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ABSTRACT 

The hydrolysis of sludge solids especially for difficultly degradable sludges such as WAS is not fully 

understood, yet. The first-order hydrolysis rate was shown to function well for most easily degradable 

sludges and soluble substrates. This description for substrate hydrolysis in the context of anaerobic 

digestion has the benefit of being very simple and therefore applicable for many engineering applications 

where little data is available. On the other hand, in the last decades many studies reported that the first-

order hydrolysis would need a modification to better describe the degradation of difficulty degradable 

solids. Guo et al. (2021) developed a cascade system for anaerobic digestion of WAS that does not seem 

to follow first-order hydrolysis kinetics when lowering the applied SRTs from 22 to 15 and 12 days, 

respectively. Based on observations by Guo et al. (2021) and a statistical analysis of the cascade system 

performed in the study at hand it seems that the first order hydrolysis rate constant is in fact a coefficient 

and that the first-order hydrolysis rate is not solely dependent on sludge characteristics and substrate 

concentrations. This hypothesis is tested in the thesis at hand. In Guo et al.’s study the cascade system 

was always compared to a reference system. To test this hypothesis and understand the kinetics of the 

cascade system in more detail a statistical analysis was performed for both systems from which an 

empirical hydrolysis model was derived. This model was implemented in ADM1 to replace the existing 

hydrolysis rate expression and was tested for the mentioned cascade system and the reference system. 

The empirical model was compared to the results of the standard ADM1 which uses a first-order hydrolysis 

expression. The empirical model assumed a dependency of the hydrolysis rate based on load and residence 

time along the cascade system to achieve a change in hydrolysis rate coefficients along the cascade system. 

The models were compared based on visual inspection and quantitative analysis of the simulated results. 

Both models showed low R² values which is likely due to the high level of detail implemented in ADM1 

that does not fit to the resolution of the experimental data. However, calculated RMSE values agreed with 

the standard deviations of the experimental results. Therefore, the overall predictive capability for both 

models is given. The ADM1 managed to model the reference system with reasonable agreement to the 

experimental data. The performance of the empirical model for the reference was comparable. For the 

cascade system however the ADM1 could not fully describe the experimental at the applied low SRTs of 

15 and 12 days. The empirical model in this case showed better predictive capabilities. This is an indication 

that a hydrolysis rate which is made dependent on system characteristics such as load and residence time 

might indeed have its justification and be better applicable to anaerobic digestion systems that show a 

concentration profile along the reactor as it is in the case with plug-flow and cascade systems. 
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 Introduction 

 

1.1 Background 

Sludge is an inevitable waste product of most WasteWater Treatment Plants (WWTP) (Angelidaki et al. 

1999). Its disposal is of increasing importance since it can attribute for up to 50% of the plants’ operational 

costs (Appels et al. 2008). Even though various disposal methods are possible such as burning the sludge 

or using it as fertiliser, sludge treatment by Anaerobic Digestion (AD) is nowadays most applied due to its 

benefit of reducing the number of Volatile Solids (VS) and at the same time reclaiming valuable biogas in 

the process. AD can also be used to reduce the number of pathogens when operated at thermophilic 

conditions, and odour problems can be limited ((Angelidaki et al. 1999), (Appels et al. 2008)). Since the 

potential of the AD process is widely recognised, the technology is constantly refined to increase digester 

efficiencies and biogas quality (Appels et al. 2008). 

AD is made possible by four successive microbiological steps, i.e. hydrolysis, acidogenesis, acetogenesis 

and methanogenesis (Angelidaki et al. 1999). The AD process is highly complex since each step involves 

another bacterial group with different optimum working conditions. These bacteria are reactive to process 

parameters such as pH, alkalinity, Hydraulic Retention Time (HRT) and their metabolism can easily be 

inhibited at high concentrations of free ammonia, hydrogen, sodium, potassium, heavy metals, or Volatile 

Fatty Acids (VFAs) (Appels et al. 2008). During the disintegration and hydrolysis step, the sludge solids are 

broken down into smaller soluble components by physicochemical dissolution. Proteins, carbohydrates, 

and lipids are then converted into simpler derivatives by enzymatic reactions ((Angelidaki et al. 1999), 

(Appels et al. 2008)). In the acidogenesis and acetogenesis steps, amino acids, saccharides, LCFAs, and 

VFAs are fermented. Finally, methanogenic bacteria convert acetic acid and hydrogen into methane and 

carbon dioxide ((Angelidaki et al. 1999), (Batstone et al. 2002)). 

AD is commonly applied for food waste, silage and Primary Sludge (PS) (Ersahin 2018) but also for more 

complex sludges such as Activated Granular Sludge (AGS) or Waste Activated Sludge (WAS). (Guo et al. 

2020b). The hydrolysis step is recognized as the rate limiting step of the overall AD process in most 

conventional sludge digestion systems (Appels et al. 2008). This especially applies to the particle 

degradation of sludges such as AGS and WAS, which require considerably longer retention times compared 
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to PS due to their high content of difficultly degradable solids such as active biomass (Ersahin 2018) and 

Extracellular Polymeric Substances (EPS) (Guo et al. 2020a). The kinetics of the hydrolysis step are highly 

complex and still not fully understood (Vavilin et al. 2008). 

To describe the hydrolysis process various mathematical models were proposed over the years. The 

simplest of those models is the first-order hydrolysis rate which was proposed by Eastman and Ferguson 

(1981). To describe the hydrolysis process more mechanistically, other mathematical models were 

introduced, over time. They can be categorized into growth-related and surface-based models (Sanders 

2001). 

Growth-related models (mostly applied for soluble substrate) are built on the assumption that there is a 

lack of enzymes compared to the available substrate and therefore the hydrolysis rate depends on the 

enzymatic activity or the hydrolytic biomass concentration. Surface-based models on the other side are 

used to describe the hydrolysis of particulate substrate and are based on the premise that enzymes are 

present in excess to the substrate and therefore the hydrolysis rate is made dependent on the available 

substrate surface (Sanders 2001). A model that is increasingly applied for the hydrolysis of solids is the so 

called Contois-model (Vavilin et al. 1996). Even though it yielded goods results in some cases (Nelson and 

Holder 2009) its application for the description of solids hydrolysis should be seen critically since it is more 

a growth-related model type due to its close relation to the Monod and Michaelis-Menten type kinetics 

(Vavilin et al. 1996). 

Each mathematical model has its limitations and boundary conditions. The first order hydrolysis model 

was proven to be well applicable for food waste and most easily degradable sludge types ((Eastman and 

Ferguson 1981), (Vavilin et al. 1996) (Ersahin 2018)), however for substrates that are more complex and 

not as easily degradable, this mathematical description might need a modification. For models with high 

or fluctuating organic loading rates, hydrolysis kinetics that include growth of biomass were shown to 

achieve good results. The surface-related two-phase model and the Contois model (often applied as 

surface-related model) were able to fit data of the digestion of a broad range of organic wastes ((Vavilin 

et al. 2008), (Nelson and Holder 2009)), however it must be considered that both models approach first-

order kinetics at a high biomass to substrate concentration (Vavilin et al. 2008). They can therefore be 

seen as more general models, but a first-order model might give as good results for specific cases. 

Therefore, the model choice depends strongly on the application and the scenario that is modelled. 
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1.2 Problem Statement 

Single-stage AD reactors with a low applied SRT or operating at high organic loading rates can result in VFA 

accumulation, acidify and consequently fail (Angelidaki et al. 1999). In a laboratory study at TU Delft, Guo 

et al. (2021) (see end of Appendix) showed that lowering the Solids Retention Time (SRT) from 22 to 15 

and lastly to 12 days led to an increase in Specific Hydrolysis Rates (HRsp) for two different anaerobic 

digestion systems digesting WAS, i.e. a single CSTR and a cascade system (described in Section 3.23.2

 Description of Guo et al.’s (2021) Cascade System). Only the cascade system remained stable at 

the SRT of 12 days with a Total Chemical Oxygen Demand (tCOD) reduction of 40-42%, whereas the single 

CSTR (Reference) only achieved a tCOD reduction of 31% and struggled with overall process performance. 

Both systems had the same total reactor volume (22 L) and were operated with the same applied 

SRTs/HRTs (no solids liquid separation) under mesophilic conditions (35°C). The sludge feed composition 

and concentration can be considered constant over all tested SRTs. Reactor one to three of the cascade 

system experience a gradual change in conditions along the cascade reactor. Along the cascade reactor a 

gradual decrease of all concentrations (except ammonia increased), specific hydrolysis rates, as well as 

enzymatic activity was observed. A recycle stream of 10% of the inflow was implemented from Reactor 

three to Reactor one. Reactor four of the cascade system and the Reference CSTR had very comparable 

environmental conditions (pH, alkalinity, ammonia, phosphate, and other concentrations). 

With lowering the SRT, Guo et al. (2021) found that the Enzymatic Activity (EA) as well as the Specific 

Hydrolysis Rate (HR) (see Figure 1) increased in all reactors but decreasing along the cascade. Guo et al. 

(2021) indicated that the hydrolysis in the cascade system might have been surface limited due to a higher 

increase in enzymatic activity compared to the specific hydrolysis rates. Thus, the hydrolysis kinetics for 

the cascade system were theorized to be more complex than the first-order model which is often assumed 

for AD. The challenge in modelling this system lies therein that the active biomass cannot be distinguished 

from the substrate. Both are part of the measured VS. 

Since the hydrolysis rate is increasing with a lowered SRT, but inflowing substrate concentrations were 

kept constant in all experimental phases the hydrolysis kinetics might indeed be more complex than the 

standard first-order hydrolysis model which assumes that the only two dependencies of the hydrolysis rate 

are with respect to substrate concentration in the reactor and a sludge dependent hydrolysis rate 

constant. Historically this model has been shown to function well for conventional anaerobic digesters. 

With the uprising of new sludge types and new reactor technologies, sometimes other models work better 
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to explain the hydrolysis process in these systems or for these sludges. Therefore, modifications of the 

first-order model have been proposed. 

Currently, it seems that the standard first-order model cannot fully describe the hydrolysis process of WAS 

in the cascade system of Guo et al. (2021). This thesis aims to mathematically model Guo et al’s (2021) 

cascade system to increase understanding of the hydrolysis kinetics for this type of reactor and to reveal 

some of the underlying processes. 

 

 

Figure 1 - Calculated specific hydrolysis rates for both reactor systems. The columns represent the calculated specific hydrolysis 

rates based on measured methane flow, VFA and VS concentrations. The dots represent the corrected specific hydrolysis rate for 

the cascade reactor which was calculated based on the stabilised sludge fraction in the fourth reactor, figure retrieved from Guo 

et al. (2021). 
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1.3 Research Objective 

Modelling is a useful tool to investigate complex processes such as AD that are difficult or too costly to 

examine in the laboratory. A good computational or mathematical model can be used to save time and 

money when answering research questions that would require many experimental samples or are highly 

time-intensive due to slow growth rates of anaerobic bacteria. Furthermore, mathematical models can 

provide insights that might prevent process failure or help to optimise a system which in consequence 

saves investment and operational costs (Batstone et al. 2002). 

A functioning model able to describe the experimental results of Guo et al. (2021) could prove itself useful 

for future research in the field of AD. The study at hand aims to explore the Guo et al’s (2021) cascade 

system mechanistically and to describe the hydrolysis kinetics of the system mathematically. 

 

1.4 Research Questions 

1. What relationships can be found in the experimental data of Guo et al. (2021) that could potentially 

explain an increased hydrolysis rate with shortened SRT? 

2. Which type of hydrolysis kinetics can describe Guo et al.’s (2021) cascade system? Does the first-order 

hydrolysis model as implemented in ADM1 or a modified first order model based on Guo et al.’s (2021) 

experimental data represent the cascade system better in terms of data fit (measured by R2) and 

qualitative model analysis?  
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 LITERATURE REVIEW 

 

2.1 WAS Degradation and Pre-treatment 

Anaerobic digestion is commonly applied for the treatment of manures, silages, food wastes, Primary 

Sludge (PS) and Waste Activated Sludge (WAS) ((Appels et al. 2008); (Guo et al. 2020b)). Due to the 

increasing amounts of sludge volumes that are produced by municipal sewage treatment plants, 

understanding the digestion of complex municipal sludges such as WAS is of economic and ecological 

importance since AD contributes to the independency and climate neutrality of Wastewater treatment 

plants (Guo et al. 2020b). 

Whereas PS is mainly composed of smaller particles, WAS has a higher overall percentage of bigger 

particles. Usually, WAS consists of large particulate organics, composed of proteins, carbohydrates, 

lignocellulosic matters, and fats (Guo et al. 2020a). The hydrolysis of these sludge solids is the rate-limiting 

step in the sludge digestion ((Vavilin et al. 2008); (Odnell et al. 2016)).  

To achieve a sufficient state of degradation for WAS most conventional anaerobic digestion systems (single 

CSTRs) are operated at long retention times (around 20 days). These long retention times lower the 

efficiency of the sludge treatment (Guo et al. 2020b). The HRT in the Activated Sludge (AS) Process highly 

influences the biomethane potential and biodegradability during AD (Bolzonella et al. 2005). Mixed sludges 

and PS can relatively easily be degraded compared to WAS due to their lower content of complex 

particulate matter. Volatile solids removal for AS is significantly lower (13 – 27%) compared to mixed 

sludges (50%) (Bolzonella et al. 2005). Therefore, the biomethane potential of PS is much higher than the 

methane potential of WAS (Guo et al. 2020a). 

WAS contains large amounts of Extracellular Polymeric Substances (EPS) which make up most of the 

carbohydrates. These EPS are reported to slow down the hydrolysis of the sludge particles (Guo et al. 

2020a) and make them considerably more difficult to degrade than PS. During the hydrolysis of WAS tightly 

bound EPS are converted into loosely bound EPS (Guo et al. 2020a). Sludge pre-treatment prior to AD can 

break up the EPS-structure and enhance the sludge digestion (Zhen et al. 2017). 
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Different methos for pre-treatment of difficultly degradable sludges such as WAS were shown to function 

well in terms of enhancement of the hydrolysis process. These methods range from mechanical and 

thermic sludge pre-treatment over enzymatic pre-treatment methods to catalytic enhancement by 

addition of zero-valent ions (Zhen et al. 2017). However, these methods are most often not economical 

viable choices (Guo et al. 2020a). 

 

2.2 Two-stage/Multiple Stage Systems compared to Single-Stage Systems 

The efficient operation of single stage CSTRs is challenging due to the inevitable requirement of adjusting 

the operation such that the bacterial groups with different optimal working conditions, that are involved 

in AD, are not only maintained in the reactor but also not inhibited by intermediate products. Separation 

of this process in two stages was shown to improve AD performance due to the possibility of better overall 

controllability of the process (Gosh et al. 1975). 

Gosh et al. (1975) achieved VS reductions of 40 % for Activated Sludge in a two-stage system. Whereas 

operation of the compared single stage system resulted in VS reduction of only 33 %. Gosh (1987) showed 

that two-phase AD was able to operate at higher efficiencies for municipal sludge than a single CSTR, at 

various tested loading rates, HRTs and VS concentrations. The two-stage system achieved higher methane 

yields and showed to be more stable than the single CSTR. Both systems were continuously fed with mixed 

PS and AS, completely mixed and operated at mesophilic conditions. The two-stage system however was 

operated with solids recycle. 

Maspolim et al. (2015) as well, compared a two-stage system and a single stage CSTR. The overall results 

agree with Gosh et al. (1975) and Gosh (1987). Maspolim et al. (2015) found the two-stage system to be 

significantly more efficient and operation was more stable than in the single CSTR. Differently, from Gosh 

et al. (1975) significant methanogenic activity was found in the acidogenic phase of the systems. 

Furthermore, it was reported that VS reduction not only took place in the acidogenic reactor but also in 

the methanogenic reactor, which was reported differently by Gosh et al. (1975). Maspolim et al. (2015) 

mentions that for the tested HRTs of 30, 20 and 10 days, significant microbial community adaption only 

occurred at the HRT of 30 days. 

Guo et al. (2021) studied a cascade system based on the theory that smaller reactors in front of a larger 

reactor can enhance the conversion rate of substrates since smaller reactors in the beginning of the 

cascade system can be operated at higher intermediate hydrolysis rates. Guo et al (2021) achieved the 
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theorized increase in hydrolysis rates for WAS. The results of this multistage system study agree with the 

overall results of Maspolim et al. (2015). Guo et al. (2021) as well, observed significant methanogenic 

activity in the first three reactors of the multistage system. Volatile sludge solids were also hydrolysed in 

the post-digester which is comparable to the methanogenic reactor of two-stage systems. Differently from 

Maspolim et al. (2015), Guo et al. (2021) reported signs of significant microbial community adaption even 

at low HRTs such as 12 days which was possibly linked to an increase in reported specific hydrolysis rates. 

 

2.3 Types of Hydrolysis Kinetics 

With processes that are composed of multiple consecutive steps, the overall process is limited by the 

slowest reaction, also referred to as the rate-limiting step. In anaerobic digestion the rate-limiting step is 

generally considered to be the hydrolysis of sludge solids (Vavilin et al. 2008). Organic polymers are 

hydrolysed by the three main types of extra cellular hydrolases, namely cellulases, proteinases and lipases 

(Batstone et al. 2002). In the Anaerobic Digestion Model 1 (ADM1) the hydrolysis of sludge solids is 

represented in this way by means of three hydrolysis reactions, one for carbohydrates, one for proteins 

and one for lipids respectively (Batstone et al. 2002). The applied differential equations in ADM1 are of 

first-order type which is considered the most general hydrolysis model (Batstone et al. 2002). Generally, 

all cumulative effects of all the microbial processes involved in AD were combined in a first-order model 

for the substrate degradation ((Eastman and Ferguson 1981). The applicability of first order kinetics was 

shown in several studies. Therefore, the IWA task group recommends the use of first order kinetics due to 

its simplicity but good output performance. However, in conditions where biomass concentration 

compared to substrate is low, the Contois-growth model (see Table 1) could give a better fit than first 

order kinetics (Batstone et al. 2015). 

Vavilin et al. (2008) mentions that the first-order kinetics are not applicable to all circumstances and that 

an in depth understanding of the underlying microbiological processes is required to develop models that 

can accurately describe the hydrolysis process. Recently, other types of models such as growth related, 

and surface-related models gained increasing interest for the description of the hydrolysis of sludge 

(Vavilin et al. 2008). 

Fernandez et al. (2001) showed that the hydrolysis step might depend on the biomass concentration and 

activity. Therefore, it might be necessary to integrate a hydrolysis rate which considers the limitation by 
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biomass concentration and by substrate concentration together with the impact of substrate accessibility 

and slowly biodegradable material content. 

Batstone et al. (2002) mentions that two conceptual models can be considered for the hydrolysis of sludge 

particles. In the first, organism secrete enzymes to the bulk liquid which adsorb to sludge solids and 

consequently degrade the solids. The second model assumes that the biomass attaches to the sludge solids 

and excrete enzymes in its direct proximity, directly profiting from soluble products.  

Vavilin et al. (1996) modelled the digestion of swine waste, sewage sludge, cattle manure and cellulose 

with a surface-related two-phase model (surface colonisation and subsequent degradation of sludge 

particles, see Table 1). The modelled results were in good agreement with the experimental data. Vavilin 

et al. (2008) claims that the first-order model should be modified for complex substrate to consider the 

hydrolysis of hardly degradable material (see Table 1). Furthermore, they mentioned that models in which 

the hydrolysis is coupled to the growth of hydrolytic bacteria would work well to describe systems that are 

operated at high or fluctuating loading rates. The Contois-growth model was shown to describe 

experimental data as good as the surface-related two-phase model. Both showed good fit to a broad range 

of substrates (Vavilin et al. 2008). 

Table 1 - Examples for kinetic hydrolysis models; Symbols modified after original publications to match: khyd refers to the 

hydrolysis rate coefficient, S is the substrate concentration, Ks is the saturation concentration, X refers to the hydrolytic biomass, 

α is the non-degradable fraction, S0 refers to the initial substrate concentration and, and β the equilibrium constant for 

adsorption and desorption of biomass to the substrate  

Kinetic hydrolysis model Published by Rate expression 

First-order hydrolysis rate  Eastman and Ferguson (1981) 𝑘௛௬ௗ · 𝑆 

Contois Contois (1959); as described in 

Mairet et al. (2011) 
𝑘௛௬ௗ ·  

𝑆 · 𝑋

𝐾ௌ · 𝑋 + 𝑆
 

Degradable fraction Vavilin et al. (2008) 𝑘௛௬ௗ · (𝑆 −  𝛼𝑆଴) 

Surface-based Vavilin et al. (1996) 
𝑘௛௬ௗ ·  

𝑆 · 𝑋

𝐾ௌ · 𝑋 + 𝑆
·

𝛽 · 𝑋

1 +  𝛽 · 𝑋
 

 

Nelson and Holder (2009) elaborated that the Contois-growth model was able to describe AD of a wide 

range of substrates such as wastewater originating from the treatment of olives, solid municipal organic 
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waste, dairy manure, ice-cream wastewater. Furthermore, it was shown that, the digestion of cattle 

manure, swine waste, sewage sludge and cellulose could be described with the Contois hydrolysis kinetics. 

Mairet et al. (2011) modelled the hydrolysis of microalgae with the Contois-model in which they let the 

hydrolytic bacteria grow on the produced soluble substrate. Mairet et al. (2011) achieved good data 

representation with the Contois model. Even though, the Contois model and most surface-related models 

tend to the general first-order hydrolysis rate model, they can be seen as more general models (Vavilin et 

al. 2008). 

 

2.4 Modelling of AD 

Anaerobic digestion is an intricate process and therefore highly complex to model. One major challenge 

lies in the difficulty to obtain data for modelling purposes. This is because during reactor operation only a 

handful of parameters are measured on a regular basis or measured at all which makes it for instance 

difficult to distinguish active biomass (X) from the substrate (S). This makes it extremely difficult to create 

verifiable models for long-term dynamic simulations. This lack of data leads to a large variety of modelling 

approaches resulting in a high variability in the kinetic parameters reported in literature (Donoso-Bravo et 

al. 2011).  

According to Koch and Drewes (2014), the rate of hydrolysis of particulate matter is often estimated by 

data fitting from batch tests. They describe that, based on results of Eastman and Ferguson (1981), who 

conducted batch experiments at different loading rates, a batch reactor at the beginning of an experiment 

would behave similarly to a CSTR which is operated at high organic loading rates and short retention times. 

Towards the end of the batch experiment the batch reactor behaves like a CSTR with low organic loading 

rates and long retention times. Koch and Drewes (2014) concludes that, current methods applicable for 

batch tests might be transferable to CSTRs. 

Donoso-Bravo et al. (2011) mentions the following four criteria for a good model: 

 simplicity 

 causality 

 parameter identifiability 

 predictive capability 
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Furthermore, Donoso-Bravo et al. (2011) explains that a model structure must be able to fit the 

experimental data and have enough degrees of freedom without leading to over parametrization. A unique 

optimal set of parameters based on the experimental data should be chosen. The latter can either lead to 

further model simplification or to including additional terms or equations. 

Various mathematical models which are applicable for specific applications in the field of AD already exist. 

Batstone et al. (2002), considers a generic model necessary to create common basis for modelling in the 

field of AD. Batstone mentions several benefits of a generic model such as the ADM1: 

 increased model application for full-scale plant design. 

 further development of process optimization and control. 

 creating a common basis for further model development and validation for better comparison of 

study results. 

 transferring technology from research to industry 

With the ADM1 being a relatively complex model, comprising a variety of biochemical and physical 

processes, detailed influent and sludge characterization is required (Batstone et al. 2002). Often this 

information is difficult to obtain from full-scale plants. Due to the difficulty of obtaining dynamic data only 

few studies in literature exist which investigated the long-term dynamic performance of full-scale 

anaerobic digesters (Ersahin 2018). 

 

2.5 Approaches of Modelling PFR and Multiple CSTR-Configuration. 

According to Nelson and Holder (2009), Plug-Flow Reactors became increasingly more interesting for AD 

in the last years since they have several competitive advantages in comparison to CSTRs. Donoso-Bravo et 

al. (2018) states that PFRs make better use of their working volume than CSTR and show a higher capacity 

to handle overloads. Furthermore, they are more resistant to acidification and create concentration 

profiles along the reactor. However, PFRs can still suffer from instabilities such as washout of biomass or 

cascade acidification due to low local retention times of the individual sections in the reactor. Few full-

scale applications of PFRs have been reported.  

Nelson and Holder (2009) did a steady state analysis of a cascade, consisting of a series of CSTRs without 

recycling. They found that the stability of the system was a function of the residence time in each reactor 

of the cascade. The effluent concentration of each reactor was found to be dependent on 1/τ (τ = total 
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residence time). Alqahtani et al. (2012) and Alqahtani et al. (2013) showed that there is a critical value of 

total retention time with respect to stability of a cascade system. Below the critical value a settling unit 

would increase the performance of a cascade reactor with up to 5 reactors, whereas above the critical 

value the systems performance would decrease with a settling unit. They also modelled that the critical 

value of total residence time was dependent on recycling ratio and the concentration factor of substrate. 

Donoso-Bravo et al. (2018) as well, modelled a Plug-Flow Reactor (PFR) by coupling several CSTRs in series. 

The ADM1 model was then solved for each CSTR where the output of the first one corresponds to the inlet 

and conditions of the following one, and so on. 

Based on the theory the characteristics of a PFR can be achieved by an infinite amount of CSTRs in series 

(Donoso-Bravo et al. 2018). Guo et al.’s (2021) multi-stage AD setup might be close to a PFR configuration. 

Guo et al. (2021) showed that the short retention times did not lead to acidification of their multi-stage 

AD system but to enhancement of the hydrolysis and the overall AD process. The AD remained stable for 

hydraulic/solid retention times as low as 12 days for the entire system (1.2 days for the acidogenic 

reactors). A small (10%) recycling stream was implemented in this study which might explain the low 

achieved retention times as opposed to Nelson and Holder (2009) who modelled cascade systems without 

recycle stream. 
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 Theory and Data 

This section describes the applied frame model for this study, the Anaerobic Digestion Model 1 (ADM1), 

developed by the International Water Association (IWA), (see Section 3.1). The setup of the cascade 

system as developed by Guo et al. (2021) is described in Section 3.2. The provided data (Guo et al., 2021) 

that was used in the modelling study at hand is shortly described in Section 3.3. For a more detailed 

overview of all measured variables see Appendix B. 

 

3.1 Model Structure of the Standard ADM1 

For the modelling study at hand the ADM1 was chosen as a frame for the kinetic hydrolysis models that 

were developed and tested. The structure of ADM1 follows the basic digestion pathways for AD that are 

illustrated in Figure 2. The hydrolysis step is the first step in anaerobic digestion. It is an extracellular 

process in which bacteria excrete enzymes that attach to the substrate (soluble or particulate) and break 

it down into smaller components. This step is followed by intracellular processes, namely 

fermentation/acidogenesis, acetogenesis and lastly methanogenesis (see Figure 2). 

The ADM1 describes these biochemical processes by means of rate equations. Three main rates can be 

distinguished: the conversion rates of substrates, uptake rates for the substrates and the growth-related 

expressions for the biomass. Inhibition factors (pH inhibition, substrate limitation and non-competitive 

inhibition) are included as additional terms in those rate expressions. Furthermore, physico-chemical 

processes such as gas exchange between the liquid- and the gas-phase are implemented in the ADM1. The 

study at hand focusses on the mathematical description of the hydrolysis kinetics. Therefore, only those 

expressions of ADM1 that target hydrolysis of particles are described here. For a detailed description of all 

process descriptions, yield factors and stoichiometric factors that are included in the ADM1 Appendix D. 
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In the ADM1 the hydrolysis of sludge is implemented in the form of the standard first-order hydrolysis rate 

which is calculated by a sludge dependent hydrolysis rate constant (khyd) multiplied with the COD 

concentration of the sludge in the reactor, or in the case of ADM1, the COD concentration of the main 

sludge components, namely carbohydrates (Xch), proteins (Xpr) and lipids (Xli). During the hydrolysis step 

insoluble carbohydrates are broken down and converted into soluble sugars (Ssu), proteins into amino acids 

(Saa) and lipids into Long Chain Fatty Acids (LCFAs; ADM1: Sfa), (see Figure 2). The produced Soluble COD 

(sCOD) and the degraded Particulate COD (pCOD) are dependent on the hydrolysis rate, the fraction of 

pCOD that is converted to the respective sCOD is accounted for with stoichiometric factors (f) (see Table 

2 and Table 3). 

 

 

Figure 2 - General pathways of AD, image retrieved from (Batstone 1999). 
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Table 2 - Biochemical rate coefficients (νi,j) and kinetic rate equations (ρj) for soluble components (i = 1 – 3 and 12, j = 1 – 4), 

modified after Batstone et al. (2002); for a full description of ADM1 see Appendix D. 

Component →           i 1 2 3 … 12 Rate (j, kg COD·m-

3·d-1) j Process ↓ Ssu Saa Sfa … SI 

1 Disintegration    … fsI,xc kdis·𝑋𝑐 

2 
Hydrolysis of 

Carbohydrates 
1   …  kℎ𝑦𝑑,𝑐ℎ·𝑋𝑐ℎ 

3 Hydrolysis of Proteins  1  …  𝑘ℎ𝑦𝑑, 𝑝𝑟·𝑋𝑝𝑟 

4 Hydrolysis of Lipids 1- ffa,li  ffa,li …  𝑘ℎ𝑦𝑑, 𝑙𝑖·𝑋𝑙𝑖 
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Table 3: Biochemical rate coefficients (νi,j) and kinetic rate equations (ρj) for particulate components (i = 13 – 16 and  24, j = 1 – 

4), modified after Batstone et al. (2002); for a full description of ADM1 see Appendix D. 

Component →            i 13 14 15 16 … 24 Rate (j, kg 

COD·m-3·d-1) j Process ↓ 𝑋𝑐 𝑋𝑐ℎ 𝑋𝑝𝑟 𝑋𝑙𝑖 … 𝑋I 

1 Disintegration -1 f𝑐ℎ,xc fpr,xc fli,xc … fxI,xc kdis·𝑋𝑐 

2 
Hydrolysis of 

Carbohydrates 
 -1   …  kℎ𝑦𝑑,𝑐ℎ·𝑋𝑐ℎ 

3 
Hydrolysis of 

Proteins 
  -1  …  𝑘ℎ𝑦𝑑, 𝑝𝑟·𝑋𝑝𝑟 

4 
Hydrolysis of 

Lipids 
   -1 …  𝑘ℎ𝑦𝑑, 𝑙𝑖·𝑋𝑙𝑖 
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3.2 Description of Guo et al.’s (2021) Cascade System 

Guo et al. (2021) researched a cascade anaerobic digester treating WAS. The cascade system was 

compared to a single-stage CSTR, from now referred to as reference reactor or shortly reference. 

The cascade system in Guo et al.’s (2021) study consisted of a series of four reactors (see Figure 3) with a 

total volume of 22 L. The fourth reactor contributed with 15.4 L (70 % of Vtotal) the majority to the total 

volume. The first three reactors in the cascade system are each sized 2.2 L (10 % of Vtotal). A recirculation 

flow of 10% of the inflow (Qin) was implemented from the third to the first reactor.  

 

 

Figure 3 - Scheme of cascade system, image modified after Guo et al. (2021). 

 

The cascade system is compared to a single Continuous-Flow Stirred Tank Reactor (CSTR) with the same 

total volume of 22L as the cascade system. Both systems were operated with the same sludge type, 

temperatures, and flows. However, the reference CSTR did not have a recirculation flow. In both systems 

the terms SRT and HRT can be used interchangeably since there was no solids-liquid separation. 

Nevertheless, the term SRT will be used to refer to the retention times. 
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3.3 Description of Provided Data 

The experimental data for this modelling study was provided by Guo et al. (2021). Four experimental 

phases can be distinguished. Phase 1 (days 0 – 72) is the unstable reactor phase (start-up) with a SRT of 22 

days, transitioning into a stable experimental phase 2 (days 72 – 152) with a SRT of 22 days. Followed by 

a shortening of the SRT to 15 days in phase 3 (153 – 259) and to 12 days in phase 4 (days 260 – 330), 

respectively (see table 4). 

 

Table 4 - Overview over experimental Phases, corresponding days and applied SRTs 

Experimental 

Phase 

Time (d) Applied SRT 

Phase 1 0 - 72 22 d 

Phase 2 72 - 152 22 d 

Phase 3 153 - 259 15 d 

Phase 4 260 - 330 12 d 

 

The provided data covers a period of 330 days for both anaerobic digestion systems that are modelled in 

the study at hand. For an overview of the provided measured variables by Guo et al. (2021) see Table 5. 

For the average values for tCOD, methane flow, total VFA and pH see Table 6 - Table 9 (next page). For all 

mean values see Appendix B. 
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Table 5 - Overview of provided measured variables by Guo et al. (2021). For a full list of the data see Appendix F. EA: average 

values were provided for cell-attached and free protease and cellulase respectively, EA was measured for each reactor for all 

experimental phases; Specific Hydrolysis Rates: were calculated based on the methane production, sCOD and the mass of VS in 

the reactor 

Variable Unit 
pH - 

tCOD g COD/L 
sCOD g COD/L 

Particulate COD (tCOD – sCOD) g COD/L 
Volatile Fatty Acids. mg/L or g/L 

Inorganic Nitrogen (NH4
+) mg/L or g/L 

Phosphate (PO43+) mg/L or g/L 
Alkalinity mg/L or g/L 

Total Solids (TS) wt% or g/L 
Volatile Solids (VS) wt% or g/L 

Methane flow ml/d or L/d 
Enzymatic Activities (EA) (U/L) or (U/g sludge) 
Specific Hydrolysis Rates gCOD/gVS/d 

 

Measured variables were sampled with varying frequency. Some variables such as pH, CODs, methane 

flow and solids were measured more frequently than ammonia -, phosphate -, and VFA concentrations. 

 

Table 6 - mean values for total COD, cleaned from outliers and reactor phases.. 

Mean tCOD (g/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 50.86 46.41 41.83 39.83 30.45 32.92 

Std. dev. 2.35 1.85 1.78 1.28 0.51 0.62 

SRT 15 d 50.84 47.44 44.16 41.93 30.75 34.38 

Std. dev. 1.97 2.41 2.81 2.55 1.20 1.01 

SRT 12 d 52.01 49.14 46.01 43.26 31.00 35.57 

Std. dev. 1.02 1.62 1.36 1.57 0.21 1.26 
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Table 7 - mean values for methane flow, cleaned from outliers and instable reactor phases. 

Mean methane flow (L/d) at each tested SRT in each reactor 

  Cascade Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 6.54 1.35 1.01 0.72 3.33 5.78 

Std. dev. 0.40 0.41 0.23 0.15 0.32 0.36 

SRT 15 d 10.29 1.64 1.53 1.33 5.71 9.05 

Std. dev. 0.87 0.44 0.23 0.32 0.53 0.76 

SRT 12 d 13.30 1.99 1.92 1.54 7.91 10.59 

Std. dev. 0.92 0.38 0.27 0.23 1.09 0.59 

Table 8 - mean values for total VFA concentrations, cleaned from outliers and reactor phases. 

Mean total VFA concentrations (mg COD/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 118 282 79 32 6 9 

Std. dev. 8 91 25 21 3 4 

SRT 15 d 151 365 163 58 6 6 

Std. dev. 138 49 15 24 3 4 

SRT 12 d 115 518 324 144 6 84 

Std. dev. 18 19 43 30 3 13 

Table 9- mean values for pH, cleaned from outliers and reactor phases. 

Mean pH (-) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 6.46 6.67 6.91 7.01 7.39 7.26 

Std. dev. 0.10 0.03 0.02 0.02 0.14 0.10 

SRT 15 d 6.34 6.63 6.77 6.85 7.42 7.13 

Std. dev. 0.15 0.10 0.09 0.10 0.09 0.10 

SRT 12 d 6.41 6.50 6.63 6.74 7.40 7.00 

Std. dev. 0.06 0.08 0.07 0.02 0.03 0.09 
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 METHODS 

This section describes the general approach and the specific methods that were applied during the study 

at hand. The setups of the two anaerobic digestion reactors (Cascade system and Reference CSTR), that 

were introduced in the Problem Statement (see Section 1.2) are described in detail in Section 3.2. The 

Anaerobic Digestion Model 1 (ADM1), developed by the International Water Association (IWA), is used as 

a frame for the tested hydrolysis models in this study (see Section 3.1). The process of data cleaning is 

described in Section 4.1. A parameter identifiability analysis by means of sensitivity analysis was performed 

to investigate if the hydrolysis rate coefficients of the first-order hydrolysis model in ADM1 can be 

calibrated meaningfully (see Section 4.2). The experimental data of Guo et al. (2021) was analysed by 

means of statistical analysis to derive a model structure for the empirical model in this study (see Section 

4.3). The developed structures of the general first-order model and the empirical model (based on the 

experimental data of Guo et al.’s (2021)) are described in Section 4.4. The calibration procedure for both 

models is discussed in Section 4. The two digestion systems were then implemented in the software 

Aquasim©(see Section 4.6). The methods for quantitative analysis of simulated results for the two tested 

models is described in Section 4.7. 

 

4.1 Data Cleaning 

The provided experimental data from Guo et al. (2021) was cleaned prior to the statistical analysis. The 

data from the experimental phase 1 (days 0 – 71) was excluded from the analysis since both digestion 

systems (cascade and reference) were not fully stable, yet. Consequently, the data analysis was done for 

all other experimental phases, i.e. Phase 2 (days 72 – 152), Phase 3 (days 153 – 259), Phase 4 (days 260 – 

330). To ensure that only data of stable reactor operation was considered, the first SRT of all experimental 

phases was excluded from the analysis, as well. Furthermore, the data was cleaned from outliers prior to 

the statistical analysis. For an overview of the data see Appendix B. Outliers and instable reactor phases 

were excluded for statistical analysis, models calibration and models validation. 

Outliers were identified by applying a lower-range limit and an upper range limit. The lower and upper 

limits for all data were calculated with Eq. 1.1. 1.1 and Eq. 1.2. 
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Since very extreme outliers would influence the IQR and consequently shift the lower and upper limits that 

are applied for selection of outliers, the described method was applied twice to exclude those extreme 

outliers. 

 

Lower range limit = Q1 – (1.5 · IQR) Eq. 1.1 

Higher range limit = Q3 + (1.5 · IQR) Eq. 1.2 

 

Where: 

 Q1  first quartile 

 Q3 third quartile 

 IQR Inner Quartile Range = (Q3 – Q1) 

 

4.2 Parameter Identifiability Analysis (Sensitivity Analysis) for ADM1 

To identify if the hydrolysis rate coefficients (namely khyd,ch, khyd,li, khyd,pr) in ADM1 can be identified in a 

meaningful way, a sensitivity analysis was performed. The three variables methane flow, ammonia and 

tCOD concentrations were tested for their sensitivity to a change in the hydrolysis rate coefficients. Since 

the modelling was done with the Software Aquasim©, the sensitivity analysis was performed with the same 

software. Aquasim© has a built-in sensitivity analysis algorithm that allows the user to choose from four 

different types of linear sensitivity functions. In this specific case the Absolute Relative Sensitivity (SensAR) 

function was chosen. The concept of the SensAR function is shown in Figure 4. The SensAR measures the 

absolute change of the tested variable (y) with respect to a 100% (relative) change of the parameter p. 

The SensAR function is suitable for the identifiability analysis of parameters since its unit is non-dependent 

on the unit of the parameter (Reichert 1998). The variables methane flow, ammonia and tCOD 

concentrations were tested (see Eq. 2Error! Reference source not found.) for their sensitivity to a 100% 

change in the hydrolysis rate coefficients. The SensAR function for all variables were then plotted over 

time (see Section 5.1). 
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𝛿௬,௣
௔,௥ = 𝑝 

𝜕𝑦

𝜕𝑝
 

Eq. 2 

     

Where: 

𝛿௬,௣
௔,௥ means absolute relative sensitivity of variable y with respect to  

a change in parameter p 

    𝜕𝑦 is the change in variable y 

    𝜕𝑝 is the change in parameter p 

 

Figure 4 - Concept of the Absolute Relative Sensitivity function, (Reichert 1998) 

 

4.3 Development of Empirical Model Structure 

 

4.3.1  Statistical Analysis 

All measured variables of the experimental data were analysed by means of statistical analysis. The 

method for this analysis consists of a comparison of average values (to smooth out variation in the data) 

for all reactors at all tested SRTs. 

The characteristics of the two reactor systems (cascade and reference) are analysed by means of 

comparison of averages of the measured variables. Those average values were plotted against each other 

(or with respect to time, concentration, reactor, or experimental phase). Linear and Logarithmic 
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Regression based on R²-values was used to reveal correlations in the data. For a description of the 

correlations that were found in the data see Section 5.3. These correlations were used to develop the 

empirical model structure which is described in Section 4.4.2 and to calibrate both tested models in this 

study (Section 4.5). 

 

4.3.2  Cascade System Analysis 

A series of CSTRs is approximating the behaviour of a plug-flow reactor but with the advantage of better 

controllability of the overall process. As pointed out in the literature review (see Section 2.5) a CSTR with 

low loading but a long retention time resembles the end of a batch experiment, whereas a CSTR with high 

loading and a short retention time resembles the beginning of a batch experiment. Since the cascade 

systems consists of a series of CSTRs it offers the opportunity to look at the degradation of WAS with time. 

During the system’s analysis this approach was used to describe the cascade system mathematically. Each 

reactor which each tested SRT was treated as an intermediate step of a batch experiment each with its 

individual assumed hydrolysis rate coefficient (based on specific hydrolysis rates identified by Guo et al 

(2021)). The operational parameters that changed during Guo et al’s study (2021) were identified and their 

influence on the specific hydrolysis rate was analysed. A logarithmic regression was applied to derive a 

formula to calculate the specific hydrolysis rates to apply them in the hydrolysis model. 

 

4.4 Structures of Implemented Hydrolysis Models 

In the study at hand, the general first-order hydrolysis model is tested and compared to a hydrolysis model 

that was based on the experimental data provided by Guo et al. (2021). The structure of the two models 

is described in this Section 4.4. The general first-order model was used in combination with the standard 

ADM1 (see section 4.4.1). However, the number of hydrolysis rate constants in ADM1 was reduced from 

three to one, due to a parameter identifiability problem (discussed in Section 5.1). The empirical model 

was framed by a simplified version of ADM1 (see Section 5.2). In the simplified ADM1 the number of 

hydrolysis rate coefficients is reduced to one and the disintegration step is omitted. Instead, the sludge is 

already theoretically split in degradable (Xd) and inert particulates (XI) with the loading in the reactor. 
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4.4.1  First-Order Hydrolysis Model as in ADM1 

The general first-order hydrolysis model in combination with the standard ADM1 uses three differential 

equations (one for each sludge fraction see Eq. 3.1 to 3.3) as described in more detail in Section 3.1. 

However, differently from the standard ADM1 only one hydrolysis rate constant is applied for all three 

equations. The first-order hydrolysis rate is linearly proportional to the COD concentration of the sludge 

fraction (see Eq. 3.1 to 3.3). 

 

𝑑𝑋௖௛

𝑑𝑡
= k୦୷ୢ,௖௢௡௦௧௔௡௧ · Xୡ୦ 

 

Eq. 3.1 

𝑑𝑋௣௥

𝑑𝑡
= k୦୷ୢ,௖௢௡௦௧௔௡௧ · X௣௥ 

 

Eq. 3.2 

𝑑𝑋௟௜

𝑑𝑡
= k୦୷ୢ,௖௢௡௦௧௔௡௧ · X୪୧ 

Eq. 3.3 

Where: 

 khyd,constant,  hydrolysis rate constant (d-1) 

 Xch   degradable fraction of carbohydrates (kg COD · m-3) 

 Xpr   degradable fraction of proteins (kg COD · m-3) 

 Xli   degradable fraction of lipids (k kg COD · m-3) 

 

4.4.2 Empirical Hydrolysis Model in Combination with Simplified ADM1 

For the empirical hydrolysis model Eq 4.1, 4.2 and 4.3 were implemented in a simplified that uses only one 

hydrolysis rate for the entire sludge instead of three individual expressions for each sludge fraction (i.e. 

carbohydrates, proteins and lipids). The modifications that were applied to the standard ADM1 and the 

reasoning behind it are discussed in Section 5.2. 

 For the empirical model the hydrolysis rate coefficient was made dependent based on load and the 

residence time along the reactor (named cumulative SRT (SRTc)) (see Eq. 4.3). The introduced term 

cumulative SRT refers to the time that the sludge solids spent in the reactor up to a certain position along 
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the system. The coefficient khydr, relative is applied in the hydrolysis model (see Eq. 4.1), in form of an 

empirically derived logarithmic function (see Eq. 4.2). The empirical formula was derived with the methods 

in described in Section 4.3 and is discussed in detail in Section 5.4. 

𝑑𝑋

𝑑𝑡
= 𝑘௛௬ௗ,௥௘௟௔௧௜௩௘ · 𝑝𝐶𝑂𝐷 

Eq 4.1 

𝑘௛௬ௗ,௥௘௟௔௧௜௩௘ = 0.0107 · ln( 𝑥 ) + 0.0295 Eq 4.2 

x =  
𝐿𝑜𝑎𝑑𝑝𝐶𝑂𝐷 ቀ

𝑔𝐶𝑂𝐷
𝑑

ቁ

𝑆𝑅𝑇𝑐 ቀ
1
𝑑

ቁ
 

Eq 4.3 

  Where: 

 khyd,relative hydrolysis rate coefficient 

 pCOD particulate COD (g COD/L) 

 LoadpCOD Massflow of particulate COD (g COD/d) 

 SRTc cumulative SRT (1/d) 

 

4.5 Calibration Procedure 

The tested standard ADM1 as well as the empirical hydrolysis model use the same sludge characteristics. 

The yield values for soluble sugars (Ssu), amino acids (Saa) and LCFAs (Sfa) were derived from experimental 

data of Guo et al. (2020a). These stoichiometric factors are applied in the hydrolysis rate equations of the 

two models. For an overview of the values that were used for both models see Table 10. The model 

simulations were run and calibrated with dynamic input data. The COD content of the sludge fractions (see 

Table 11) are based on measured values for WAS that are retrieved from Guo et al. (2020a), (see Table 

10). The measured characteristics refer to WAS from the same WWTP as in Guo et al. (2021). The COD 

values used for the calculations (in Table 11) were: 1.5 g-COD/g proteins, 1.07 g-COD/g carbohydrates, 

2.88 g-COD/g lipids. 
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Table 10 - measured sludge characteristics for WAS with respect to the VS fraction, * result of statistical analysis (see Section 

5.3.1). 

WAS Unit WAS 

VS/TS - 0.74* 

Degradable fraction of VS - 0.62 

Degradable fraction of WAS - 0.46 

Carbohydrates mg glucose/g VS 190 

Proteins mg/g VS 389 

Protein/Carbohydrates 2 2 

Lipids mg/g VS 35 

VFAs mg/g VS 5.6 

 

Table 11 - calculated and calibrated parameters for both models (the general first-order hydrolysis model and the empirical 

hydrolysis model in combination with the simplified ADM1). 

Parameter Unit Value 

Yield of Ssu from Xd kg COD S · kg COD X-1 COD in carbohydrates + (1- ffa,li) · 

COD in Lipids = 0.23 + 0.05 · 0.12 

Yield of Saa from Xd kg COD S · kg COD X-1 COD in Proteins = 0.65 

Yield of Sfa from Xd kg COD S · kg COD X-1 ffa,li · COD in lipids = 0.95 · 0.12 

Uptake rate of acetate (kmac) kg COD S · kg COD X-1 · d-1 20 

Uptake rate of propionate (kmpro) kg COD S · kg COD X-1 · d-1 35 

 

The values for the uptake rates of acetate (kmac) and propionate (kmpro) are calculated by first manually 

fitting them to the methane flow, acetate- and propionate concentrations, respectively. Visual inspection 

was applied to estimate the goodness of fit. In this way a wide range of values can be tested in a short 

amount of time. This is done since the calibration algorithm of Aquasim© can quickly get stuck in local 

minima or run for a long time until it reaches a minimum. First manually pre-calibrating can save a 

significant amount of time. Finally, kmac and kmpro were computationally fine-tuned. For the computational 

calibration the algorithm that is implemented in Aquasim© was used. Aquasim© uses Eq. 5 to minimize the 

sum of the squares of the weighted deviations between modelled output and the measurements (Reichert 

1998).  
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𝜒ଶ = ෍ ቆ
𝑦௠௘௔௦,௜ − 𝑦௜(𝑝)

𝜎௠௘௔௦,௜
ቇ

ଶ௡

௜ୀଵ

 
Eq. 5 

 

 

4.5.1 Calibration of General First-Order Model and ADM1 with one khyd 

The general first-order hydrolysis rate constant (khyd) was first manually pre-calibrated by fitting it to the 

experimental data of the methane flow and particulate COD. Finally, the parameter was computationally 

calibrated to fine-tune it. For the model calibration, the data of exp. phase 2 and 3 are used, i.e. the 

variables methane flow, tCOD, acetate and propionate concentrations. Data of experimental phase 4 (days 

260 – 330) was reserved for model validation. The calibrated khyd values for the cascade (0.21 · d-1 ) and 

the reference (0.3 · d-1) were applied to all sludge fractions in ADM1 due to a parameter identifiability issue 

(discussed in Section 5.1). 

 

4.5.2 Calibration of Empirical Hydrolysis Rate Model and simplified ADM1 

The empirical hydrolysis rate model was calibrated with the same procedure as the first-order hydrolysis 

rate in ADM1 with respect to the parameters listed in Table 10 and Table 11. For the model calibration, 

the data of experimental phase 2 and 3, i.e. the variables methane flow, tCOD, acetate and propionate 

concentrations were used. Data of experimental phase 4 (days 260 – 330) was reserved for model 

validation. 

Differently from the first-order model, the empirical model uses a changing hydrolysis rate coefficient for 

each reactor and with respect to each applied SRT. For the calibration of the hydrolysis rate coefficients 

the calculated specific hydrolysis rates of Guo et al. (2021) are used (see Table 12). These values of the 

specific hydrolysis rates were used as a dynamic input for khyd. After model calibration and for validation, 

khyd was implemented as a formula which was derived from the calculated specific hydrolysis rates (see 

Section 5.4). The logarithmic function (Eq. 4.2), shown in Section 4.4.2 is used for the calculation of khyd. 
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Table 12 - khyd values that were used for model calibration of the empirical model, the specific hydrolysis rates were calculated 

by Guo et al. (2021) 

Specfifc Hydrolysis Rates (gVS/gCOD/d) used as khyd 

Time (d) 
Cascade System 

Reference 
R1 R2 R3 R4 

72 -152 0.061 0.045 0.031 0.028 0.034 

153 - 259 0.074 0.061 0.054 0.047 0.046 

260 - 330 0.099 0.089 0.071 0.064 0.056 

 

 

4.6 Model Implementation in Aquasim© 

4.6.1 Implementation of Reactors in Aquasim© 

Both digestion systems were implemented in Aquasim©. In Aquasim© reactors are implemented in form 

of compartments. In this study all reactors were implemented as Mixed Reactor Compartments. The user 

can specify their volume, inflow, and loading. Furthermore, the user can manually specify the variables, 

processes and initial conditions that apply for the specific compartment. 

All compartments are implemented in the software with the setup described in Section 3.2. For the 

cascade system all reactors are linked with Advective Links. All reactor volumes were set to be constant 

(outflow = inflow). Each Mixed Reactor Compartment is implemented together with its complementary 

headspace (in Aquasim© also defined as Mixed Reactor Compartment). The two compartments are linked 

by means of a Diffusive Link. After the implementation of the reactors variables and processes are defined. 

Variables and processes can be set active for each compartment individually. The same accounts for initial 

conditions and loadings. 
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4.6.2 Implementation of Equations in Aquasim© 

The Aquasim© version of the standard ADM1 was modified according to Section 4.4. To implement a model 

in Aquasim© the user must first define all variables. Different types of “variables” can be chosen. In 

Aquasim©, real variables are called State Variables. These need to be defined before the rate equations 

can be implemented. The rate equations can then be implemented similarly to a matrix as shown in Table 

2 and Table 3 (see Section 3.1). After specifying the rate, the stoichiometric conversion factors for each 

substance involved in the defined reaction are entered. State Variables change according to the defined 

stoichiometric factor. When running a simulation Aquasim© calculates all State Variables for each specified 

timestep by solving the differential equation for the change of concentrations (see Eq. 6). In the study at 

hand, all models’ simulations, calibrations and sensitivity analysis were run with dynamic input loading. 

In Aquasim©, the rate of change of a concentration is defined as the sum of all reaction products times 

their equivalent stoichiometric coefficients of all process rates that are specified for a compartment. 

Aquasim© calculates the change of concentration over time by means of Eq. 6. 

𝑑𝐶௜

𝑑𝑡
=

𝐼௜௡,஼೔

𝑉ோ
−  

𝑄௜௡

𝑉ோ
 𝐶௜ + 𝑟𝑐௜   

 

Eq. 6 

Where: 

 Ci is the substrate concentration (dynamic volume state variable) 

 Iin,Ci is the loading of the substance, described by the concentration Ci  

multiplied with the inflow 

 VR is the reactor volume 

 Qin is the inflow to the reactor 

 rci is the sum of all transformation rates of the substance i with the 

concentration Ci 
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4.7 Analysis of Modelled Output 

The standard ADM1 and the empirical model were both quantitatively analysed in terms of data fit. The 

R² - value as well as the RMSE were calculated for all modelled variables in relation to the experimental 

data of Guo et al. (2021). The modelled output was compared to the experimental data of the methane 

flow, COD -, ammonia -, acetate - and propionate concentrations. The modelled data was exported from 

Aquasim© in form of a “.txt” file. The data files were then analysed with help of a python script (see 

Appendix E). 

To calculate realistic R² and RMSE values, the experimental data (Guo et al., (2021)) of the instable reactor 

phase (days 0 – 71) as well as the first SRT of each experimental phase was excluded for the analysis. 

Furthermore, outliers were removed from the data by the method as described in Section 4.1. 

An interpretation of the model results solely based on R² or RMSE values cannot give a clear picture 

whether the model worked well for the applied case. Therefore, additionally to the quantitative analysis, 

the results are compared qualitatively in terms of trends that we see in the experimental data of Guo et 

al. (2021), meaning obvious increases or decreases in concentrations or flows that can visually be 

observed. 
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 RESULTS AND DISCUSSION 

5.1 Sensitivity Analysis 

The variables pH, methane flow, ammonia-, acetate-, propionate- and tCOD concentrations were tested 

for their Absolute Relative Sensitivity to a 100% increase of the hydrolysis rate coefficients (khyd,ch, khyd,li, 

khyd,pr). The result of the SensAR functions (explained in Section 4.1) was plotted with time. The SensAR 

curves for the tCOD (kg/m3) and the methane flow (m³/d) are shown below (see Figure 5 and Figure 6). 

From the SensAR functions for the tCOD concentration and the methane flow one can observe similar 

curve shapes for all hydrolysis rate coefficients. This indicates a parameter identifiability problem of the 

tested parameters for the calibration procedure of the model since a positive change in one of the 

hydrolysis rate coefficients can be balanced out by a negative change in one of the others. Also, for the 

other variables pH, VFA and ammonia concentrations the same issue presented itself. 

 

Figure 5 - SensAR function for  tCOD (reactor 1 - 4 of the cascade system) with respect to the hydrolysis rate parameters  khyd: 

(black for carbohydrates, green for proteins and red for lipids) 
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Figure 6 - SensAR function for methane (reactor 1 - 4 of the cascade system) with respect to the hydrolysis rate parameters  khyd: 

(black for carbohydrates, green for proteins and red for lipids) 

 

Discussion 

It is questionable if a calibration of the three hydrolysis rate coefficients would yield a representative set 

of parameters that truly reflects the characteristics of the hydrolysis process. A solution to this problem 

could be to simplify the hydrolysis process in the ADM1 model by using only one hydrolysis rate coefficient 

for the sludge. This simplification is reasonable in the given context since little is known about the 

degradation kinetics of the individual sludge fractions. However, in other studies the description in ADM1 

might have its justification for instance when a set of experimentally verified hydrolysis rate coefficients 

for the different sludge fractions exists. 

 

5.2 Proposed Changes to ADM1 based on Parameter Identifiability Analysis 

The results of the parameter identifiability (see Section 5.1) revealed that the complexity of the hydrolysis 

functions as they are implemented in ADM1(described in Section 3.1) can be reduced for the modelling 

study at hand. Due to an identifiability problem of the hydrolysis rate parameters for the individual sludge 

fractions, the number of parameters is reduced from three to one. Furthermore, the disintegration step 
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of ADM1 is omitted in the empirical model as it was found to have little impact on the overall performance 

of ADM1. It is instead proposed to split the sludge with the loading to the reactor into a degradable fraction 

(Xd) and particulate inserts (XI). The loading replaces the disintegration step (j = 1). Process 2, 3 and 4 of 

the standard ADM1 are combined in one hydrolysis step, i.e. process 2 (see Table 14). Only the degradable 

fraction is considered to be degradable in the hydrolysis rate expressions. The structure of the simplified 

ADM1 that was applied in combination with the empirical model as presented in Tables 13 and 14. 

Table 13 – Applied changes to the standard ADM1 (Batstone, 2002)  for this study; Biochemical rate coefficients (νi,j) and kinetic 

rate equations (ρj) for particulate components (i = 13 – 16 and  24, j = 1 – 2), for a full overview of ADM1 see Appendix D 

Component →            i 13, 14, 15, 16 … 24 
Rate (j, kg COD·m-

3·d-1) j Process ↓ 
𝑋c, 𝑋ch, 𝑋pr, 𝑋li  

𝑋d 
… 𝑋I 

1 Loading fdegradable  1- fdegradable Qin · 𝑋WAS 

2 Hydrolysis of WAS -1   kℎ𝑦𝑑,𝑐ℎ·𝑋d 
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Table 14 - Applied changes to the standard ADM1 (Batstone, 2002) for this study; Biochemical rate coefficients (νi,j) and kinetic 

rate equations (ρj) for particulate components (i = 1 – 3, j = 1 – 2), for a full overview of ADM1 see Appendix D 

Component →           i 1 2 3 Rate (j, kg COD·m-

3·d-1) j Process ↓ Ssu Saa Sfa 

1 Loading     

2 
Hydrolysis of 

Carbohydrates 
(fsu,Xd) + (1-ffa,Xd)  fpr,Xd ffa,Xd kℎ𝑦𝑑,𝑐ℎ·𝑋𝑐ℎ 
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5.3 Results of Statistical and Cascade System Analysis 

5.3.1 Linear Regression for VS/TS 

A linear regression was performed for the ratio of VS to TS (see Figure 7). The data implies a linear 

relationship between the VS concentration and the TS concentration with good agreement (R² = 0.99). 

However, at lower solids concentrations which are observed at the end of the cascade system the data 

points in Figure 7 indicate a stabilisation of the ratio of VS/TS. The ratio of VS/TS (0.74) was used to 

calculate the degradable fraction of WAS (see Table 10 in Section 4.5). 

 

 

Figure 7- Linear regression for VS and TS, the dots represent average values of each reactor at different applied SRTs. 

 

5.3.2 Linear Regression for gCOD/gVS 

For the sludge input of the models the COD content of VS is required. Therefore, a linear regression was 

performed for the tCOD concentration and the VS concentration (see Figure 8). The data implies a linear 

relationship with good agreement (R² = 0.99). The linear coefficient of 1.55 was used as COD content for 

1 g of VS. This COD content is somewhat higher than the generally assumed 1.42 g for biomass cells. The 

factor 1.55 was still used for the sludge input of degradable material and inert material for both hydrolysis 

models. 
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Figure 8 - Linear regression for tCOD and VS, the dots represent average values of each reactor at different applied SRTs. 

 

5.3.3 Linear Regression for Specific Hydrolysis Rates against Enzymatic Activity 

Guo et al. (2021) mentioned a higher increase in enzymatic activity compared to the calculated specific 

hydrolysis rates. The linear regression for specific hydrolysis rates against the total EA (see Figure 9) implies 

a linear correlation between the two variables but still supports Guo et al.’s (2021) observation since the 

slope of the regression line is far below 1. For the regression that is presented in this section the total 

enzymatic activity (U · g sludge-1) was used. 

 

Figure 9 - Linear regression of specific hydrolysis rates and total enzymatic activity. The dots represent average values of each 

reactor at different applied SRTs. 
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5.3.4 Linear Regression for HRsp OLR and Load 

The statistical analysis revealed that there is no clear linear correlation between the determined specific 

hydrolysis rates and the COD concentrations in each reactor for all applied SRT. This observation agrees 

with Guo et al., (2021). Figure 1 in Section 1.2 visualises this trend. However, in this study a strong linear 

correlation was found for the calculated specific hydrolysis rates with respect to the applied local Organic 

Loading Rate (OLR, (g VS · L-1 · d-1)) for each reactor (see Figure 10). The specific hydrolysis rates are strongly 

linearly correlated with the OLR when looking at reactor one to three of the cascade system. The same 

accounts for the fourth reactor and the reference which show very similar behaviour (see Figure 10). An 

even stronger correlation of HRsp was found in relation to the load to each reactor (massflow of COD or 

solids per day, (g COD · d-1 or g VS · d-1)). This implies that the hydrolysis rate is mainly determined by the 

load (see Figure 11). However, Figure 10 indicates that hydraulically the cascade system might be seen as 

two distinct units. Reactors one to three can be seen as one unit and the fourth reactor as another. 

Logically, the fourth reactor is strongly influenced by the first three reactors in the system. 

 

Figure 10 - Linear correlations between OLR and the HRsp for reactors 1 - 3  (R1-R3; blue) of the cascade and reactor 4 (R4, red) 

of the cascade and the Reference (Ref, red). The dots represent average values of each reactor at different applied SRTs. 
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Figure 11 - Linear correlations between specific hydrolysis rates and the load for the cascade the Reference. The dots represent 

average values of each reactor at different applied SRTs. 

Discussion 

Based on Figure 10 it is possible that for the specific case of digestion of WAS in a cascade system a 

hydrolysis model with multiple hydrolysis rate coefficients for each reactor or one for reactors one to three 

and one for reactor four might perform better than the first-order hydrolysis model as currently 

implemented in ADM1 which assumes a hydrolysis rate constant for the entire system. The fact that the 

reactors during Guo et al.’s (2021) study were operated at constant influent tCOD and VS concentrations 

in combination with an increase at lowered SRTs inevitably leads to the assumption that the first-order 

hydrolysis rate constant is double-defined and must in fact be a coefficient. This statement assumes that 

an increase in specific hydrolysis rates would lead to a lower effluent COD or solids concentration. 

However, in the case of the reference we observe an increase of effluent concentrations even though that 

specific hydrolysis rates increased. Therefore, making the hydrolysis rate dependent on the load and the 

time available for hydrolysis seems reasonable. 

 

5.4 Results of Cascade Systems Analysis 

A series of CSTRs is approximating the behaviour of a plug-flow reactor but with the advantage of better 

controllability of the overall process. As pointed out in the literature review (see Section 2.5) a CSTR with 

low loading but a long retention time resembles the end of a batch experiment, whereas a CSTR with high 

loading and a short retention time resembles the beginning of a batch experiment. Since the cascade 

systems consists of a series of CSTRs it offers a good opportunity to look at the degradation of WAS with 

time. During the system’s analysis this approach was used to describe the system mathematically. Each 
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reactor which each tested SRT was treated as an intermediate step of a batch experiment. The system 

analysis at hand revealed that the cascade might be describable by a batch with its different stages during 

digestion. Theoretically, a true plug-flow system without recycling stream is like a batch. In the case of the 

cascade system however there is a recycling stream from the third to the first reactor in series. The above-

mentioned approach might therefore have its limitations in the given context of this study. 

When looking at the specific hydrolysis rates that were calculated by Guo et al. (2021) (see Figure (12) one 

can see that they change along the reactor and with the individual experimental phases (see Figure 12). 

This indicates that there are at least two unique factors influencing the specific hydrolysis rate. 

 

Figure 12 - Cascade system analysis with respect to specific hydrolysis rates, the individual dots in the graphic represent the HRsp 

plotted against total SRT (or flow) and against the SRTc (residence time in the system). 

A plug flow reactor or a series of CSTRs differ from a single CSTR since they cause a change of concentration 

and loading along the reactor or with residence time in the system. Therefore, the term cumulative SRT 

(SRTc) is introduced to describe the solids retention time up to a certain point in the cascade system. The 

only real operational parameter that changes during the individual experimental phases of Guo et al.’s 

study (2021) is the inflow to the system or the load, meaning the mass flow of solids to the reactor per 

day. The load in Guo et al.’s (2021) study was inevitably changed by the inflow (L·d-1) to the systems. With 

the increase of the flow (L·d-1) also the total SRT of the system lowered and in consequence influenced the 

local residence times of each reactor in the system (described by SRTc). 
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Since the parameters load (massflow of solids to the system) and SRTc along the system are the only two 

factors that change it was hypothesised that the pattern that can be observed in the determined specific 

hydrolysis rates is dependent on the load and SRTc. Therefore, by mathematically combining these two 

factors it was tried to derive a relationship which can reproduce said specific hydrolysis rates. When 

dividing the load of particulate COD by the SRTc a similar pattern was achieved as can be seen in the change 

of specific hydrolysis rates with respect to a decrease in SRT. A logarithmic regression of the calculated 

specific hydrolysis rates with respect to the ratio of the LoadVS to the SRTc yielded a function (see equation 

x) that can estimate the specific hydrolysis rates in the cascade system with good agreement (R² = 0.69). 

 

Table 15 - Logarithmic regression for specific hydrolysis rates with respect to load and SRTc. 
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Eq. 4.3 

 

Since a pre-calibration of the empirical model (see Section 4.5.2) with the specific hydrolysis rates as 

dynamic time series yielded good results for the hydrolysis of WAS in the cascade system. The empirically 

derived logarithmic function (see Eq. 4.2) was implemented in the empirical model to replace the dynamic 

time-series so that the model can also be applied without hard data. This derived function can be seen as 
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a modification of the general first-order hydrolysis model by considering the ratio of substrate to biomass 

(S/X) by applying the load and a cumulative SRT. In Eq. 4.2, the load represents the substrate whereas the 

biomass is represented by the dilution rate (SRT-1) or in the case of the cascade system (SRTc-1). 

Discussion 

The mathematical description for the reproduction of specific hydrolysis rates that was derived in this 

section takes the ratio of sludge mass flow to SRTc into account. The factor α in front of the natural 

logarithm, and therefore the shape of the curve, might be sludge dependent. The same accounts for the 

constant that is added to the logarithm. As can be seen in Eq. 4.2 there is a discrepancy of the units with 

the calculated specific hydrolysis rate. One solution could be to give the factor α in front of the ln an 

adequate unit (d · g VS-1) (see Eq. 4.3). The unit of the factor α seems reasonable since it is sludge 

dependent how long it takes to degrade 1 g VS of a certain type of sludge. Potentially, it is possible that 

the factor α is recycling dependent, especially if the recirculation from reactor three to reactor one of the 

cascade functions as a pre-treatment for the post-digester (fourth reactor). In the empirical model the 

specific hydrolysis rates were multiplied with the pCOD (see Eq 4.1 in Section 4.4.2) which leads to 

somewhat unusual units. Therefore, this mathematical description of the system probably entails some 

other unknown factor which is needed to correct the units of the hydrolysis rate to the common unit of 

gCOD · d-1. For instance, this factor could be the contribution of VS to the total COD (gVS · g COD-1) which 

would correct the units adequately. 

Arguably, the correlation between specific hydrolysis rates and the load (Figure 11) is much stronger than 

for the empirically derived function (Eq.4.2 in this Section). However, the logarithmic function (Eq. 4.2) has 

the benefit of limiting the hydrolysis rate for increasing loads since the logarithmic curve approaches a 

limit (see Figure 15). Intuitively, this description seems reasonable since above a certain ratio of load to 

residence time the biomass in the reactor would not have sufficient time to degrade the sludge any faster. 

However, Eq. 4.2 has its limitations. Since it is calibrated to Guo et al.’s (2021) cascade system it is unsure 

if it would work for a different reactor system or a different type of sludge. Future studies could test if this 

description is applicable to other systems or if it is unique for the researched cascade system. The second 

limitation for Eq. 4.2 is that it is only applicable if there is no washout of hydrolysing bacteria, meaning 

that the system SRT must already be correctly adjusted to maintain biomass at steady-state. 
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5.5 Modelled Results of ADM1 

5.5.1 Results of ADM1 for Cascade System 

This section qualitatively analysis the results of the modelled variables. Based on visual inspection the 

ADM1 managed to describe the experimental data of the cascade reactor for the first 150 days with 

respect to the measured variables tCOD (kg·m-³), methane flow (m³·d-1) and acetate concentrations (kg·m-

³) reasonably well (see Figure 13). The model underestimated the methane flow from day 260 onwards. 

This can be linked to the constant increase in particulate COD in the fourth reactor. The measured pH was 

consistently underestimated for all reactors of the cascade system. The strong decrease in pH of reactor 1 

of the cascade could be explained by the sharp increase that can be seen in acetate concentrations (see 

Figure 13). 

The graphs of the other modelled variables sCOD, ammonia, propionate and alkalinity are presented in 

Appendix C. Measured ammonia (mg/L) concentrations are consistently underestimated by the model. 

The same accounts for the alkalinity. Propionate is simulated similarly well as the acetate concentrations. 

The sCOD concentrations are in a reasonable range but the trends in the experimental data were not 

reproduced by the model. 

Discussion 

From visual inspection one can see that the standard ADM1 hydrolysis model was applicable for the first 

SRT of 22 days (until day 152). However, it seems that the model with one hydrolysis rate coefficient was 

not able to adapt to a lowered SRT with respect to solids concentration and methane flow in the fourth 

reactor (see modelled particulate COD in Figure 13). The representation of the methane flow and the tCOD 

concentrations deteriorated with shortening of SRT from 22 to 15 days in phase 3 (days 153 -259) and 

from 15 to 12 days in Phase 4 (days 260 - 330), respectively. The consistent underestimation of the 

ammonia concentration especially in reactor four might be linked to this observed trend. The modelled 

methane flow shows an increase even though effluent solids concentration increased. This seems logical, 

provided that no washout of biomass occurs, since when more solids are fed to the reactor per day there 

is more material that can be hydrolysed. However, the effluent solids concentration will still decrease at 

steady state since there is less time available for the biomass for solids hydrolysis. 
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Figure 13 - Modelled results of the standard ADM1 hydrolysis model for the cascade system for the variables methane 
flow, tCOD, pH and acetate and plotted with the experimental data of Guo et al. (2021), The R² values and RMSE 
values in the title refer to reactor 
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5.5.2 Results of ADM1 for Reference System 

This section qualitatively analysis the results of ADM1 for the reference reactor. Visually it is observable 

that ADM1 managed to describe the experimental data of the reference over all experimental phases with 

respect to the measured variables tCOD (kg·m-³), methane flow (m³·d-1) reasonably well (see Figure 14). 

The modelled range of methane flow and COD concentrations fits to the experimental data. Also, the 

stepwise increase in methane flow is observable. The trends of increasing COD concentrations is 

reproduced by the model. The measured pH is in the range of what can be considered reasonable, 

especially towards the end of the simulation. Contradictory is that we observe a decrease in pH for the 

reference based on experimental data. The model shows a rather constant pH, likely linked to the low 

modelled acetate concentrations. This might be due to the calibration of the uptake rates for VFAs since 

the same can be observed wit propionate. It seems that the calibration of these values fits for the cascade 

system but not for the reference which makes sense since the reference reactor suffered from process 

deterioration and VFA accumulation for the lowered SRTs of 15 and 12 days. This is not observed in the 

cascade which is possibly linked to some sort of microbial adaption as indicated by Guo et al. (2021). 

The other modelled variables sCOD, ammonia, propionate and alkalinity are presented in Appendix C. 

Measured ammonia (mg/L) concentrations are consistently underestimated by the model. The same 

accounts for the alkalinity. Propionate is simulated similarly well as the acetate concentrations. The sCOD 

concentrations are in a reasonable range but the trends in the experimental data were not reproduced by 

the model. 
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Figure 14 - Modelled results of ADM1 for the reference system for the variables methane flow, tCOD, pH and acetate and plotted 
with the experimental data of Guo et al. (2021), The R² values and RMSE values in the title refer to reactor one to four (from left 
to right). 
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5.6 Results of Empirical Hydrolysis Model 

5.6.1 Results of Empirical Model for Cascade System 

Just based on visual inspection it seems that the empirical hydrolysis model in combination with the 

simplified ADM1 managed to describe the cascade system better than the general first-order model (see 

Figure 15) for most variables and tested SRTs. This is especially obvious for the particulate COD in reactor 

four of the cascade (see figure x). The empirical model somewhat overestimated the methane flow during 

the first 150 days of the model for all reactors. For the other experimental phases (days 152 – 259 and 260 

– 330) the methane flow is represented better. The range of ammonia concentrations was estimated 

significantly better than by the standard ADM1 (see Appendix C). In experimental phase 4 (days 260 – 330) 

the empirical model slightly overestimated the acetate concentrations in reactor 1 which possibly lead to 

a sharp modelled decrease in pH. Based on visual inspection the empirical hydrolysis model seems to 

perform well. The modelled variables sCOD, ammonia, propionate and alkalinity are presented in 

Appendix C. 

Discussion 

The visual inspection shows that the empirical model which applied a changing hydrolysis rate coefficient 

based on load and SRTc was applicable with good agreement for all applied SRTs (22, 15 and 12 days). 

With respect to the results of the ADM1 for the cascade system it seems that one hydrolysis rate coefficient 

was not able to fully describe the experimental data at the low SRTs with respect to solids concentration 

and methane flow in the fourth reactor (see Figure 15). Interestingly, the deterioration in predictive 

capability of ADM1 occurred for the fourth reactor. Therefore, it is possible to assume that the model was 

well calibrated with respect to the first three reactors. However, it is possible that the first three reactors 

of the cascade function as a sort of pre-treatment to the fourth reactor where most of sludge solids are 

converted. It might be that the first three reactors of the cascade enhance the hydrolysis rate in the fourth 

reactor. Assuming this is true, it would be difficult to capture this trend with only one hydrolysis rate 

coefficient since a calibration for the entire system would always entail a trade-off between the reactors. 

This shows the benefit of an equation that is based on the design of the reactor due to which the hydrolysis 

rate can adapt to the position along the cascade. 
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Figure 15 - Modelled results of the empirical hydrolysis model for the cascade system for the variables methane flow, 
tCOD, pH and acetate and plotted with the experimental data of Guo et al. (2021), The R² values and RMSE values in 
the title refer to reactor one to four (from left to right). 
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5.6.2 Results of Empirical Model for Reference System 

Similar as for ADM1 the empirical model can reproduce the increase of particulate COD in the reference 

reactor (see Figure 16) for the shorter SRTs (15 and 12 days). Same as for the cascade system the 

empirical model overestimated the methane flow for the first 150 days of the simulation (Figure 16). The 

variables pH and acetate are represented in a similarly as by ADM1. The empirical model performs better 

in terms of prediction of ammonia concentration and alkalinity (see Appendix C). Modelled propionate 

concentrations and sCOD are shown in the Appendix C as well. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 16 - Modelled results of the empirical model for the reference system for the variables methane 
flow, tCOD, pH and acetate and plotted with the experimental data of Guo et al. (2021), The R² values and 
RMSE values in the title refer to reactor one to four (from left to right). 
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5.9 Results of Quantitative Model Analysis (R² and RMSE) 

Both models were quantitively analysed in terms of R² and RMSE. The calculated R² and RMSE-values 

respectively are presented in Tables 16 and 17. 

Table 16 - R² and RMSE values for the cascade system. Green cells mean that the respective model performed better than the 

other tested model. 

Calculated R²-values for the Cascade System 

  Standard ADM1 Empirical hydrolysis model 

Variable R1 R2 R3 R4 R1 R2 R3 R4 

pCOD 0.4 0.28 0.32 0.06 0 0.03 0.16 0.03 

methane 0.08 0.67 0.6 0.86 0.12 0.62 0.55 0.87 

pH 0.36 0.54 0.54 0.02 0.39 0.58 0.56 0 

acetate 0.78 0.95 0.86 0.17 0.76 0.96 0.87 0.16 

propionate 0.62 0.92 0.82 0.06 0.6 0.93 0.82 0.09 

sCOD 0.66 0.05 0.1 0.43 0.65 0.02 0.11 0.47 

ammonia 0.03 0.14 0.1 0.04 0.05 0.19 0.14 0.06 

bicarbonate 0.02 0 0.17 0.46 0.01 0.02 0.23 0.5 

         
Calculated RMSE-values for the Cascade System 

  Standard ADM1 Empirical hydrolysis model 

Variable R1 R2 R3 R4 R1 R2 R3 R4 

pCOD 1.92 2.32 2.19 4.19 2.42 2.55 2.23 2 

methane 0.56 0.51 0.31 1.87 0.52 0.49 0.42 1.22 

pH 0.26 0.12 0.12 0.46 0.27 0.13 0.12 0.38 

acetate 0.07 0.04 0.03 0 0.07 0.04 0.03 0.01 

propionate 0.05 0.01 0.01 0 0.04 0.01 0.01 0 

sCOD 0.53 0.8 1.14 0.33 0.41 0.67 1.04 0.29 

ammonia 0.09 0.11 0.12 0.29 0.1 0.12 0.12 0.14 

bicarbonate 369 296 271 801 331 320 377 215 

 

From visual inspection both models seem to perform reasonably well. However, the quantitative analysis 

shows relatively low R² values for both models for almost all variables and reactors. This is likely due to 
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the many processes that are implemented in ADM1. This detailed description in ADM1 of the AD process 

might lead to peaks where no peaks are observable in the experimental data. The agreement of the 

modelled output with the range of the experimental data is of sufficient for most applications in practice. 

Therefore, a low R² value does not necessarily mean that the predictive capacity of the models is low. The 

level of detail that ADM1 produces is not required for most practices and the modelled output is within 

the range of the experimental data. It makes therefore sense to also look at the RMSE which is in 

reasonable agreement with the experimental data and good agreement with the standard deviations of 

the experimental data (see Appendix B). 

Table 17 - R² and RMSE values for the reference system. Green cells mean that the respective model performed better than the 

other tested model. 

Calculated R²-values for the Reference 

System 
 

Calculated RMSE-values for the 

Reference System 

  Model 
 

  Model 

Variable ADM1 Empirical 
 

Variable FO Empirical 

pCOD 0.49 0.49 
 

pCOD 1.5 1.8 

methane 0.88 0.9 
 

methane 0.8 1.32 

pH 0.41 0.48 
 

pH 0.22 0.18 

acetate 0.44 0.85 
 

acetate 0.17 0.03 

propionate 0 0.44 
 

propionate 0.1 0.1 

sCOD 0.22 0.24 
 

sCOD 0.36 0.32 

ammonia 0.03 0.02 
 

ammonia 0.42 0.5 

bicarbonate 0.74 0.81 
 

bicarbonate 621 289 

 

Discussion 

Based on the quantitative analysis R² values are low for both models. However, the RMSE is in reasonable 

agreement with the experimental data for most variables. Therefore, the overall predictive capability can 

be considered as acceptable for both models. Based on the visual inspection the empirical model with 

dynamic hydrolysis rate coefficient is representing the cascade system better, especially with respect to 

the model performance in the fourth reactor. This is a strong point for the empirical model since the 

correct representation of particulate COD is one of the main points of interest when modelling the 

hydrolysis of sludge solids. The first-order hydrolysis model’s predictive performance deteriorated with 
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lowered SRT, whereas the empirical model with dynamic hydrolysis rate coefficient was able to adapt and 

maintain to the lowered SRT (especially in phase 4, days 260 -330) and reproduce the stable particulate 

COD concentrations observed in the cascade system. The fact that the calculated specific hydrolysis rates 

of Guo et al. (2021) worked well to calibrate the empirical model and that the derived logarithmic function 

(see Eq. 4.2) based on load and SRTc can be applied is an indication that the representation of the 

hydrolysis process in the cascade system with a varying hydrolysis rate coefficient based on load and 

residence time along the system is valid. This can at least be assumed for the cascade system and might 

be true for other plug-flow systems as well. In case of the reference system, it seems more practical to use 

the standard first-order model since it is easy to apply. 

The implemented simplification of ADM1 (see Section 5.2) that was applied for the empirical model did 

not have any clear negative impact on the predictive performance of the model. However, this might be 

different for other systems or other sludge types. Therefore, the proposed simplification to ADM1 in this 

study seems to be reasonable since the parameter identifiability problem makes it difficult to meaningfully 

calibrate the hydrolysis rate coefficients for ADM1. It is possible that the partitioning in three individual 

sludge fractions makes sense when they hydrolysis rate coefficients are validated experimentally. 

However, this is rarely done in research and not common practice in anaerobic digester control and 

operation. 
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 GENERAL DISCUSSION 

The modelling study at hand tested an empirical model based on experimental data (provided by Guo et 

al. (2021)) in combination with a simplified ADM1. The developed model was compared to the standard 

ADM1 which uses the general first-order hydrolysis model as suggested by Eastman and Ferguson (1981). 

Both models were applied for Guo et al.’s (2021) multi-stage cascade system and compared in terms of 

data fit. 

The sensitivity analysis for parameter identifiability was used to see whether the hydrolysis rate 

coefficients that are currently applied in the standard ADM1 are identifiable by means of computational 

or manual parameter estimation. The sensitivity analysis showed that there is a parameter identifiability 

problem for the hydrolysis rate coefficients as they are currently implemented in ADM1. Therefore, a 

simplification of the model as discussed in Section 5.2 seems to be justified, at least for the modelled case 

of AD of WAS in the Guo et al.’s (2021) cascade system. The description of the hydrolysis process by means 

of three individual hydrolysis rate coefficients might be adequate for other sludge types and other reactor 

systems. However, if additionally, the hydrolysis rate coefficient for the individual sludge fractions would 

change with reactor design, as was indicated in this study, the mathematical description of the hydrolysis 

process would get overly complex and probably impossible to calibrate. Therefore, a simplification of 

ADM1 in terms of hydrolysis rates is proposed. 

The general first-order hydrolysis description showed to be applicable as long as the systems HRT did not 

change. However, once the system SRT was lowered from 22, to 15 and then to 12 days respectively the 

predictive capacity of the first-order model decreased. Measured methane flows and COD concentrations 

were not accurately represented by the general first-order model. The empirical model with a hydrolysis 

rate coefficient based on load and retention time managed to describe the experimental data with good 

agreement except for ammonia concentrations and pH. This however, also applied for the general first-

order model and might therefore be due to an improper calibration with respect to nitrogen contents of 

the WAS feed. 

The fact that a single hydrolysis rate coefficient was not able to completely model Guo et al.’s (2021) 

cascade system for the digestion of WAS shows that the general first-order hydrolysis model might indeed 

need some sort of modification to be universally applicable as was previously proposed by other authors 

(see Section 2.3). One hydrolysis rate coefficient might be enough for sludges or substrates that are readily 
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biodegradable. However, it might be a more accurate description to use a hydrolysis rate coefficient for 

each reactor in a cascade system, especially for those sludges that experience significant structural 

changes in the sludge matrix (such as WAS) with degradation time. Multiple hydrolysis rate coefficients 

could potentially represent this gradual change in sludge structure and composition along the system. 

The statistical analysis of Guo et al.’s (2021) system showed that the specific hydrolysis rates where 

dependent on the loading rate as well as the load and the SRTc in the respective CSTRs of the cascade. The 

calibration of the empirical model by means of the calculated specific hydrolysis rates (Guo et al. 2021) 

strongly supports these results. Furthermore, the calibration by means of specific hydrolysis rates supports 

the calculation method of hydrolysis rate coefficients that was used by Guo et al. (2021) which is a method 

derived for batch experiments. It seems, that, as stated by Koch and Drewes (2014), methods that were 

developed for batch experiments are to some extent transferable to modelling CSTRs and cascading 

systems. In this context, the developed method of describing Guo et al.’s (2021) cascade system in terms 

of load and cumulative SRT (SRTc) seems reasonable. 

By means of regression models an empirical function was derived to calculate the specific hydrolysis rates 

or hydrolysis rate coefficients. The function was applied in the empirical model to estimate the hydrolysis 

rate coefficient dependent on load per day (mass flow) and retention time along the system. The reasoning 

behind this model is that not only the substrate concentration but the mass flow must play a significant 

role in the description of difficultly degradable sludge types as it takes time to break down the structure 

of WAS which might be represented by the here newly introduced factor α in the model. The factor 1/SRTc 

included in the empirical logarithmic function might be comparable to the results of Nelson and Holder 

(2009) who showed that the effluent concentration of each CSTR in a series of CSTRs was dependent on 

the factor 1/τ (τ = total residence time). A microbiological explanation for this description could be that 

the applied factor 1/SRTc or 1/τ (representing in fact the dilution rate of the cascade system or individual 

CSTRs) must be equal to the growth rate of the biomass otherwise washout of bacteria would occur. 

It seems logical that the dilution rate in combination with the loading are two parameters that strongly 

influence the hydrolysis process of sludge solids. Whether the empirically derived logarithmic function to 

describe the hydrolysis of WAS in a cascade system can be transferred to other systems and sludge types 

remains to be seen. This could be the focus of future laboratory or modelling studies. 
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 CONCLUSIONS AND RECOMMENDATIONS 

7.1 Conclusions 

The study at hand revealed that the specific hydrolysis rates calculated by Guo et al. (2021) are strongly 

dependent on the applied loading rate and load. The specific hydrolysis rates also seem to be time 

dependent which was described by introducing the term cumulative SRT for cascade systems. These 

observations lead to development of an empirical model that can be seen as a modification to the first-

order model that is implemented in ADM1. 

The empirical model was shown to be applicable for the given context and managed to describe the 

hydrolysis of WAS in the cascade system to a reasonable extent. The performance of the empirical model 

in combination with the simplified ADM1 did not perform worse than the standard ADM1. With respect 

to the fourth reactor the empirical model managed to predict the experimental data significantly better 

than the standard ADM1. The empirical model also showed better performance for the variables ammonia 

and alkalinity where the ADM1 performed relatively low. 

The results of this study indicate that the hydrolysis rate coefficients not only depend on sludge type and 

substrate concentration but also on the applied load of sludge solids per day and the local residence time 

in the system, the implementation of multiple hydrolysis rate coefficients could be a good approach to 

model cascade or multi-stage type systems. 

The description of the hydrolysis process as currently implemented in ADM1, namely the partition of the 

sludge in individual fractions, seems to be too complex in the context of this study. Therefore, a 

simplification to one hydrolysis rate coefficient for the entire sludge, but dependent on sludge type and 

reactor design, is proposed. 

The cascade system of Guo et al. (2021), as other cascade systems too, shows a concentration profile along 

the reactor. The description of the cascade system in terms of different stages of a batch reactor 

experiment was hypothesised and seems reasonable with view on the results of the study at hand. 

Therefore, the term cumulative SRT was used to describe the residence time up to certain point in the 

cascade system. The use of the SRT at each stage of the system seems reasonable in context of the 

modelled output. 
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The factor 1/SRTc was applied in the empirical logarithmic function (see equation 4.3) to calculate the 

specific hydrolysis rates for the cascade system. The developed function showed to function reasonably 

well in the modelled context for most engineering applications. However, it is unclear at this stage if the 

derived empirical function can be applied to other systems and sludge types as well. Therefore, a follow 

up study to explore the potential of this description of the hydrolysis process is highly recommended. 

 

7.2 Recommendations 

With respect to the results of this study it is recommended to further investigate what setups for cascade 

reactors are most efficient for the hydrolysis of sludges such as WAS since the design of the overall system, 

i.e. the applied SRTs, loads as well as recycling ratios are crucial for the hydrolysis of solids. Furthermore, 

the position of the recycling stream seems to play an essential role in the hydrolysis of sludge solids and 

overall reactor performance. 

It is further recommended to test if the application of multiple hydrolysis rate coefficients is also applicable 

for other systems and sludges. It is certainly interesting to further explore this direction for the modelling 

of cascade reactors. 

The ADM1 seems to be overly complex with respect to the variables that are commonly measured in 

engineering practice, therefore it is proposed to reduce the number of hydrolysis rate equations. Even 

more so since there seems to be parameter identifiability issue for the hydrolysis rate coefficients as 

currently implemented in ADM1. The complexity could be reduced by implementing only one hydrolysis 

rate expression for the overall substrate instead of one individual expression for each sludge fractions. The 

partitioning into carbohydrates, proteins and lipids can still be accounted for by means of stoichiometric 

factors. 

The empirical model implemented the degradable fraction of WAS as part of the feed by splitting it up in 

a degradable and a non-degradable fraction. The modelled results imply that this is a reasonable 

simplification for the given context where biomass and substrate were not clearly distinguishable. 
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 APPENDIX – Data Overview 

This is an overview of the mean values including standard deviations for each reactor for experimental 

phase 2 (SRT = 22 days), phase 3 (SRT = 15 days) and phase 4 (SRT =12 days) respectively. The data 

provided by Guo et al. (2021) presented here was cleaned from outliers. Data of instable reactor periods 

were excluded as well. The cleaning process led to some means not having a standard deviation (marked 

with (-)) because only one value remained. These are exceptions and those data was not used for the 

model. 

Table 18 - Mean values of total enzymatic activity for each reactor and all tested SRTs. 

Enzymatic 

Activity (U/g 

sludge) 

Cascade Reference 

Feed R1 R2 R3 R4 Reference 

SRT=22 days 2.97 6.25 4.76 3.58 2.65 3.23 

Std. Dev. 0.43 0.50 0.41 0.33 0.31 0.39 

SRT=15 days 3.46 12.28 11.71 9.20 6.16 6.43 

Std. Dev. 0.67 1.05 0.74 0.46 0.24 0.34 

SRT=12 days 3.55 15.84 13.89 11.91 9.80 7.13 

Std. Dev. 0.70 0.88 0.82 0.65 0.48 0.66 

 

Table 19 - Mean values of specific hydrolysis rates for each reactor and all tested SRTs. 

Specific Hydrolysis 

Rates (gCOD/gVS/day) 

Cascade Reference 

R1 R2 R3 R4 
 

Ph 2 (SRT 22 = d) 0.061 0.045 0.031 0.028 0.034 

Std. Dev. 0.007 0.012 0.004 0.003 0.003 

Ph 3 (SRT 15 = d) 0.074 0.061 0.054 0.047 0.046 

Std. Dev. 0.014 0.016 0.011 0.006 0.005 

Ph 4 (SRT 12 = d) 0.099 0.089 0.071 0.064 0.056 

Std. Dev. 0.014 0.011 0.012 0.009 0.009 
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Table 20 - Mean values of tCOD for each reactor and all tested SRTs. 

Mean tCOD (g/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 50.86 46.41 41.83 39.83 30.45 32.92 

Std. dev. 2.35 1.85 1.78 1.28 0.51 0.62 

SRT 15 d 50.84 47.44 44.16 41.93 30.75 34.38 

Std. dev. 1.97 2.41 2.81 2.55 1.20 1.01 

SRT 12 d 52.01 49.14 46.01 43.26 31.00 35.57 

Std. dev. 1.02 1.62 1.36 1.57 0.21 1.26 

Table 21 - Mean values of sCOD for each reactor and all tested SRTs. 

Mean sCOD (g/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 0.53 0.92 0.71 0.65 0.56 0.59 

Std. dev. 0.30 0.34 0.26 0.25 0.21 0.23 

SRT 15 d 0.64 1.06 0.81 0.66 0.62 0.64 

Std. dev. 0.19 0.10 0.08 0.07 0.07 0.08 

SRT 12 d 0.65 1.30 1.13 0.93 0.78 0.79 

Std. dev. 0.07 0.06 0.04 0.02 0.06 0.08 

Table 22 - Mean values of particulate COD for each reactor and all tested SRTs. 

Mean particulate COD (g/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 51.32 46.01 42.02 39.70 29.51 31.73 

Std. dev. 1.78 1.48 1.98 1.54 0.40 1.32 

SRT 15 d 49.50 46.09 42.78 40.11 30.08 34.11 

Std. dev. 2.30 2.42 2.94 2.42 1.64 1.12 

SRT 12 d 51.48 48.16 44.95 42.99 30.11 35.21 

Std. dev. 1.32 1.64 1.14 1.18 0.58 1.19 
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Table 23 - Mean values of methane flow for each reactor and all tested SRTs. 

Mean methane flow (L/d) at each tested SRT in each reactor 

  Cascade Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 6.54 1.35 1.01 0.72 3.33 5.78 

Std. dev. 0.40 0.41 0.23 0.15 0.32 0.36 

SRT 15 d 10.29 1.64 1.53 1.33 5.71 9.05 

Std. dev. 0.87 0.44 0.23 0.32 0.53 0.76 

SRT 12 d 13.30 1.99 1.92 1.54 7.91 10.59 

Std. dev. 0.92 0.38 0.27 0.23 1.09 0.59 

Table 24 - Mean values of pH for each reactor and all tested SRTs. 

Mean pH (-) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 6.46 6.67 6.91 7.01 7.39 7.26 

Std. dev. 0.10 0.03 0.02 0.02 0.14 0.10 

SRT 15 d 6.34 6.63 6.77 6.85 7.42 7.13 

Std. dev. 0.15 0.10 0.09 0.10 0.09 0.10 

SRT 12 d 6.41 6.50 6.63 6.74 7.40 7.00 

Std. dev. 0.06 0.08 0.07 0.02 0.03 0.09 

Table 25 - Mean values of total VFA concentrations for each reactor and all tested SRTs. 

Mean total VFA concentration (mg/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 118 282 79 32 6 9 

Std. dev. 8 91 25 21 3 4 

SRT 15 d 151 365 163 58 6 6 

Std. dev. 138 49 15 24 3 4 

SRT 12 d 115 518 324 144 6 84 

Std. dev. 18 19 43 30 3 13 
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Table 26 - Mean values of acetate for each reactor and all tested SRTs. 

Mean acetate concentration (mg/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 49 144 48 17 3 2 

Std. dev. 6 26 13 6 3 1 

SRT 15 d 60 201 95 37 6 4 

Std. dev. 32 45 20 16 3 0 

SRT 12 d 19 292 198 97 7 61 

Std. dev. 10 16 21 8 3 6 

Table 27 - Mean values of propionate for each reactor and all tested SRTs. 

Mean propionate concentration (mg/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 26 97 21 4 3 5 

Std. dev. - 28 8 2 - 0 

SRT 15 d 20 105 56 18 6 - 

Std. dev. 18 20 5 9 - 
 

SRT 12 d 18 170 101 45 5 20 

Std. dev. 10 24 14 8 2 5 

Table 28 - Mean values of ammonia for each reactor and all tested SRTs. 

Mean ammonia (NH4+) concentration (mg/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 60 372 506 576 1099 968 

Std. dev. 19 53 19 17 35 19 

SRT 15 d 100 391 524 623 1101 1028 

Std. dev. 41 52 53 74 62 81 

SRT 12 d 68 410 578 672 1150 1076 

Std. dev. 16 49 39 40 70 30 
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Table 29 - Mean values of phosphate for each reactor and all tested SRTs. 

Mean phosphate (PO4
3+) concentration (mg/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 360 647 682 663 600 584 

Std. dev. 43 14 29 1 90 - 

SRT 15 d 410 656 641 656 626 608 

Std. dev. 113 43 54 60 70 72 

SRT 12 d 412 676 683 738 739 677 

Std. dev. 97 19 9 40 26 23 

Table 30 - Mean values of alkalinity for each reactor and all tested SRTs. 

Mean alkalinity (CaCO3) (mg/L) at each tested SRT in each reactor 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 677 1435 1831 2161 3957 3638 

Std. dev. 98 316 305 181 17 95 

SRT 15 d 691 1577 1809 1991 3656 3254 

Std. dev. 86 361 305 115 159 62 

SRT 12 d 888 1502 1767 2029 3868 3306 

Std. dev. - - - - - - 

Table 31 - Mean values of volatile solids for each reactor and all tested SRTs. 

mean volatile solids concentration (g/L) 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 32.4 29.7 27.1 25.4 20.8 21.5 

Std. dev. 2.3 1.6 1.3 1.8 1.1 1.1 

SRT 15 d 32.5 30.9 28.6 26.9 20.5 22.8 

Std. dev. 1.8 1.7 1.7 1.8 0.9 0.6 

SRT 12 d 32.7 30.8 28.0 26.2 20.9 23.1 

Std. dev. 0.9 1.3 1.3 1.2 0.7 0.8 
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Table 32 - Mean values of total solids for each reactor and all tested SRTs. 

mean total solids concentration (g/L) 

  Feed Reactor 1 Reactor 2 Reactor 3 Reactor 4 Reference 

SRT 22 d 41.8 39.4 36.9 34.0 29.7 30.7 

Std. dev. 1.9 1.9 2.3 3.1 1.6 1.4 

SRT 15 d 41.9 40.4 38.0 36.2 28.5 32.8 

Std. dev. 2.1 1.7 1.9 2.6 1.3 1.1 

SRT 12 d - - - - - - 

Std. dev. - - - - - - 
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 Appendix  – Additional Figures 

Modelled Outputs 

ADM1 – Results for Cascade System 
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Modified First-Order Model (Empirical) – Results for Cascade System 
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ADM1 – Results for Reference System 
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Modified First-Order Model (Empirical) – Results for Reference System 



70 
 

 

  



71 
 

 Appendix  – ADM1 Overview 

The presented Tables in this section are retrieved from Batstone et al. (2002). 
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 Appendix - Python Script for Quantitative Model Analysis 

The script was written in jupyter Notebooks. The code is shown as images for overview. At the end of 

this Appendix the code is given as text so that it can be copied and run for other users, as well. The code 

is given separately. When copying this code make sure to change the directory paths. 
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A B S T R A C T   

Hydrolysis is considered to be the rate-limiting step in anaerobic digestion of waste activated sludge (WAS). In 
this study, an innovative 4 stages cascade anaerobic digestion system was researched to (1) comprehensively 
clarify whether cascading configuration enhances WAS hydrolysis, and to (2) better understand the governing 
hydrolysis kinetics in this system. The cascade system consisted of three 2.2 L ultra-short solids retention times 
(SRT) continuous stirred tank reactors (CSTRs) and one 15.4 L CSTR. The cascade system was compared with a 
reference conventional CSTR digester (22 L) in terms of process performance, hydrolytic enzyme activities and 
microbial community dynamics under mesophilic conditions (35 ◦C). The results showed that the cascade system 
achieved a high and stable total chemical oxygen demand (tCOD) reduction efficiency of 40–42%, even at 12 
days total SRT that corresponded to only 1.2 days SRT each in the first three reactors of the cascade. The 
reference-CSTR converted only 31% tCOD into biogas and suffered process deterioration at the applied low SRTs. 
Calculated specific hydrolysis rates in the first reactors of the cascade system were significantly higher compared 
to the reference-CSTR, especially at the lowest applied SRTs. The activities of several hydrolytic enzymes pro
duced in the different stages revealed that protease, cellulase, amino peptidases, and most of the tested glycosyl- 
hydrolases had significantly higher activities in the first three small digesters of the cascade system, compared to 
the reference-CSTR. This increase in hydrolytic enzyme production by far exceeded the increase in specific 
hydrolysis rate, indicating that hydrolysis was limited by solids-surface availability for enzymatic attack. 
Correspondingly, high relative abundances of hydrolytic-fermentative bacteria and hydrogenotrophic metha
nogens as well as the presence of syntrophic bacteria were found in the first three digesters of the cascade system. 
However, in the fourth reactor, acetoclastic methanogens dominated, similarly as in the reference-CSTR. Overall, 
the results concluded that using multiple CSTRs that are operated at low SRTs in a cascade mode of operation 
significantly improved the enzymatic hydrolysis rate and extend in anaerobic WAS digestion. Moreover, the 
governing hydrolysis kinetics in the cascading reactors were far more complex than the generally assumed 
simplified first-order kinetics.   

Introduction 

Waste activated sludge (WAS) is an inevitable by-product generated 
in biological wastewater treatment plants (WWTPs). Due to quantitative 
and qualitative extension of wastewater treatment, the annual WAS 
production has increased in the European Union during the last two 
decades, from 10 million tons in 2008 to 11.5 million tons in 2015, and 
is expected to approach 13 million tons by 2020 (Rorat et al., 2019). 

Anaerobic digestion (AD) is a proven key technology for both stabili
zation of WAS and recovery of the biochemical energy stored in the 
sludge in the form of biogas. WAS usually contains complex particulate 
organics, such as proteins, polysaccharides, lignocellulosic matters, and 
fats (Gonzalez et al., 2018). Hydrolysis of WAS into soluble substrates is 
the first step in AD and is generally regarded as the rate-limiting step in 
this process (Appels et al., 2008). Therefore, conventional digesters 
using continuous stirred tank reactors (CSTRs) have to be operated 
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under prolonged sludge retention times (SRTs) exceeding 20 days for an 
acceptable WAS conversion. 

To accelerate the conversion rate of WAS and decrease these long 
SRTs, process optimisation has been applied as well as the development 
of hydrolysis enhancement technologies, including thermal, chemical 
and enzymatic methods (Zhen et al., 2017). Enzymatic hydrolysis 
enhancement seemingly offers unique advantages compared to chemical 
or physical processes, as it neither causes generation of toxic substances, 
nor needs operations under extreme conditions, thus receiving an 
increased attention in the recent years (Gonzalez et al., 2018). Most of 
these studies focused on the direct addition of highly active hydrolytic 
enzymes into the digester (Yang et al. 2010) or on pre-fermentation by 
specific hydrolytic bacteria prior to AD (Agabo-Garcia et al., 2019). 
These proof-of-concept methods showed remarkable improvement in 
WAS hydrolysis and bio-degradation; however, full scale applications 
require a continuous purchase of enzymes and/or the need for preser
vation of specific biomass while working with poorly defined substrates. 

Hydrolysis of organic matter during AD is performed by extracellular 
and/or membrane-bound hydrolytic enzymes (Kim et al., 2012). 
Enhancement of WAS hydrolysis also can be achieved by accelerating 
the reaction rates and/or increasing the activity of these hydrolytic 
enzymes instead of adding external hydrolytic enzymes or applying 
pre-fermentation. A commonly applied strategy is to perform WAS 
digestion under thermophilic (55 ◦C) conditions, which roughly results 
in a doubling of the enzymatic reaction rates compared to the commonly 
applied mesophilic (35 ◦C) conditions (Ge et al., 2011a). Nevertheless, 
decreased process performance was often observed under thermophilic 
conditions due to the accumulation of organic intermediates to a toxic 
level, or to a drop in pH (Kim et al., 2003), negatively impacting the 
actual enzymatic reaction rates. In addition, other constraints of ther
mophilic WAS digestion include higher energy requirement, poor 
effluent quality and a poorer digestate’s dewaterability (De la Rubia 
et al. 2013). Thus, there is a great interest to search for alternative 
technologies. 

The enzymatic hydrolysis of WAS is commonly described by empir
ical first-order kinetics (Vavilin et al., 2008), meaning that the observed 
solids conversion rate is dependant on the solid substrate concentration 
and the first-order hydrolysis rate constant (Eq. (1)). 

dS
dt

= − kHS (1) 

Where S = substrate concentration, t = time, and kH = first-order 
hydrolysis rate constant. 

Theoretically, in a CSTR, the concentration S in the reactor equals 
the effluent S concentration, indicating that in-reactor conversion rates 
decrease with decreasing S (Eq. (1)), agreeing with an increased con
version ratio (η) (Fig. 1a). Based on Eq. 2, the required volume of a CSTR 
at a given inlet feeding rate (F0) is fully determined by the required η and 
is graphically presented by the large rectangular area shown in Fig. 1b 
(Levenspiel 2006). On the contrary, by cascading CSTRs, small reactor 
volumes in series are applied that result in high intermediate S con
centrations. Consequently, the first CSTRs can be operated at high re
action rates, whereas the last CSTR of the cascade system will have a 
similar reaction rate as the single stage CSTR. Thus, the series of small 
CSTRs will eventually reach to a similar η but to a significant smaller 

working volume, compared to the single stage CSTR (Fig. 1c). The 
overall required volume of the cascade system is reciprocally correlated 
to the number of CSTRs. 

V = F0
1
− r

η (2) 

Where V = volume of the CSTR (m3), F0 = substrate feeding rate (kg 
COD/day), -r = substrate conversion rate (kg COD/m3/day), and η =
substrate conversion ratio (0–100%). 

Cascade CSTR configurations are commonly applied to accelerate 
catalytic substrate conversions that are characterised by Eq. (1) (Miya
waki et al., 2016). In case reaction rates are substrate dependant, such as 
for soluble substrates in Michaelis-Menten and/or Monod kinetics, the 
impact of reactor cascading will even be higher. However, for solid 
substrates such as WAS, concentration dependant reaction rates are 
rarely documented (Miron et al., 2000) and generally first-order reac
tion rate constants are considered (Blumensaat and Keller 2005). 

Up to now, application of the cascade CSTR configurations for WAS 
has been mainly reported in the scope of co-digestion in food waste (Liu 
et al., 2013) or agricultural waste (Zhou et al., 2019), in which WAS 
contributed to improved buffer capacities and more balanced nutrient 
profiles. In the past decade, several researchers found higher WAS 
conversion efficiencies by using two-stage (two CSTRs in series) meso
philic AD systems, either with or without addition of primary sludge, for 
which no clear mechanistic explanation was given (Athanasoulia et al., 
2012; Maspolim et al., 2015b). Ge et al. (2011b) and Wu et al. (2015) 
observed an improved hydrolysis rate in temperature-phased (thermo
philic CSTR–mesophilic CSTR) WAS anaerobic digestion processes. 
Nonetheless, the authors attributed the enhanced hydrolysis merely to 
the thermophilic conditions applied. Despite the fact that staging has 
resulted in improved WAS digestion, it remains unclear whether accel
erated enzyme activities, increased surface area of the solid substrates, 
and/or other factors were determinative. However, the published wide 
range of assessed hydrolysis rate constants for WAS (Batstone et al., 
2002), gives room for further research and process optimisation. 

In order to (1) comprehensively clarify whether a cascade configu
ration enhances WAS hydrolysis, and to (2) better understand the gov
erning hydrolysis kinetics in this system, a novel cascade AD system for 
WAS treatment was researched in this study, which consisted of four 
CSTRs in series, i.e., three small-volume CSTRs and a large-volume 
CSTR. Considering that digestate recycle improves process stability in 
staged anaerobic digestion (Qin et al., 2019), the cascade system was 
equipped with a modest digestate recirculation, applying a much lower 
ratio than reported in literature (Wu et al., 2015). As such, the whole 
system can be interpreted as a semi plug-flow device with only a 
negligible hydraulic impact of the recycle flow. Reactor performance in 
the different steps of the system were investigated. Detailed research on 
prevailing specific hydrolysis rates, activities of key hydrolytic enzymes 
and the bacterial/archaeal community structure was performed to 
explain the results of the reactor performance and unveil the impact of 
cascading on hydrolysis kinetics. All results from the cascade system 
were compared to those obtained from a reference conventional CSTR 
system operated under the same conditions with regard to feeding 
regime, total organic loading and temperature. 

Fig. 1. Theoretical reactor volume reduction by applying a cascade 
CSTR configuration versus a single stage CSTR (Levenspiel 2006). (a) 
Relationship between the substrate conversion ratio (η) and the recip
rocal first order conversion reaction rate (-r), (b) required reactor vol
ume of a single stage CSTR for a required conversion ratio η, indicated 
by the total surface area of the rectangle, and (c) required reactor vol
ume for the cascade CSTR configuration for the same η, by summing the 
4 subsequent surface areas.   
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Materials and methods 

Source and characteristics of inoculum and substrate 

All reactors were seeded with anaerobic sludge collected from a full- 
scale mesophilic anaerobic digester (SRT of 20 days) at the municipal 
WWTP Harnaschpolder, The Netherlands, treating primary sludge and 
centrifuge-thickened WAS from an enhanced biological phosphorus 
removal (EBPR) process. More information regarding the configuration 
and the operational parameters of the EBPR process can be found else
where (Guo et al., 2020b). The inoculum characteristics were: pH 8.1 ±
0.4, total solids (TS) 3.3 ± 0.1 wt%, and volatile solids (VS) 2.3 ± 0.0 wt 
%. The WAS from the same WWTP was collected weekly as feed sludge, 
and was characterized by a total chemical oxygen demand (tCOD) 
concentration between 40 and 70 g/L. The tCOD concentration of the 
feed sludge was adjusted to approximately 53 g/L by centrifugation or 
dilution with the fresh centrifuged supernatant obtained from the same 
WWTP, and stored at 4 ◦C before use. 

Experimental set-up and operation 

The experiments were carried out using two digestion systems 
operated in parallel: 1) a cascade AD system consisting of three CSTRs 

with 2.2 L each (R1, R2, R3) and a 15.4 L CSTR (R4); 2) a conventional 
CSTR as the reference with a working volume of 22 L (Fig. 2). The 
experimental set-ups were both equipped with feed pumps (Watson- 
Marlow 120 U/DV-220Du, USA), temperature & pH sensors (Endress & 
Hauser, The Netherlands), and biogas flow meters (Ritter Milligas 
Counter MGC-1-PMMA, Germany). The digestate was discharged from 
all reactors in both systems via overflow. In addition, for the cascade 
system a sludge recirculation system from R3 to R1 with a flow ratio of 
10% (recirculation/feed) was implemented using a recirculation pump 
(Watson-Marlow 120 U/DV-220Du, USA). The temperature of all water- 
jacket equipped CSTRs was 35 ± 1 ◦C, controlled by thermostatic water 
baths (Tamson Instruments, The Netherlands). Both systems were 

monitored via a computer running LabView software (National In
struments, USA). 

The total SRT of both systems was decreased from 22 to 12 days in 
four phases. The operational conditions during all these phases are 
shown in Table 1. 

Analysis and calculation methods 

The tCOD and soluble COD (sCOD) were measured using 
spectrophotometry-based test kits (Hach Lange LCK, Germany). TS and 
VS were analysed according to standard protocols (APHA, 2005). The 
pH was determined with a multi-functional metre (WTW Multi 720, 
Germany). VFAs were measured by a gas chromatograph (GC) equipped 
with a flame ionisation detector (FID) (Agilent 7890A, USA) and a col
umn (Agilent 19091F-112). Helium was used as carrier gas (1.8 
mL/min); injection port and oven temperatures were 240 ◦C and 80 ◦C, 
respectively. Methane content of the biogas was analysed using a GC 
(Varian CP 4900, USA) with thermal conductivity detector (TCD) and 
columns, i.e. Mol-Sieve-5A-PLOT and argon as carrier gas (1.47 mL/min, 
80 ◦C) and PoraPlot-U and helium as carrier gas (1.47 mL/min, 65 ◦C). 

The specific hydrolysis rate, referring to the hydrolysis rate constant 
kH (Yasui et al., 2008), was calculated by Eq. (3) based on Wu et al. 
(2015). As the AD system was equipped with a digestate recirculation of 
10% from R3 to R1, the recycled sCOD and the recycle flow were also 
considered in the calculation of the specific hydrolysis rates for these 
three reactors.   

Where mass_sCOD = sCOD weight (g); mass_CODCH4 = CH4wt 
calculated as COD (g); eff. = effluent + methane; inf. = influent. It 
should be noted that inf. for R1 is composed of both the feeding and the 
recirculated digestate; inf. for R2 is the effluent from R1; inf. for R3 is the 
effluent from R2; inf. for R4 is composed of the effluent from R3, without 
the recycle flow. 

Hydrolytic enzyme activity 

Sampling and enzyme extraction 
Triplicate sludge samples, including feed and digestates, were 

collected for enzyme extraction at the end of Phase-II (day 145 and 151), 

Fig. 2. Schematic illustration of the experimental set-ups.  

Table 1 
Operational conditions of the cascade AD system and the reference-CSTR.  

Experimental 
time (day) 

SRT (days) 
Cascade 
System 

Reference- 
CSTR 

Total organic 
loading rate (g 
COD/L/d) 

Phase 

0–71 R1-R3: 2.2 
each 
R4: 15.4 

Reference: 
22 

2.41 I 

72–152 R1-R3: 2.2 
each 
R4: 15.4 

Reference: 
22 

2.41 II 

153–259 R1-R3: 1.5 
each 
R4: 10.5 

Reference: 
15 

3.54 III 

260–330 R1-R3: 1.2 
each 
R4: 8.4 

Reference: 
12 

4.41 IV  

Specific hydrolysis rate (g COD / g VS / day or 1 / day) =

(
mass sCOD+mass CODCH4

day

)

eff.
−

(
mass sCOD

day

)

inf.

mass of VS within reactor
(3)   
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Phase-III (day 252 and 258) and Phase-IV (323 and 329) of the indi
vidual reactors of both digestion systems. The hydrolytic enzymes were 
separated into free and sludge-attached fractions. The free enzymes are 
defined as the enzymes that are present in the WAS’s supernatant, 
whereas the sludge-attached enzymes are either membrane-bound or in 
other ways attached to the sludge particles. The extraction method of the 
hydrolytic enzymes was implemented according to Zhang et al. (2007) 
with a slight modification for sludge samples. Briefly, 1 mL sludge 
sample was centrifuged in a 1.5-mL tube (Eppendorf, Germany) at 14, 
000 rpm for 1 min. The supernatant was transferred to a clean tube and 
was used for the measurement of free enzyme activities. The pellet was 
washed twice, using potassium dihydrogen phosphate buffer (pH 7.0, 
0.1 mol/L) and was subsequently resuspended in sodium acetate buffer 
at pH 6.0 to the original volume to release sludge-attached enzymes. 
After centrifugation the suspension at 3000 g for 10 min, the superna
tant was used for the determination of sludge-attached enzyme 
activities. 

Quantification of enzyme activity 
This work mainly focused on two hydrolytic enzymes: protease and 

cellulase. The activities of protease and cellulase were individually 
analysed by Pierce fluorescent protease assay kit (Thermo Fisher, USA) 
and MarkerGene fluorescent cellulase assay kit (MarkerGene, USA), 
using a 96-well microplate spectrophotometer (BioTek Synergy-HTX, 
USA). Meanwhile, API ZYM® strip (BioMerieux, France) was used to 
determine the activities of specific amino peptidases (leucine arylami
dase, valine arylamidase and cystine arylamidase) and glycosyl- 
hydrolases (α-galactosidase, β-galactosidase, β-glucuronidase, α-gluco
sidase, β-glucosidase, n-acetyl glucosamidase, α-mannosidase and 
α-fucosidase). This commercial semi-quantitative micro-cell method 
works via colour development, with a numerical level of 1–5 (from low, 
5 nmol, to high, >20 nmol) assigned to each sample, based on the colour 
chart provided by the manufacturer. The measurements of enzyme ac
tivity for both methods were performed at 35 ◦C. 

Microbial community analysis 

During the experiment, duplicate biomass samples were analysed to 
evaluate the microbial community dynamics, including one inoculum 
sample, two feed samples and 15 digestate samples from the digestion 
systems. The feed samples were taken individually on day 79 (summer 
season) and day 235 (winter season), and the digestates were sampled 
from R1, R2, R3, R4 and reference-CSTR at the end of each phase, i.e. 
days 151, 258, and 329. The FastDNA® SPIN-Kit-for-Soil (MP Bio
medicals, USA) was used to extract DNA according to the manufac
turer’s instructions. The obtained DNA’s quality was checked by 
Qubit3.0 DNA detection (Qubit® dsDNA-HS-Assay-Kit, Life Technolo
gies, USA). High throughput sequencing was performed using the HiSeq 
Illumina platform and a universal primer 515F/806R (5′- 
GTGCCAGCMGCCGCGGTAA-3′/5′-GGACTACHVGGGTWTCTAAT-3′) 
for bacterial and archaeal 16S rRNA genes (Novogene, UK). Raw reads 
were deposited in the European Nucleotide Archive under accession 
number PRJEB40450. Sequences were analysed by the QIIME pipelines 
(Version 1.7.0) to pair forward and reverse sequences, and removal of 
chimeras’ sequences was performed by UCHIME algorithm. 

Sequences with ≥ 97% similarity were clustered into one operational 
taxonomic unit (OTUs) by UCLUST algorithm. Singletons were removed, 
and OTUs with an occurrence less than three times in at least one sample 
were excluded. Taxonomic assignment was performed in Mothur soft
ware against the SILVA Database. 

Statistical analysis 

Student’s t-test was used for variance analysis by SPSS Statistics 25 
(IBM, USA), with the threshold for significance set at a P-value < 0.05. 
Shannon index and principal coordinate analysis (PCoA) based on the 
ordination of Bray-Curtis similarities were used to evaluate Alpha di
versity and Beta diversity, respectively, by “vegan” microbial commu
nity ecology package in R software (version 4.0.2). Prediction of 
functional pathways from 16S rRNA gene sequences were conducted by 

Fig. 3. Operational performance of the cascade AD system and the reference digester, respectively. (a) tCOD concentration, (b) methane production rate, (c) total 
VFA concentration and (d) pH. 
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“Tax4Fun2” software package that provides functional annotations 
based on the Kyoto encyclopedia of Genes and Genomes (KEGG) 
pathway database. 

Results and discussion 

Performance comparison between the cascade AD system and the 
reference-CSTR 

During the start-up phase, the effluent tCOD concentrations and 
methane production rate fluctuated in all reactors (Fig. 3a). Both pa
rameters gradually stabilised from day 71 onward, after which the 
cascade and reference system were both operated under stable condi
tions for 81 days (Phase-II). During both Phase-I and Phase-II, the 
cascade system and the reference-CSTR were operated with an SRT of 22 
days. The tCOD removal efficiency of the entire cascade system was 43 
± 6%, versus 40 ± 5% of the reference-CSTR during this period. Both 
removal efficiencies were within typical ranges of mesophilic WAS 
digestion, reported by previous studies (Maspolim et al., 2015b). On 
average, the methane production rate was around 8% higher in the 
cascade system than in the reference-CSTR (Fig. 3b). 

After the total SRT was lowered to 15 days (Phase-III), effluent tCOD 
concentrations of both R4 and the reference-CSTR increased due to the 
sudden increase in total organic loading rate (OLR) from 2.4 to 3.5 g 
COD/L/d. This reduction in tCOD removal efficiency was also observed 
at the start of Phase-IV, when the total SRT was further decreased to 12 
days and the total OLR correspondingly increased to 4.4 g COD/L/d. 
Strikingly, only the cascade system recovered to a tCOD removal effi
ciency between 40% and 42% at the applied increased OLR, whereas the 
tCOD removal efficiency in the reference-CSTR reduced to around 38% 
in Phase-III and 31% in Phase-IV. The difference in treatment perfor
mance was reflected by the increasing difference in methane production 
(Fig. 3b). The cascade system showed an average 13% higher methane 
production rate in Phase-III and even an average 29% higher rate in 
Phase-IV than the reference-CSTR. The obtained results clearly demon
strated the advantage of applying a cascade configuration, particularly 
at reduced SRTs. In fact, at 12 days SRT, the overall capacity referring to 
the tCOD removal efficiency of the cascade digester was 30–35% higher, 
compared to the reference-CSTR with the same total volume. 

Zooming into the separate reactors of the cascade system reveals that 
the reactors R1, R2 and R3, with an SRT of 2.2 days each (Phase-II), 
contributed to 20–24% of the total methane volume that was produced 
in the cascade system (Fig. 3b). These results agree with a reported study 
on two staged AD systems under similar SRT conditions, which showed 
that the methane production in the first CSTR was on average 25% of the 
total (Maspolim et al., 2015b). When the SRT in the cascade reactors R1, 
R2 and R3 was decreased to 1.5 and 1.2 days each in Phase-III and 
Phase-IV, respectively, the methane production stayed between 12 and 
16% of the overall total methane production. The biogas in these three 
reactors contained 46–53% methane, while the methane content of the 
biogas of R4 and of the reference-CSTR was 56–62%. Negligible 
hydrogen partial pressure was found in all the anaerobic reactors (<
0.01%). These observations showed that, despite their short SRT and 
most probably due to the 10% recirculation flow, active methanogens 
were present in R1, R2 and R3. 

VFA concentrations and pH are commonly used as indicators for 
process perturbation and/or reactor control (Franke-Whittle et al., 
2014). The total VFA concentration in the feed and all reactors is pre
sented in Fig. 3c. As expected, the VFA concentration was always the 
highest in R1 and was gradually reduced along the system. Acetate and 
propionate accounted for 60–80% of the total VFAs, showing their 
predominance in all reactors (Fig. S1 in supplementary materials). With 
increased OLR, or decreased SRT, an elevation in VFA concentration in 
R1, R2 and R3 was observed, from 310, 100 and 60 mg/L at SRT 22 days 
to 590, 380 and 175 mg/L at SRT 12 days, respectively. Very low total 
VFAs (< 5 mg/L) were found in reactor R4 in all phases, demonstrating 

that all VFAs were eventually converted to methane in the last step of the 
cascade system. In the reference-CSTR there was no VFA accumulation 
observed, even at the shortest SRT (12 days) when total VFA concen
tration slightly increased to around 110 mg/L. Clearly, the VFA con
centrations remained far below the inhibition threshold for 
methanogenic activity (Wang et al., 2009), and thus cannot explain the 
difference in WAS degradation between the cascade system and the 
reference-CSTR at short SRTs. However, the pH in both R1 and R2 of the 
cascade system was between 6.3 and 6.5, somewhat lower than the pH 
in the rest of the reactors. The lower pH coincided with the somewhat 
higher VFA concentrations in R1 and R2 and can be attributed to 
increased acidifying activity and reduced methanogenic activity in the 
first reactors of the cascade (Maspolim et al., 2015b). In reactors R3 and 
R4, as well as in the reference system, the pH remained neutral (Fig. 3d). 
Nonetheless, the relatively stable pH in R1 and R2 could be ascribed to 
alkalinity supplementation by digestate recirculation from R3 to R1, 
introducing sufficient buffer capacity as presented in Fig. S2 in Sup
plementary material. 

To be able to explain the different tCOD removal efficiencies be
tween the cascade and the reference system, the specific hydrolysis rates 
were calculated using Eq. (3), the tCOD and sCOD variations (Fig. 1 and 
Fig. S3 in Supplementary materials), and the methane production 
(Fig. 3b) in each reactor. Computed specific hydrolysis rates, resembling 
the first-order hydrolysis rate constant kH (Eq. (1)), are shown in Fig. 4. 
Under all tested operational conditions, the specific hydrolysis rate was 
highest in R1 of the cascade system, and steadily decreased throughout 
the subsequent reactors of the cascade. During Phase-II, the specific 
hydrolysis rate calculated for the reference-CSTR was slightly higher 
than that in R3 of the cascade system. Reducing the SRT from 22 to 12 
days led to approximately a doubling of the specific hydrolysis rate in 
the reactors of the cascade system, while it increased only 1.5 times in 
the reference-CSTR. It should be noted that the bar-presented specific 
hydrolysis rates are in fact underestimates of the actual values, since 
these were calculated using Eq. (3), which includes both the substrate 
and biomass VS in each reactor. However, particularly in reactors R1–3, 
the contribution of the substrate VS to the total VS is relatively large. 
We, therefore, recalculated the apparent kH values using the VS content 
in R4, which resembles the non-digestible VS fraction in the entire 
cascade system. The corrected kH values are presented above each bar of 
R1–3 in Fig. 4, showing an even higher increase in specific hydrolysis 
rates in the first stages of the cascade reactor. 

Strikingly, under all loading conditions, the assessed specific 

Fig. 4. Specific hydrolysis rate calculated based on the COD balance and the VS 
concentration of each reactor (bars). The circles displayed above the bars of R1, 
R2 and R3 represent the calculated specific hydrolysis rate using the stabilized 
VS concentration of R4 at each SRT, which resembles the non-digestible VS 
fraction in the cascade system. 
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hydrolysis rates in R4 of the cascade system and the reference-CSTR 
were very similar. Nonetheless, at the highest OLR, the overall specific 
hydrolysis rate in the reference-CSTR was significantly lower (p-value <
0.05) than the separate specific hydrolysis rates in all reactors of the 
cascade system. Apparently, the specific hydrolysis rate was process- 
condition dependant and results in Fig. 4 showed that in all reactors 
the specific hydrolysis rate increased with increasing OLRs. Similar 
observation were previously done by Miron et al. (2000). Our present 
results clearly indicate that the potential volume reduction, which can 
be attained by implementing cascade configurations, is indeed much 
more than based on solely the theoretical considerations as explained in 
Fig. 1 (Levenspiel 2006), where the same first-order reaction rate is 
applied for all individual reactors in the cascade system and the single 
stage CSTR. Moreover, at the applied low SRTs, or imposed extreme 
OLRs, the specific hydrolysis rates increased significantly more (p-value 
< 0.05) in the first reactors of the cascade system compared to that in the 
reference-CSTR (Fig 4). Most likely, the maximum organic loading po
tentials of the cascade system were not reached yet, as process perfor
mance remained stable even at an SRT of 12 days (Fig. 3). 

Results further indicate that for increasing the sludge treatment ca
pacity at a common WWTP, the present AD installation can be upgraded 
in a relatively easy manner to a very compact cascade reactor system via 
retrofitting existing parallel-fed large-scale conventional CSTR-based 
sludge digesters. For instance, one CSTR digester could be divided into 
a sequence of several compartments and subsequently be connected 
with another digester in series. 

Hydrolytic enzyme activity 

To explain the large differences in observed specific hydrolysis rates 
between the different reactors, the hydrolytic enzyme activities were 
assessed (Parawira et al., 2005). Cellulosic fibres and proteins are 
identified as the two predominated organic components in WAS (Guo 
et al., 2020b). Therefore, the activity of cellulase and protease were 
chosen as representative enzyme activities for a first characterisation of 
WAS hydrolysis in both systems, applying a widely reported enzymes 
extraction protocol for anaerobic samples (Zhang et al., 2007). Mean
while, automatic measurements in a 96-well microplate reader rather 
than manual measurements were conducted for the analysis of enzyme 
activities in this study (Bonilla et al., 2018), with the duplicate extrac
tion of enzymes from the same reactor at three inconsecutive days. 
Results in Fig. 5 showed that both free and sludge-attached enzymes are 
present in the digester, regardless of the configuration type, i.e. cascade 
or single CSTR. The results showed that protease activities were two 
orders of magnitude higher than cellulase activities, which could be 
possibly due to the significant higher proportion of protein than 

cellulose in WAS (Guo et al., 2020b). Highest protease and cellulase 
enzyme activities were present in the sludge-attached fraction of both 
reactor configurations. Enzyme activities are proportionally related to 
the enzyme’s amount (Kim et al., 2012), suggesting that the hydrolytic 
enzymes were mainly adsorbed on, or attached to the sludge matrix, in 
line with a previous publication by Maspolim et al. (2015a). 

In both free and sludge-attached fractions, the activity of hydrolytic 
enzymes distinctly increased from the feed to R1, especially at short 
SRTs, indicating that hydrolysis in R1 was indeed accelerated owing to 
increased presence of hydrolytic enzymes. Significant higher enzyme 
activities (p-value < 0.05) were observed in the three small reactors in 
comparison with the reference-CSTR: the protease activities in R1 were 
double the activities in the reference-CSTR; even the protease activities 
in R4 were slightly higher than those in the reference-CSTR. Meanwhile, 
the cellulase activities in R1, R2 and R3 were statistically higher than 
those in R4, while the digestate of R4 showed a similar cellulase activity 
as the reference-CSTR (Fig. 5d). The observed higher hydrolytic enzyme 
activities in the cascade AD system, compared to those of the reference- 
CSTR, could be attributed to the imposed high OLRs (corresponding to 
short SRTs) in reactors R1, R2 and R3. Following first order reaction 
kinetics (Eq. (1)), the application of increased OLRs results in acceler
ated hydrolytic enzyme activities (Menzel et al., 2020; Xiao et al., 2017). 
Results showed that enzyme activities, especially the sludge-attached 
ones, in all reactors increased over three times when the total SRT was 
reduced from 22 to 12 days (Fig. 5). Notably, the increase in the enzyme 
activities in both systems exceeded the increase in the calculated specific 
hydrolysis rates in each reactor (Fig. 4). This mismatch strongly in
dicates that the actual solids hydrolysis in the cascade system was 
limited by the available free surface for enzymatic attack, rather than by 
the presence of sufficient hydrolytic conversion capacity. 

A more detailed semi-quantitative analysis of amino peptidases and 
glycosyl-hydrolases in both free and sludge-attached fractions using API 
ZYM® strips, were carried out at the same moments as described above 
(Fig. 6). Similar to protease and cellulase activities, the activities of all 
hydrolases tested with this method increased at short SRTs, and showed 
a downward trend in activity from R1 to R4 of the cascade digester. 
Surprisingly, however, the β-glucuronidase, α-mannosidase and α-fuco
sidase activities increased stepwise along the cascade system, which 
indicates that the hydrolysis of target substrates of these enzymes occurs 
later in the process. The presence and the role of the target substrates, 
namely, glucuronic acid, mannose and fucose in the sludge matrix have 
been researched in several studies, showing that they act as main 
building blocks in the structural extracellular polymeric substances 
(SEPS) that form the gel-like structures of the sludge (Guo et al., 2020a). 
Regarding the degradation of SEPS in both digestion systems (Fig. S4 in 
Supplementary materials), results showed that SEPS were mostly 

Fig. 5. Enzyme activity in U per mL of sludge from the feeding 
and each reactor. The TS concentration of the feeding was: 
4.1–4.2 wt%, and of each individual reactor: 3.9–4.1, 3.7–4.0, 
3.0–3.7, 2.8–3.0 and 3.1–3.3 wt% for R1, R2, R3, R4 and the 
reference-CSTR, respectively. (a) Free protease. (b) Free 
cellulase. (c) Sludge-attached protease. (d) Sludge-attached 
cellulase. Samples for each measurement were taken during 
stabilised performance at each operational period. Error bars 
refer to the standard deviation (n = 6).   
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converted in R4, irrespective of changes in SRT, which was in line with 
the distributions of the β-glucuronidase, α-mannosidase and α-fucosi
dase activities. In addition, observations from the cascade system reveal 
that in the first reactors the more easily biodegradable (poly-)saccha
rides and (poly-)proteins were degraded, while in the remaining of the 
cascade system, the more refractory organic residuals in WAS, such as 
SEPS related saccharides, were degraded. As a consequence, the cascade 
system revealed a more stepwise and improved reduction of different 

types of organics, which e.g. resulted in 14% more SEPS reduction at the 
total SRT of 22 days compared to the reference-CSTR. At the shortest 
tested SRT of 12 days, SEPS reduction was even 64% higher (Fig. S4 in 
Supplementary materials). 

Pyrosequencing analysis of the microbial communities 

Diversity indices 
The results of Alpha diversity based on Shannon diversity were listed 

in Table S in Supplementary material. Substrate sample 1 & 2, and the 
inoculum had the highest and lowest values, respectively, meaning that 
the WAS substrate contained the most diverse bacterial communities, 
whereas the anaerobically grown inoculum had the least biodiversity. 
Shannon diversity decreased in both AD systems when operated at the 
total SRT of 22 days and slightly increased as the SRT was reduced. This 
indicates that the initial microbiome members that were present in the 
feed partially disappeared in the cascade AD process and thus, a nar
rowed AD community was eventually formed. 

A microbial dynamic transition alongside with the cascade system 
from R1 to R4 could be clearly demonstrated by the Beta diversity 
described via PCoA based on the matrix distance between the samples 
(Fig. 7). In all operational conditions, R1, R2 and R3 were clustering 
closely to each other, while R4 was obviously separated from R1–3 and 
near the inoculum, revealing a different microbial composition pre
sented in R4 compared to other reactors in the cascade system. The 
microbial structure of the reference-CSTR and the R1–3 was similar to 
that of WAS under the reduced SRTs, suggesting less cell decay of the fed 
WAS at this short SRT, which is possibly linked to the deterioration in 
tCOD reduction efficiency (Fig. 3a). 

It should be noted that the applied cascade AD system was equipped 
with a digestate recirculation system operating at a recirculation ratio of 
10%. It has been reported that recycling the digestate from a 

Fig. 6. Average (n = 3) enzyme intensity of specific amino peptidases and glycosyl-hydrolases in both cascade system and reference-CSTR, which were analysed 
using API ZYM® strips for sludge-attached and free enzymes collected at the end of (a) SRT = 22 days, (b) SRT = 15 days and (c) SRT = 12 days. 

Fig. 7. PCoA analysis for the microbial community of feed sludge, inoculum 
and digestates from all reactors operated at the different SRTs. The samples 
analysed for PCoA were plotted in duplicates grouped by the same symbol and 
colour. Symbols in black and green represented the inoculum and the feed, 
respectively. Symbols in blue, yellow and red refer to the reactors operated at 
SRT of 12 days, 15 days and 22 days, respectively. 
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methanogenic reactor to an acidogenic reactor at a recycling ratio of 
100% resulted in a changed and improved diversity of bacteria and 
archaea in the acidogenic reactor (Wu et al., 2016). Thus far, the effect 
of only 10% recycling is unknown. Nonetheless, in our present study, 
considerable methane production was observed in R1, R2 and R3 
(Fig. 3b), which might be ascribed to the supplement of methanogens via 
digestate recirculation. However, based on the PCoA results, showing 
the clear microbial shift within the cascade system from R1 to R4 
(Fig. 7), it seems that this impact of 10% recycling was limited. 

Bacterial communities 
The bacterial species taxonomy at phylum level is shown in Fig. 8a. 

Proteobacteria (55–60%), followed by Bacteroidetes (8–10%) and 
Actinobacteria (7–9%) were the most dominant phyla in the raw WAS, 
which is in line with previous studies (Westerholm et al., 2016). The 
changes in microbial composition between samples were most pro
nounced for Proteobacteria, because the total reduction in the relative 
abundance of this phylum was distinctly higher than for the other phyla 
in both cascade system and reference-CSTR. The relative abundance of 
the genus Candidatus_Competibacter belonging to the phylum Proteo
bacteria was reduced by approximately 30% in R1, R2 and R3 together, 
while it was declined by 60% in the post digester (R4) of the cascade AD 
system. A similar observation was also found for other genera from this 
phylum, such as Candidatus_Accumulibacter related to phosphorus 
removal and Dechloromonas sp. for denitrification (Luo et al., 2020), 
even though the fractions in WAS were relatively low in this study 
(Fig. 8b). The results imply that the aforementioned dominant phyla 
largely disappeared due to cell decay in the AD process. Considering that 
9–24% of WAS consists of microorganisms (Gonzalez et al., 2018), the 
released amount of intracellular organics due to endogenous decay of 
cells cannot be ignored in the cascade system and would become part of 
the tCOD that was available as substrate for the investigated hydrolytic 
enzymes (Fig. 5 and 6). Firmicutes were not predominant in the WAS, 
but clearly, the relative abundance of this phylum increased in R1, R2 
and R3 to approximately 6.7% compared to 4.5% in the feed sludge at 
the total SRT of 22 days, Furthermore, the relative abundance of Fir
micutes increased to 8.8% and 11.3% as the SRT reduced to 15 and 12 
days, respectively. Firmicutes have been identified to hydrolyse and 
ferment large numbers of organic compounds under a variety of con
ditions in AD systems (Karthikeyan et al., 2016; Liu et al., 2019). The 

increase in relative abundance of this type of species implies that the role 
of hydrolysis and acidogenesis processes in R1, R2 and R3 of the cascade 
system became increasingly more important as the SRTs decreased, in 
line as was reported by Zhang et al. (2019). 

To relate the identified microbes to hydrolysis and acidogenesis of 
WAS in the cascade AD system under different operational conditions, 
the top 10 genera that governed the hydrolysis/acidogenesis of the 
organic compounds in both systems were selected and ranked by the 
relative abundance, while the changes in relative abundance were 
shown in Fig. 8c. Bacteria affiliated to genera VadinBC27_wastewater- 
sludge_group, Clostridium_sensu_stricto_1, Enterococcus, Gelria, Bivil28_
wastewater-sludge_group and Sedimentibacter had significantly higher (p- 
value < 0.05) relative abundance in R1, R2 and R3 than in the reference- 
CSTR at the SRT of 22 days. This might have been due to the greater 
abundance of non-hydrolysed substrates that were present in R1, R2, 
and R3, since these genera have been frequently reported as the prev
alent fermenters that were capable of hydrolysing protein or carbohy
drate in AD (Kirkegaard et al., 2017; Liu et al., 2016; Wang et al., 2020). 
Possibly, the mentioned genera can be recognised as the main contrib
utors to the enhanced hydrolysis rate in the cascade digester system. 
Moreover, lowering the total SRT of these reactors further increased the 
relative abundance of the aforementioned bacteria, which implies their 
higher metabolic activities in the degradation of WAS at higher loading 
rates. On the other hand, an upward trend in relative abundance of 
Smithella, Candidatus_Cloacamonas and Thermovirga was detected in the 
cascade system, especially in R1, R2 and R3, at the short SRTs. These 
recently characterized microorganisms might oxidize propionate and 
ferment sugars and amino acids to produce hydrogen and carbon diox
ide, indicating that these species may possibly constitute acidifying and 
syntrophic associations (Stolze et al., 2015; Zamanzadeh et al., 2013). It 
should be noted that a small proportion of VadinBC27_wastewa
ter-sludge_group and Bivil28_wastewater-sludge_group was also found in 
WAS. These strains directly might have contributed to the hydrolysis 
and degradation of WAS when they entered the cascade system. More
over, because of their continuous seeding, they might have persisted as 
functional biomass in R1–3, where short SRTs were applied (Kim and 
Speece 2002). However, the exact role of the WAS-related cultures in the 
cascade system needs further studies. 

Besides the investigation on the relative abundance of the functional 
bacteria, the microbial functional pathways including amino acid and 

Fig. 8. (a) Species taxonomy of bacteria at the phylum level: the species, whose sums of percentage in all the samples are less than 1%, are classified as “the others”, 
(b) relative abundance of taxa related to feeding dominated bacteria of interest (top 10 species that presented in feeding), (c) anaerobic hydrolytic bacteria (top 10 
species that appeared in all anaerobic reactors) at the genus level and (d) prediction of functional pathways related to amino acids degradation (average value, n = 2). 
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carbohydrates metabolisms in different experimental phases were also 
researched and the results were summarized in the Excel file, Supple
mentary materials. It was found that lysine degradation (Ko00310) as 
well as valine, leucine and isoleucine degradation (Ko00280) were the 
dominant pathways related to biomass conversion. The relative abun
dance of these metabolic pathways in the different reactors indeed 
increased when the reactor SRT dropped from 22 to 12 days. Moreover, 
they showed a similar trend as the activities of valine and leucine ary
lamidase that catalyse the hydrolysis of valine and leucine from peptide 
chains (Fig. 8d and Fig. 6). These findings suggest that applying a 
cascade system results in an enhanced microbial metabolism of hydro
lytic/acidogenic bacteria that caused the observed acceleration in hy
drolytic enzyme activity and subsequent enhanced sludge reduction 
compared to the reference-CSTR. Obtained results also illustrated the 
microbial complexity of WAS hydrolysis, which is difficult to capture in 
first-order hydrolysis kinetics, particularly under high loading 
conditions. 

Methanogenic archaeal communities 
As for the archaeal domain displayed in Fig. 9, Methanobrevibacter 

and Methanosaeta were equally dominant in the feed (around 28% each 
in relative abundance). In Phase-II, when the cascade system was 
operated at an SRT of 22 days, Methanobrevibacter, a hydrogenotrophic 
methanogen, was the most abundant methanogen in R1, but gradually 
became the minor species in favour of Methanosaeta that utilize acetate 
as the sole substrate from R2 to R4 (Maspolim et al., 2015c). This means 
a clear microbial shift from hydrogenotrophic methanogens towards 
acetoclastic methanogens alongside the cascade system. Also, at the low 
SRTs of 15 and 12 days in Phase-III and Phase-IV, the composition of 
methanogens in R1–4 followed a similar trend as in Phase-II, whereas 
the proportion of hydrogenotrophic methanogens was at a higher level. 
The predominance and importance of hydrogenotrophic methanogens 
in the acidogenic first stage reactors of phased AD systems have been 
described in literature. The very high OLR in the first stages of the 
cascade system resulted in a very high acidogenesis rate, with a 
concomitant high hydrogen and carbon dioxide production rate (Huang 
et al., 2015; Liu et al., 2019; Shimada et al., 2011; Zhang et al., 2019). 
The increased hydrogen/carbon dioxide flux in reactors R1–3 resulted in 
an increased yield of hydrogenotrophic methanogens, leading to an in
crease and eventual dominance of hydrogenotrophic methanogenic 
subpopulations. Considering the maximum growth rate (μmax) of 
hydrogenotrophic methanogens in the range between 2.00–2.85 d − 1, 
which is around 3–9 folds that of Methanosaeta species (0.33–0.71 d − 1) 
(Batstone et al., 2002; Van Lier et al. 2020), and the very short SRTs of 
reactors R1–3, the microbial abundancy of hydrogenotrophic metha
nogens could outcompete the acetoclastic Methanosaeta species. In 
contrast, the applied SRT in R4 and the prevailing acetate flux resulted 
in a pre-dominance of Methanosaeta in the final reactor of the cascade. 
Notably, the acetate concentrations in R1, R2 and R3 were all signifi
cantly higher (p-value < 0.05) than the threshold (< 600 µg/L) for 
Methanosaeta survival (Klocke et al., 2008). Therefore, unlike the 
reference-CSTR and R4, methane production from hydrogen and carbon 
dioxide, rather than from acetate, was most likely the dominating 
methanogenic pathway in R1, R2 and R3. 

It is noteworthy that sequences affiliated with Methanospirillum had 
promoted relative abundance in all digesters from the Phase-II to Phase- 
IV, which implies the importance of this methanogen in AD under high 
loading conditions. Recently, Methanospirillum has been found to play an 
important role in syntrophic propionate oxidation in phased anaerobic 
digestion (Maspolim et al., 2015c). As an increase in relative abundance 
was also observed for propionate oxidisers such as Smithella, the applied 
cascade system apparently provides proper conditions for attaining 
efficient syntrophic propionate conversion (de Bok et al. 2001). 

Conclusions 

The conclusions drawn from the current work can be summarized as 
follows: 

1. AD in the cascade system led to 8% more tCOD reduction than the 
single stage CSTR digester, both operated at a total SRT of 22 days. 
Stepwise reduction of the total SRT from 22 to 12 days did not affect 
the tCOD removal efficiency for the cascade system, but showed a 
29% decrease in the tCOD removal in the reference-CSTR. Main
taining stability at high organic loading rates in a cascade system 
denotes an enhanced sludge treatment capacity of 30–35%, 
compared to a conventional sludge digester of the same volume. 
2. Normalised specific hydrolysis rates, resembling the first-order 
hydrolysis rate constant, differed per reactor and increased with 
decreasing SRTs. The highest increase by a factor 2 was found in the 
individual reactors of the cascade system. Normalised hydrolysis 
increased by a factor 1.52 in the reference-CSTR. 
3. Clear higher enzyme activities were found in the cascade system 
compared to the reference-CSTR, especially under short SRTs, which 
explains the overall accelerated specific hydrolysis rate in the 
cascade AD system. The overall hydrolytic enzyme activities 
increased with a factor up to 3 or even more, while this was a factor 
less than 2 for the specific hydrolysis rate, indicating that hydrolysis 
was limited by the solids-surface availability. 
4. Several enzymes that target hydrolysis of SEPS-related organic 
compounds displayed reversed distribution and higher activity in the 
cascade system than in the reference-CSTR, indicating an additional 
degradation capacity of refractory compounds in the cascade system. 
5. The increased relative abundance of key hydrolytic bacteria found 
in the first 3 reactors of the cascade system and the structural shift 
from hydrogenotrophic methanogens to acetoclastic methanogens 
alongside the cascade under low SRTs, demonstrated that cascading 
CSTRs possibly imposed selective pressures on the microbial 

Fig. 9. Species taxonomy of methanogenic communities at the genus level. The 
species, whose sums of percentage in all the samples are less than 0.5%, are 
classified as “the others”. 
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population, which contributed in achieving the enhanced enzymatic 
hydrolysis and sludge reduction. 
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