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Highlights:
· Modified Hill’s model was used to develop time-series prediction of AD processes.
· Model could successfully predict both batch and continuous processes. 
· Difference between simulation and literature varied between ±7.6%.
· No significant difference was found between experimental and simulations (P>0.05).
· Effect of varying loading rates was investigated to optimize CH4 yield.
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Abstract:
Time series-based modeling provides a fundamental understanding of process fluctuations in an anaerobic digestion process. However, such models are scarce in literature. In this work, a dynamic model was developed based on modified Hill’s model using MATLAB, which can predict the biomethane production with time series. This model can predict the biomethane production for both batch and continuous process, across substrates and at diverse conditions such as total solids, loading rate, and days of operation. The deviation between literature and the developed model was less than ±7.6%, which shows the accuracy and robustness of this model. Moreover, statistical analysis showed there was no significant difference between literature and simulation, verifying the null hypothesis. Finding a steady and optimized loading rate was necessary to an industrial perspective, which usually requires an extensive experimental data. With the developed model, a stable and optimal methane yield generating loading rate could be identified at minimal input.
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Anaerobic Digestion (AD) is an established technology which converts organics to energy (CH4) and biofertilizer. However, there are several consortia of microbes and process parameters involved in this conversion, which makes it difficult to achieve an optimum yield. Process stability and optimization could be achieved through process control strategies such as models, and simulations. Such strategies play a pivotal role in understanding the dynamic behavior of AD and process optimization. Current mathematical models describe the AD process in a steady-state condition, where time-series prediction is scarce in literature. Moreover, such models have a deficiency in describing the process parameters under transient state or start-up operations resulting from changes in input. Therefore, there is a need for a dynamic model, which can predict an optimum methane yield involving process parameters yet matches with the reality. Dynamic models provide a reliable and efficient operation of future plants with a combination of available sensor data and laboratory analyses (Weinrich and Nelles, 2021). 
Andrews et.al., (1971) developed the first dynamic model for AD processes, which uses unionized acid as a rate-limiting substrate. After then, Hill and Barth, (1977) developed a model taking into account the inhibition of fatty acids for manure and animal wastes. Later, IWA (International Water Association) developed the ADM1 model, that became popular and widely accepted (Batstone et al., 2006).  ADM1 include 12 algebraic and 19 differential equations with 24 dynamic variables. ADM1 describes the degradation of biochemical pathways, enzymatic hydrolysis to methanogenesis (Weinrich and Nelles, 2021). However, some processes are not included such as sulfate reduction, sulfide inhibition, and acetate oxidation reactions. Apart from ADM1, there are other models developed to predict AD processes including modified Gompertz model, simple kinetic model, empirical model (Abunde Neba et al., 2020; Weinrich and Nelles, 2021). 
Anaerobic digestion is affected by several process driven factors such as loading rate (OLR), retention time (HRT), pH, temperature, and mixing. These factors strongly affect the methane yield. According to the authors knowledge, time-series, or the dynamic nature of the process over an operating period with the inclusion of above-mentioned process parameters is never reported in the literature. Predicting the dynamic behavior helps the industry to implement a real-time solution.
In this work, we had developed a model based on the modified Hill’s equation using MATLAB V2020b. No earlier models had reported the effect of varying OLR to optimize the methane yield and over days of operation. This is the first simulation study to report the effect of varying loading rate with time series which works for both batch and continuous processes. The goal of this work include: (1) develop and validate the model against literature to verify if there are any difference between them. (2) Analyze the dynamic behavior of the AD process over days of operation. (3) Study the effect of varying loading rates to find optimum methane yield over time. 
Methods
Model description
In this work, modified Hill’s model was used to (Hill and Barth, 1977) forecast the dynamic behavior of the AD processes. This model used a set of differential equations characterizing the various stages of AD (hydrolysis, acidogenesis, acetogenesis, and methanogenesis). The microbial communities of various stages were divided as acid formers and methane formers. The growth rate of the microbes was modelled using Monod kinetics (Hill, 1983). The key input to the model includes organic loading rate (OLR), reactor volume, and operating temperature, while monitoring parameters included death rate and rate kinetics (Figure 1). The model was simulated by using the MATLAB (V2020b), and the required input data such as, Monod half velocity constant, yield factors and death rate of microbes were taken from the literature (Haugen et al., 2013; Pathmasiri et al., 2013; Saeed et al., 2019).
Model development
The modified Hill’s model was used in this study were described in Equations (1) to (6). Eqn. (1) & (2) was used to model the hydrolysis and acidogenesis stages of AD process. Eqn. (1) stands for the rate of change of VS breakdown in the reactor during AD processes. The change in VS concentration was found by the reactor loading rate with its kinetics. The rate of change in total VFA was obtained by adding total VFA produced with the difference between the growth rate of acid formers and methanogens (Eqn. 2). 
The next stage in an AD process was acetogenesis, which figures out the rate of change in acetic acid concentration Eqn. (3). This was obtained by multiplying the total acid concentration with the difference between growth and death rate of acetogens, and retention time. Like Eqn. (3), Eqn. (4) stands for the rate of change of methane formation, which was obtained by multiplying the methanogens concentration with the difference between the growth and death of methanogens, and retention time. 
Methane volume produced from the reactor was calculated by multiplying reactor volume with the growth kinetics and concentration of methanogens (Eqn. 5). The maximum growth rates of acidogens and methanogens were expressed in Eqn. (6), which depends on temperature. 
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The key assumptions of this model include constant reactor stirring, reactor volume, and temperature being constant. The kinetic coefficients were obtained from (Haugen et al., 2013), while the death rates of acetogens and methanogens taken from the literature (Fedailaine et al., 2015; Haugen et al., 2013; Pathmasiri et al., 2013).
About twenty parameters were added to perform the simulations using MATLAB. These parameters include VS concentration, acid concentration, growth rates, volume, and retention time. The equations were placed in MATLAB (version R2020b) as main and function scripts (Anaya Menacho et al., 2022; Carlini et al., 2020). All the parameters were defined in main script, while function scripts hold the differential equations mentioned above (Eqn. (1-6)). The main script acts as an input-output model, while the function scripts perform the calculations. The output was returned to the main scripts, from which the methane production was obtained (Weinrich and Nelles, 2021). 
Model Validation
The robustness of the model was verified and validated using various literature. The variation included scale, substrate, operating parameters, and volume. Table 1 shows the operating conditions used in each scenario and the respective experimental yield obtained. 
Case (1): Cow manure was used as a feedstock, which was (Kaparaju et al., 2009) operated in a batch mode. The OLR was 0.328 kgVS /L/d with a 5-L reactor volume and the reported methane yield was 353.5 L/kgVS/d at a 15-day HRT. 
Case (2): This scenario used swine manure in a 30L reactor at a OLR of 7.68 gVS/m3. The biogas obtained was 0.269 m3/kgVS at 8 days retention time (Fujita et al., 1980).
Case (3): Most earlier scenarios used a mono-digestion, while in this validation a co-digestion concept was assessed. The substrate composition used was  70% MSW  and 30% citrus waste (Forgács et al., 2012) in a 5L reactor. The methane yield reported was 0.55 m3CH4/kgVS/d at 21 days HRT by using a loading rate of 3-gVS/L/d.
Case (4): Food waste was used as a substrate in a continuous mode with 340 m3 reactor volume. The methane yield reported was 0.59 m3CH4/kgVS at 48 days HRT with a OLR was 6.4 kgVS/m3/d. (Liu et al., 2020).
Case (5): MSW was used as a substrate in a  continuous mode (Eliyan et al., 2007). This was a pilot reactor with a volume of 600L operating at a OLR of 3 gVS/L/d with 19 days HRT. The reported biogas production was 401 L/kgVS.
Case (6): This scenario used an industrial data using MSW, with a volume of 3000-m3, running at a OLR of 3.5 kgVS/m3/d. The biogas production from that plant was 9600 m3 /d at 21 days HRT  (Rajendran et al., 2014).
Statistical analysis
The scenarios that were confirmed against the model was evaluated for its significance through statistical analysis. A probability plot was drawn for the difference between the experimental resulted reported and simulated results obtained. Key statistical indicators such as p-value, mean, and standard deviations were looked out for. This probability plot used a 95% confidence interval. Minitab V19 was used to plot the probability plot. 
Sensitivity analysis
The key inputs to the model were the loading rate and solids concentration. The sensitivity of the model to the solid’s concentration was evaluated by varying it in a range of ±5%, ±10%, ±20%. A trend line was plotted across these variations and the resulting R2 value was reported, and it was checked for correlation. 
Loading Rate Optimization
The modified Hill’s model predicts the biomethane production, however the loading rate at which maximum yield obtained was not embedded. The OLR was optimized in MATLAB using the interior-point algorithm and minimum constraint solver (fmincon) (Khan et al., 2016)(Donoso-Bravo et al., 2011). The solver works based on lower- and upper- bound limits in an iterative process. The iteration was repeated until maximum methane yield and the respective loading rate was reported as output.
Results and Discussion
The Modified Hill’s model was applied in this study, while examining diverse operating conditions of AD. The simulations could predict the methane yield across substrates, loading rates, and temperature in a dynamic timeframe with an accuracy of 92±7.6%. The simulation was confirmed with literature ranging from laboratory to industrial data, and the differences were calculated. Besides, statistical analyses and sensitivity of the model was assessed to prove its robustness. 
Model validation
The operating conditions, experimental yield, simulation yield and the difference between the two for various case studies were summarized in Table 1. The difference between simulation and experimental methane yield varied between +7.5 to -7.6%. For instance, scenario-3 used a swine manure which was run in a batch mode had reported an experimental biogas yield of 0.266 m3/kgVS, while the dynamic model developed in this study reported the biogas yield of 0.269 m3/kgVS. The error difference between the simulation and experimental yield was -1.1%. This error difference could be due to lack of ammonia inhibition (Lee et al., 2018).
Figure 2 shows the dynamic response from the model alongside experimental and simulated values. The batch process had a fixed amount of VS available and hence over the higher days of operation, the substrate gets degraded which was reflected as the decrease in the biomethane/biogas yield Fig 2(a-c). In addition, In Fig 2(c) the experimental yield reported was 0.555 m3 CH4/kgVS, while the simulation reported a yield of 0.621 m3 CH4/kgVS at 21 days HRT. However, the dynamic response from the simulation shows that at 10 days HRT, 0.692 m3 CH4/kgVS could be achieved. This shows that the reactor was not operated at maximum biomethane yield. 
As the VS decreases, the biomethane / biogas yield decreases over time in a batch process (Fig 2 a-c). Contrastingly, in continuous processes (Fig 2 d-f), the biogas/methane yield did not decrease, instead a steady state condition was achieved. This was due to the continuous supply of VS in these processes (Fig 2d-f). Fig 2(d) shows that the difference between experimental and simulated result was 0.3% at 48 days retention time. Nonetheless, running the reactor at 30 days retention time did not decrease the methane yield by greater than 5%. Such a trade-off could be predicted from the simulation which can help the industry or research community for a better decision making and operation of the digester. This trade-off offers a 37% reduction in reactor volume, without compromising on the methane yield significantly.
Statistical analysis
Evaluating the simulation statistically shows the accuracy of its robustness. A statistical analysis was conducted to check the significance of difference between random scenarios mentioned earlier and their error difference between experimental and simulated results. The probability plot was drawn to check the P-value and the significance of differences with a 95% confidence interval (CI) for various scenarios (Figure 3). The P-value obtained was 0.377 (>0.05), shows that across random scenarios the difference between experimental and simulated results were insignificant, which verifies the null hypothesis (Silva and De Bortoli, 2020) (Hamawand and Baillie, 2015; Rajendran et al., 2014).  
Sensitivity analysis 
Sensitivity analysis shows the effect of critical parameters on the model output and its efficacy. The critical input to the model is TS concentration (Calise et al., 2020), which was altered by ±5%, ±10%, and ±20% for both batch and continuous processes to study its sensitivity. Figure 4 shows the effect of sensitivity analysis for batch (a) and continuous processes (b). Both batch and continuous processes showed a linear correlation with varying solids concentration. All the correlation had a R2 value greater than 0.97. The average R2 value was 0.98, and 0.986 for batch and continuous processes, respectively. This strong correlation shows the higher degree of robustness and accuracy of the model. A study by Mukumba et al., (2018), showed a similar correlation against the experimental data and the  R2 value was 0.9712.
Effect of methane production on various loading rates
Optimizing the OLR for a given substrate improves the productivity and methane yield. An attempt was made to optimize OLR by simulating the experimental data against certain standard conditions including 500-m3 reactor volume and 37°C as operating temperature. Under these conditions, the optimal loading rate at which maximum methane yield obtained was identified. Optimizing the OLR against standard conditions reduces any errors within the operating parameters. Different OLRs was simulated for optimization including 2,3,5,7,9, and 12 kgVS/m3/day. 
The type of feedstock, composition, and its operating conditions have a varying optimal point on OLR. For example, food waste (Fig 5d) had an optimal OLR of 5 kgVS/m3/day, while MSW (Fig 5f) had an optimal OLR of 3 kgVS/m3/day. This could be explained by the fact that food waste has easily degradable organics, while MSW was a complex substrate and hence higher loading could not be achieved. Until 20 days of operation (Fig 5f), OLR of 2 kgVS/m3/day received a maximum methane yield, while after that 3 kgVS/m3/day had a higher methane yield. This shows that longer days of operation could optimize better loading rates, or which helps in reaching a steady-state conditions. In Fig 4(e), OLR of 3 kgVS/m3/day could not support its stability, while 2 kgVS/m3/day could maintain steady state at a longer operating period. Such time-dependent predictive analytics were not reported in literature elsewhere, shows the importance, innovation, application, and usability of such simulation in industries.
Eliyan et.al (2007) reported that increasing the OLR from 2 to 2.5 kgVS/m3/d using MSW as a substrate saw a decline in methane yield from 140 to 62.5 m3CH4/kgVS/d (55.3%). The same study when simulated with the current model by increasing the OLR from 2 to 2.5 kgVS/m3/d revealed a methane yield decline from 108 to 66.62 m3CH4/kgVS/d (38.2%) depicting the reality shows the reproducibility of the model and its validation against experimental data (Fig 5e). 
Optimization studies
Optimizing the loading rate through experiment was not easy, as multiple trials were necessary. However, with a standard input given and by using the optimization algorithm in MATLAB, the maximum methane of an AD process could be predicted. Lower loading rates yield low methane, while higher loading creates imbalance and decreases the stability (Khan et al., 2016). Hence, running at the optimum point is essential for maximum profitability. 
As different studies reported distinct inputs and combinations, a standard condition was assumed to evaluate the maximum loading rate prediction. This includes a reactor size of 3000-m3 running at mesophilic temperature (37°C). Experimental data of case-6 reported operating at 3.5 kgVS/m3/d, and the methane yield was 9600 m3/d. Increasing the loading rate to 5.0 kgVS/m3/d in simulations showed a decline in methane yield to 8600 m3/d (Note: The errors between simulation and experiments are not considered here) (Figure 6). A lower and upper bound limit was given to the optimization algorithm in MATLAB based on the flow rate, which in term governs the loading rate, solid concentration. The lower bound flow rate was kept at 1 m3/d, while the upper bound value was kept at 500-m3/d. 
The output from MATLAB yielded an optimum OLR of 4.1 kgVS/m3/d against the experimental data of 3.5 kgVS/m3/d. Adding the error difference from base case (-5.5%) scenario; the simulation resulted in a methane yield of 9875 m3/d (OLR- 4.1 kgVS/m3/d) against 9600 m3/d from experiments (OLR- 3.5 kgVS/m3/d). Similarly, each base case was optimized to find its maximum loading rate and methane yield, that was reported in Table 2. The optimum conditions obtained for food waste (case (4), according to simulations reached an OLR of 4.6 kgVS/m3/d with a methane yield of 521 m3/kgVS/d. Similarly, case (3) using MSW with citrus waste reported a maximum loading of 3 kgVS/m3/d, while simulation optimized the loading rate to 3.4 kgVS/m3/d. 
Discussion
The current model we had developed could maximize the loading rate and methane yield. However, there are certain shortcomings that need to be addressed. This includes the effect of mixing such as agitation speed, and duration that might affect the methane yield in industrial applications. Besides, this model considered only volatile fatty acids inhibition, while other inhibitions such as ammonia, metal ions, and foaming were not included. Including them in further versions of the model will enhance the robustness and accuracy in implications of it. Furthermore, we considered the solids loading, C/N ratio, while adding the composition of substrate as carbohydrates, proteins and fats will help in having a deeper understanding in model prediction. 
Various models have been developed in the past that has predicted the AD processes for batch, and continuous operations. ADM1 was widely accepted by academia and industry as it was a comprehensive model accounting most of the factors that affect the biomethane production (Donoso-Bravo et al., 2011). Most models work either for a batch or continuous process
Those models were used to study the transient behaviour of batch and continuous processes of AD and its estimate the gas yield from a particular substrate. In this work, studied the dynamic behaviour of AD and the simulated results confirmed with literature studies, and the difference was ±7.6 %. The simulation model was suitable for any substrates and both batch and continuous operations.
One of the important operational parameters of AD is OLR, it increases the biogas yield also increased up to certain load then decreased. In this paper, studied the volumetric methane yield for various OLR, it varies from 2 kgVS/m3/d to 12 kgVS/m3/d at 500 m3 and mesophilic temperature conditions. The simulation results revealed that, biomethane production was increased certain days then its stable or decreased due to overloading. In fig 5 (d) the gas yield was increased gradually up to 30 / 40 days of operation then its stable at OLR range from 2 to 5 kgVS/m3/d. Further increased OLR 7 kgVS/m3/d, the methane production was unstable and decreased due to overloading. In methane yield was nearly zero at 80days of operation at OLR 12 kgVS/m3/d. Temperature is another critical parameter that affects the reaction rate and methane production. An increase in temperature leads to an increase in gas production with shorter retention time. The optimal operation conditions are required for stable and efficient operation of anaerobic digesters.
An optimal OLR was beneficial in improving methane production and ensure the operation stability of AD with efficient and economic operation of the plants. The optimal OLR was varied with different temperatures. From that simulation results, the methane production was 107.1, 521, and 970 m3/kgVS/d, and the optimal OLR was 1.2, 4.6, and 8.2 kgVS/m3/d at temperatures 20°C, 37°C, and 55°C, respectively. The results indicated the methane production increased with the increases in temperature and the appropriate range of OLRs.
Common operating temperature of an AD process lies in three ranges: (1) psychrophilic, (2) mesophilic and (3) thermophilic. In tropical countries, ambient temperatures are preferred, as when compared with industrialized countries which operated AD digester at mesophilic and predominantly thermophilic range. Using optimization algorithm, the temperature at which maximum biomethane could be yielded was identified for the base case scenarios reported earlier. Figure 1(s) (Supplementary file) shows the effect of various temperature 
The growth rate and activities of microorganisms will change with respect to temperature. The simulation was studied three operating temperatures such as, 20°C, 37°C, and 55°C and found the optimum OLR. From results, the best loading rate on food waste was 1.2, 4.6, and 8.2 kgVS/m3/d, and methane yield was 107.1, 521, and 970.5 m3/kgVS/d at reactor temperatures 20°C, 37°C, and 55°C respectively at reactor volume 500 m3.
The result shows that the reactor ran at 20°C, the OLR and methane yield was less, then step up the temperature 37°C, and 55°C it increases the OLR and methane production at constant reactor volume. Temperatures which were leads to an increase in OLR and methane production rate.
[bookmark: _Toc69213137]Conclusion 
Using MATLAB and with modified Hill’s equations, the dynamic behaviour of AD processes was predicted. This simulation could be applied for both batch and continuous process, which had a deviation of ±7.6% from experiments. The statistical validation showed that there was no significant difference between experiments and simulation across literature ranging from laboratory to industry, and batch to continuous processes. The effect of varying loading rates against the time showed the region of process stability yet achieving a maximum methane yield. The implications of this work include to use it real-time operations of an AD plant and laboratories to estimate the best region of operation in terms of loading rate and yield. 
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Nomenclature
	
	Biodegradable volatile solid concentrations in reactor (kg / m3)

	
	Biodegradable volatile solid concentrations in feed (kg / m3)

	
	Feed flow rate (constant volume) (m3 / d)

	
	Volume of the reactor (m3)

	
	Maximum growth rate for acidogens (d-1)

	
	Yield constant

	
	Monod half-velocity constant for acidogens (kg / m3)

	
	Concentration of acidogens (kg / m3)

	
	Reactor temperature (°C)

	
	Total volatile fatty acid concentration in reactor (kg / m3)

	
	Total volatile fatty acid concentration in feed (kg / m3)

	
	Yield constant

	
	Maximum growth rate for methanogens (d-1)

	
	Yield constant

	
	Monod half-velocity constant for methanogens (kg / m3)

	
	Concentration of methanogens (kg / m3)

	
	Specific death rate for acidogens (d-1)

	
	Retention time factor

	
	Specific death rate for methanogens (d-1)

	
	Methane gas flow (m3 /kgVS. d)

	
	Yield constant
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Table 1
	Case
	Substrate
	Feeding mode
	TS (%)
	VS (%)
	Reactor volume
	HRT (days)
	Temperature
(°C)
	Loading rate
	Experimental results
	Simulation results
	Difference (%)
	Reference

	1
	Cow manure
	Batch
	6
	80
	5 L
	15
	54
	0.328 kgVS /L
	353.5 L /kgVS
	328.5 L /kgVS/d
	-7.6
	(Kaparaju et al., 2009)

	2
	Swine manure
	Batch
	6.4
	72
	30 L
	8
	55
	7.68 gVS/m3
	0.269 m3/kgVS 
	0.266 m3 /kgVS
	-1.1
	(Fujita et al., 1980)

	3
	MSW+CW
	Batch
	13
	87
	2 L
	21
	55
	3 gVS/L
	0.555 m3CH4/kgVS
	0.621 m3CH4 /kgVS
	7.5
	(Forgács et al., 2012)

	4
	Food Waste
	Continuous
	32
	89
	340 m3
	48
	35
	6.4 kgVS/m3/d
	0.590 m3CH4/kgVS/d
	0.592 m3CH4 /kgVS/d
	0.3
	(Liu et al., 2020)

	5
	MSW
	Continuous
	10
	90
	600 L
	19
	55
	3 gVS/L/d
	401 L/kgVS removed
	376 L /kgVS removed
	-6.6
	(Eliyan et al., 2007)

	6
	MSW
	Continuous
	15
	85
	3000 m3
	21
	52
	3.5 kgVS/m3/d
	9600 m3/d
	9100 m3/d
	-5.5
	(Rajendran et al., 2014)






Table 2
	Case
	Feed Type
	Q (m3/d)
	Optimum Results

	
	
	Lower limit
	Upper limit
	Q (m3/d)
	OLR (kgVS/m3/d)
	Methane Yield (m3/kgVS/d)

	1
	Cow Manure
	1
	500
	216.9
	2.1
	162.3

	2
	Swine Manure
	1
	500
	217.0
	2.0
	162.3

	3
	MSW+CW
	1
	500
	151.0
	3.4
	393.6

	4
	Food Waste
	1
	500
	169.1
	4.6
	521.0

	5
	MSW (TS 10%)
	1
	500
	155.6
	3.7
	429.5

	6
	MSW (TS 15%)
	1
	500
	162.4
	4.1
	471.0



Table 3
	Model
	Simulation tool
	Sample size
	Model accuracy
	Operating mode
	Time 
series
	Optimization
	Parameter effect
	Statistical validation
	Significance 
	Shortcomings
	Reference

	Stoichiometry based simulation model
	Aspen plus /FORTRAN program
	7
	80%
	Continuous
	No
	No
	No
	Yes
	Stoichiometry based hydrolysis reactions were included
	More inputs needed
	(Rajendran et al., 2014)

	Biokinetic model
	MATLAB
	1
	82%
	Batch
	yes
	No
	Initial biomass concentration
	No
	substrate degradation, and microbial activity
	No inhibitors 

	(Fedailaine et al., 2015)

	Modified Hill’s model
	MATLAB/ Simulink
	NA*
	NA*
	Batch
	Yes
	No
	Flow rate
	No
	MATLAB uses less time thank Simulink
	No experimental validation
	(Pathmasiri et al., 2013)

	Linearized ADM1 (LADM)
	MATLAB
	1
	93%
	Continuous
	Yes
	No
	No
	No
	Linearized ADM1 was compared laboratory data
	Complex parameter required
	(Li et al., 2021)

	Simplified ADM1
	MATLAB/ Simulink
	NA*
	93%
	Semi-continuous
	Yes
	No
	No
	No
	Original ADM1 was simplified 
	Complex model 
	(Weinrich et al., 2021)

	Simplified ADM1 – thermal
	MATLAB
	NA*
	NA
	Continuous
	No
	No
	Operating temperature
	No
	1°C variance in atm. Temp. it changes 0.3°C in digester
	No experimental validation
	(Calise et al., 2020)

	ADM1
	Aspen plus
	3
	97%
	Continuous
	No
	No
	Fat concentration
	No
	Simulated the two stage AD 
	No dynamic range of studies in OLR and HRT
	(Anaya Menacho et al., 2022)

	Modified Gompertz model
	NA
	1
	87%
	Batch
	No
	No
	Loading rate
	No
	Two kinetics model compared with experimental data
	No inhibitors 

	(Bakraoui et al., 2018)

	1First order kinetic model
	NA
	1
	73.6%
	Batch
	Yes
	No
	No
	No
	Experimental data was adopted with mathematical model
	Less sample size
	(Bakraoui et al., 2018)

	Modified Hill’s model
	MATLAB
	6
	92%
	Both
	Yes
	Yes (OLR)
	 OLR & Temperature
	Yes
	OLR and its optimization
	Inhibitions except VFA
	This model


NA - Not applicable; * - No experimental comparison
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