary mixture of hexane-

toluene is used to test the conditions under which hexane breakthrough onset is later under a 

transient feed regime and it is found that a constant high concentration of toluene (250 ppm) 

results in a later breakthrough onset compared to the low constant concentration of toluene 

(100 ppm). Next four patterns of transient feeds are examined for the binary mixtures of 

dichloromethane-acetone, dichloromethane-chloroform, and dichloromethane-toluene. There 

it is concluded that the breakthrough onset of DCM, even if present in a high load, is prolonged 

by components at a low concentration (acetone/toluene/chloroform). The effect of changing 

inlet mixtures on breakthrough, and even more so on industrial length columns, proves a 

valuable tool to the understanding of emissions control operations, not only in the field of 

adsorption, but also for integrated biofiltration systems where adsorption columns act as a pre-

processing step. Optimal stream routing based on these results could be the combination of 

streams with gradual increase of dichloromethane feed concentration in combination with a 
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low, constant inlet concentration of the strongly adsorbing component (acetone, toluene, 

chloroform), while if the emission limit for hexane were lower, it’s stream would have a later 

breakthrough onset with a higher constant concentration of toluene (250 ppm). Development 

of stream routing protocols based on transient feed simulations is one step closer to 

technoeconomic optimisation on several emission capture vistas. 

12.7 Multicomponent VOC mixture column operation 

In this PhD thesis, for the first time, the effect of superficial velocity across laboratory to 

industrial column lengths for multicomponent VOC mixtures is explored. Specifically, three 

binary mixtures (hexane-acetone, hexane-dichloromethane, hexane-toluene) are simulated for 

four different bed lengths (0.25, 0.50, 0.75, 1 m) and six different superficial velocities (0.1, 

0.2, 0.3, 0.5, 0.7, 0.9 m s-1). Key breakthrough metrics reveal preferential adsorption of acetone 

and toluene over hexane, and hexane over dichloromethane. Temperature peaks are moderate 

while pressure drops increase at longer column lengths and higher flow rates. The new 

breakthrough onset metric introduced, breakthrough onset over column length, reveals that 

breakthrough onset rate does not follow a linear profile with increasing bed length for low 

superficial velocities. This suggests improved column utilisation operating regimes based on 

multicomponent mixture composition, flow rate and column length, by assessing the tradeoff 

between constructing and operating a very long column with limited benefits to its useful time 

on stream before breakthrough onset, which could potentially be handled by a shorter column. 

Undoubtedly, future column design specifications should be adjusted to optimise the intended 

operation with respect to solvent flowrates and operating expenses. 

12.8 Mixed Integer Linear Programming scheduling model 

In this PhD thesis a MILP model is formulated and applied in a pharmaceutical manufacturing 

context, not only to meet demand but also to include gas waste capture via adsorption for the 

first time. Specifically, a 35-state, 16-task State-Task-Network (STN) is constructed based on 

a batch API manufacturing recipe, which includes the gas abatement tasks associated with 

production emissions treatment. This model is called to find the optimal production schedule 

for a minimal makespan objective. The input parameters are not only based on the recipe, but 

also on VOC adsorption simulations. To this end, five binary VOC (chloroform-toluene) 

emission mixtures (ranging from 50 to 250 ppm) simulation results regarding breakthrough 

onset were used as the duration of the adsorption tasks with respect to the most up-to-date 

emission limits. The optimal schedules for all five cases have a similar form, with sequential 
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execution of tasks, and emission abatement tasks taking place as soon as the emission 

producing tasks are completed. The overall makespan result is 125 h. This PhD thesis 

highlights the importance of tying production optimisation with waste treatment, and although 

not observed in these case studies, it is likely that parallel stage plant operation would result in 

more complex adsorption task patterns and, depending on the VOC mixture, duration which 

could impact product makespan.  

12.9 Operational expenditure evaluation and comparison for industrial operation 

For the first time, based on the MILP schedules and industrial data, VOC abatement system 

annual Operating Expenditure projections are estimated. Comparisons are made for two VOC 

emission mixture compositions (DCM-TOL at 250 ppm with TCM-TOL at concentrations 

ranging between 50-250 ppm), two solvent mass loads (2% vs 5% of total solvent mass), three 

adsorbent changeover scenarios (18, 20, 22 per year), three makespans (120, 125, 130 h) and 

two solvent price cases (original and 50% off). It is determined that the makespan duration 

does not affect operating expenditure, as the VOC abatement column is operated continuously 

even though the production is batch. This comprehensive evaluation demonstrates that the 

VOC mixture composition and load, as well as, number of adsorbent changeovers per year are 

the root causes of OpEx fluctuations.  

Specifically, it is remarkable that a 3% difference in the VOC emissions fraction of the total 

solvent load (2% vs 5%) leads to cost savings of up to over 10%, while the decreasing the need 

for adsorbent changeovers in a year by four, leads again to cost savings of up to over 10%. The 

combined 50% reduction of the above scenarios leads to remarkable (35%) OpEx savings. This 

in turn implies, that strategic stream routing protocols, based on the detailed dynamic 

simulations are essential to optimal economic efficiency. It could be the case that isolating 

waste streams with easily displaceable components (e.g. DCM) and pairing of DCM containing 

streams with low concentration strongly adsorbing solvents (e.g. TCM) would prolong 

breakthrough onset, and over the course of the year, decrease the number of adsorbent 

changeovers necessary. Moreover, in-vessel VOC emission capture could be improved with 

the presence of condensers, which would decrease the load of solvents sent to the activated 

carbon beds. Thus, later breakthrough onset of tightly regulated VOCs due to well informed 

stream pairing protocols, as well as interventions in process vessels can contribute significantly 

to cost minimisation of emissions abatement via adsorption. This PhD thesis concretely proves 
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the need for detailed multicomponent mixture adsorption dynamic simulations for process 

optimisation.  

Chapter 13                                                                    

Thesis Conclusions 

This thesis presents a comprehensive framework for dynamic modelling, simulation, and 

operational optimisation of Volatile Organic Compounds emissions abatement in the 

pharmaceutical industry. This PhD thesis focuses on the development and implementation of a 

dynamic, non-isothermal adsorption model used for studying binary VOC trace mixture 

adsorption on industrial activated carbon beds for a wide variety of structural properties and 

operating conditions. A scenario-based investigation of binary mixture behaviour examines 

(via multiple dynamic simulations, experimental corroboration, and predictive formulas) the 

effect of key parameter changes on bed performance such as temperature, mixture composition, 

flowrate, heat transfer boundary conditions, column length, bed porosity.  

Theoretical bed performance analysis (employing Glueckauf hodographs) has been employed 

to provide valuable insight into nonisothermal VOC capture bed operation breakthrough 

metrics, for both clean and used beds, for the mixtures of dichloromethane-acetone, 

dichloromethane-chloroform, and dichloromethane-toluene, as well as, maximum outlet 

concentration for clean beds for the binary mixtures of acetone-toluene, benzene-toluene. 

Furthermore, this PhD thesis introduced transient feed concentration simulations for VOC 

binary mixtures for the first time, thus enabling investigations under realistic operating 

conditions in a concentrated effort to highlight the effect and potential value of waste stream 

feed sequencing towards activated carbon bed utilisation optimisation. Finally, a new metric of 

breakthrough onset time over column length is introduced to assess the rate of change of 

breakthrough onset for different mixtures and columns lengths spanning from the laboratory to 

the industrial length under a broad range of superficial velocities to inform column design and 

operation decisions. 

Mixed Integer Linear Programming is then employed to formulate a production scheduling 

model which not only meets production demands, but also includes and places VOC emissions 

abatement tasks under consideration in the wider production schedule. For the first time, 

breakthrough onset times calculated from the dynamic gPROMS® simulations are used to 
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inform task duration for the API manufacturing schedule, thus linking individual process 

characteristics with the overall plant operation, and providing realistic batch schedules for five 

scenarios of VOC emission concentrations. Finally, a scenario-based investigation of industrial 

VOC abatement systems operating expenditure is performed. The effects of solvent load, 

mixture composition, makespan duration, number of adsorbent changeovers and solvent prices 

are examined and it is determined that solvent load, VOC mixture composition and number of 

adsorbent changeovers play a leading role on the process operating cost. Thus, strategic stream 

routing protocols based on breakthrough order results and operating conditions can effectively 

impact the breakthrough onset time. This conclusively underscores the necessity of detailed 

VOC mixture adsorption investigation for process operation optimisation, so as to not only 

positively contribute to sustainability goals but also, ensure advanced process efficiency at 

lower operational expenditure.  

The results presented in this thesis are subject to various assumptions and limitations which 

could be addressed by future research. 

• All simulations are based on the premise that no moisture is present in the streams. 

However, in many cases, moisture plays a significant role in adsorption efficiency, as 

it could interfere with the other adsorbates’ retention by the adsorbent. Accounting for 

water presence in VOC adsorption could be a promising field for future research. 

• Production scheduling on an industrial level consists of multiple stages operating 

concurrently at the plant. In this PhD thesis the case study presented involves one stage 

of API production. More realistic scenarios would involve multiple stages running 

concurrently, which could be a topic of future dedicated MILP research. 

• All case studies presented in this PhD thesis assume an operational starting point of a 

“clean”, i.e. free of adsorbents, activated carbon bed. Future research could expand on 

used bed scenarios and their effect on multicomponent VOC mixture adsorption. 

• The cases investigated herein highlight the significant role of systematic and rigorous 

model-based simulation and optimisation campaigns for VOC abatement systems, and 

the applicability of the methodologies outlined in this PhD thesis in industrial 

operations. The frameworks presented here can be extended across industries with 

similar processes and solvent usage and demonstrate the immense value of academic 

and industrial collaboration for environmental protection at high production efficiency. 
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Appendix A 

Nomenclature and Acronyms 

A.1 Acronyms 

DRK Dubinin-Radushkevitch-Kaganer 

BET Brunauer-Emmett-Teller 

FH-VSM Flory-Huggins Vacancy Solution Model 

CProS Chemical Production Scheduler 

VOC(s) Volatile Organic Compound(s) 

MILP Mixed Integer Linear Programming 

MiBK Methyl isobutyl ketone 

UN United Nations 

PDE(s) Partial Differential Equation(s) 

STN State Task Network 

GAMS General Algebraic Modelling Software 

API(s) Active Pharmaceutical Ingredient(s) 

UK United Kingdom 

SDG(s) Sustainable Development Goals 

MINLP Mixed Integer Non Linear Programming 

Lannual Annual labour costs 

Mannual Annual maintenance costs 

MATannual Annual material costs 

ACannual Annual adsorbent changeover costs 

OpExannual Annual operating expenditure 

Uannual Annual utilities costs 

AC Activated Carbon 

IAST Ideal Adsorbed Solution Theory 

MS Makespan 

SA Surface Area 

PAN Polyacrilonitrile 

LDF Linear Driving Force 
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CS Case Study 

NIST National Institute for Standards and Technology 

DAEBDF Differential-Algebraic Equation Backward Difference Formulae 

SEPA Scottish Environmental Protection Agency 

BC Boundary Conditions 

DASolver Differential-Algebraic Solver 

A.2 Molecules 

ACT Acetone 

DCM Dichloromethane 

HEX Hexane 

TCM Trichloromethane (Chloroform) 

TOL Toluene 

N2 Nitrogen 

O2 Oxygen 

 

A.3 Symbols 

A.3.1 Latin Letters and Symbols  

  

% 

R.E. 

Percentage of relative error 

  𝐼𝑘
+/𝐼𝑘

−  tasks producing/consuming material k 

 𝐽𝑖  units that can process task i  

 𝛼𝑖𝑗  cost of processing task i in unit j  

𝛽𝑗
𝑀𝐼𝑁/

𝛽𝑗
𝑀𝐴𝑋 

minimum /maximum capacity of unit j 

 𝛾𝑘
𝑀𝐴𝑋  storage vessel capacity for material k 
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 𝜉𝑘𝑛  amount of raw material k delivered at time n (>0) / demand for material k at time n (<0)  

 𝜋𝑘  revenue from selling unit quantity of material k  

 𝜌𝑖𝑘  fraction of material k produced (>0) or consumed (<0) in task i  

 𝜏𝑖𝑗  processing time for task i in unit j  

∆𝑡5%
102.5% breakthrough duration from 5% to 102.5% of final concentration of component i (s) 

∆𝑡5%
105% breakthrough duration from 5% to 105% of final concentration of component i (s) 

∆𝑡5%
95% breakthrough duration from 5% to 95% of final concentration of component i (s) 

bi Langmuir affinity coefficient (m3 mol–1) 

bo,i pre-exponential Langmuir constant (m3 mol–1) 

C,i component gas phase VOC concentration (mol m–3) 

C0,i inlet concentration of i (mol m–3) 

Cmax,E maximum concentration at column outlet obtained by publ. experiment (mol m–3) 

Cmax,H maximum concentration at column outlet predicted by hodograph theory (mol m–3) 

Cmax,S maximum concentration at column outlet predicted by simulation (mol m–3) 

Cpg specific heat capacity of gas (J kg–1 K–1) 

Cpp specific heat capacity of particle (J kg–1 K–1) 

Cs0,i adsorbed phase concentration at equilibrium with C0,i (mol m–3) 

Ct total gas phase VOC concentration (mol m–3) 

D bed inner diameter (m) 

DAB,i molecular diffusivity (m2 s–1) 

Deff,i effective diffusivity of i (m2 s–1) 

Dk,i  Knudsen diffusivity (m2 s–1) 

dlm mean logarithmic column diameter (-) 

dp particle diameter (m) 
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Dz,i axial dispersion coefficient (m2 s–1) 

H-E Hodograph-Experiment 

hint internal heat transfer coefficient (W m–2 K–1) 

ho overall heat transfer coefficient (W m–2 K–1) 

  i   Mixture component / tasks in MILP Chapter  

  j    units 

  k    materials 

keff effective thermal conductivity (W m–1 K–1) 

kew effective wall thermal conductivity (W m–1 K–1) 

kez effective axial thermal conductivity (W m–1 K–1) 

kf,i effective mass transfer coefficient of component i (m s–1) 

kg gas thermal conductivity (W m–1 K–1) 

kLDF,i LDF mass transfer coefficient (s–1) 

kp particle thermal conductivity (W m–1 K–1) 

kw wall thermal conductivity (W m–1 K–1) 

L bed length (m) 

M positive root of coherence equation (-) 

mAC mass of activated carbon (kg) 

Mr molecular weight (g mol–1) 

N negative root of coherence equation (-) 

P pressure (atm only in Eq.(10)) / (Pa) 

qe,i equilibrium adsorption capacity of i (mol kg–1) 

qi adsorbed phase VOC concentration (mol m–3) 

qm,i maximum adsorption capacity of material for component i (mol kg–1) 
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qρe,i equilibrium adsorption capacity of i (mol m–3) 

R column inner radius (m) 

Rep Reynolds number (adsorbent particle) 

rp average pore radius (1.1∙10–9 m) 

Rp particle radius (m) 

SA Surface area of adsorbent material (m2 g-1) 

Sci Schmidt number of i 

S-E Simulation-Experiment 

Sh Sherwood number (-) 

S-H Simulation-Hodograph 

T temperature (K) 

t105%,i breakthrough time of outlet concentration at 105% of final concentration of 

component i (s) 

t5%,i breakthrough onset time of component i (s) 

t95%,i breakthrough time of outlet concentration at 95% of final concentration of 

component i (s) 

tCPU Cloud server CPU run time (s) 

tdrt,i breakthrough duration of component i (s) 

Tin inlet temperature (K) 

Tmax maximum temperature (K) 

tshock,i shock breakthrough time of component i (s) 

Tw wall temperature (K) 

u interstitial velocity (m s–1) 

Vpore adsorbent pore volume (6.1∙10–4 m3 kg–1) 

Vs superficial velocity (m s-1) 

x wall thickness (m) 
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ΔHad,i heat of adsorption (J mol–1) 

 

Δt9_ppm,i breakthrough duration until 9 ppm concentration at column exit of component i 

(s) 

ΔtCProS,TASK   adsorption task duration in CProS (h) 

 

A.3.2 Greek Letters and Symbols 

α0 empirical mass diffusion correction factor (20) 

εb bulk bed porosity (-) 

εp particle porosity (-) 

μ gas viscosity (Pa s) 

μRT,i mean residence time of component i (s) 

ρb bed density (kg m–3) 

ρg gas density (kg m–3) 

ρp  particle density (kg m–3) 

Σν atomic diffusion volume (A: VOC, B: carrier) 

τp particle tortuosity (-) 
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Peer-Reviewed Publications 

The work in this PhD thesis has been published in various peer-reviewed publications. 

B.1 Journal Articles 
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scheduling and economic evaluation for Volatile Organic Compound (VOC) emissions 

abatement in the pharma industry. Chemical Engineering Research and Design, 

(submitted/under review). 

Tzanakopoulou, V. E., Pollitt, M., Castro-Rodriguez, D., & Gerogiorgis, D. I. (2024). 

Adsorption column performance analysis for Volatile Organic Compound (VOC) emissions 

abatement in the pharma industry. Processes, (revision under review). 
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systems. Industrial & Engineering Chemistry Research, 63, 16, 7281-7299. 
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(2023). Dynamic modelling, simulation and theoretical performance analysis of volatile 

organic compound (VOC) abatement systems in the pharma industry. Computers & Chemical 

Engineering, 174, 108248. 

B.2 Book Chapter Contributions 

Tzanakopoulou, V.E., Pollitt, M., Castro-Rodriguez, D., & Gerogiorgis, D. I. (2024). An 

industrial case study of dynamic adsorption simulation for Volatile Organic Compound (VOC) 

pharmaceutical emission abatement. In Computer Aided Chemical Engineering, Manenti, F., 

Reclaitis, G.V., (Eds.), Elsevier, 53, (in press). 
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Tzanakopoulou, V.E., Costa, A., Castro-Rodriguez, D., & Gerogiorgis, D. I. (2022). 

Multicomponent, nonisothermal VOC adsorption modelling for pharmaceutical effluent 

purification: effect of operating conditions on bed performance. In Computer Aided Chemical 

Engineering, Montastruc, L., Negny, S., (Eds.), Elsevier, 51, 331-336. 

Tzanakopoulou, V.E., Castro-Rodriguez, D., & Gerogiorgis, D. I. (2021). Process modelling 

and simulation of Volatile Organic Compound (VOC) recovery from pharmaceutical gas 
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Elsevier, 50, 717-723. 

B.3 Conference Proceedings 

Tzanakopoulou, V.E., Pollitt, M., Castro-Rodriguez, D., & Gerogiorgis, D. I. An industrial case 

study of dynamic adsorption simulation for Volatile Organic Compound (VOC) 

pharmaceutical emission abatement. In 34th European Symposium on Computer Aided Process 

Engineering, Manenti, F., Reclaitis, G.V., Computer Aided Chemical Engineering, Elsevier, 

2024, 53, (in press). 
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simulation of Volatile Organic Compound (VOC) recovery from pharmaceutical gas emission 

streams. In 31st European Symposium on Computer Aided Process Engineering, Turkay, M., 
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