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A B S T R A C T

Anaerobic co-digestion (AcoD) of grass waste (GS) with fruit and vegetable waste (FVW) was evaluated to 
improve methane generation from lignocellulosic biomass. Batch BMP tests were performed using raw grass 
(GSr), size-reduced grass (GSp), and GS:FVW mixtures.

FVW exhibited high biodegradability (453 Nml CH4/gVS; BDI 97.7%), whereas GS showed markedly lower 
conversion (169 Nml CH4/gVS; BDI 41.2%). Particle-size reduction of grass from 20 mm to <5 mm increased the 
methane production rate but did not significantly affect ultimate methane yield. Co-digestion behavior was 
strictly additive, with CPI values approximately equal to 1 for all mixtures. Among the kinetic formulations, the 
Two-fractions First-order and Multi-stages models provided the best description of methane production, 
particularly when BMP values were fixed to their theoretical predictions derived from CHNSO. A mathematical 
demonstration showed that the analytic expression of the Multi-stage model can be transformed into the Two- 
fractions First-order formulation, confirming their mathematical equivalence despite differing conceptual 
interpretations.

These results highlight the suitability of FVW as a co-substrate for GS digestion and demonstrate the value of 
kinetic modeling for interpreting and predicting biomethane production from slowly degradable feedstocks.

1. Introduction

Rising global food and energy demand, together with geopolitical 
pressures, increases energy costs and complicates carbon-neutrality ef
forts (Jiang et al., 2021; Phuttaro et al., 2023), while growing GHG 
emissions and organic-waste accumulation intensify environmental 
challenges. (Offermanns et al., 2023; Yasim and Buyong, 2023). 
Anaerobic digestion (AD) offers a practical solution by stabilizing 
organic residues while generating biogas and producing nutrient-rich 
digestate suitable for agricultural reuse.(Edwiges et al., 2019; Egwu 
et al., 2022; Seppälä et al., 2009). Owing to its operational simplicity, 
flexibility in feedstock selection, and positive environmental impact, AD 
is increasingly integrated into circular-economy strategies and munic
ipal waste-management systems.

Urban grass clippings and maintenance-derived grass waste 

represent a widely available lignocellulosic biomass stream that does not 
compete with food production (Massanet-Nicolau et al., 2015; Melts 
et al., 2014). Reported grass yields vary widely with management and 
climate, but typical productive swards deliver on the order of 10–18 t 
dry matter (DM) ha− 1 yr− 1, while low-intensity or roadside grasslands 
may yield only a few t DM ha− 1 yr− 1 (Dickeduisberg et al., 2017; Meyer 
et al., 2014; Phuttaro et al., 2023). However, the biodegradability of 
grass is restricted by its structural composition, characterized by high 
cellulose and hemicellulose content and a relatively rigid lignin fraction 
(Edwiges et al., 2019). Reported specific methane yields (SMY) of grass 
typically range from 188 to 311 mL CH₄ g− 1 VS, varying with species, 
harvest time, and growth stage (Butkutė et al., 2014; Melts et al., 2014; 
Prochnow et al., 2009; Seppälä et al., 2009; Song et al., 2023). In 
addition, grass frequently exhibits a high C/N ratio (approximately 
25–55) (Nuchdang et al., 2015; Phuttaro et al., 2023), which can limit 
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microbial activity and reduce process stability when digested alone.
Fruit and vegetable waste (FVW) generation at wholesale markets 

typically ranges from a few to several tens of tonnes per day, with 
regional wholesale networks reaching around 100–200 t day− 1 

(Mokjatturas et al., 2025; Trujillo-Reyes et al., 2023). FVW, in contrast, 
is rich in readily degradable carbohydrates, and micronutrients. High 
moisture content and elevated volatile solids fractions make FVW an 
efficient co-substrate for stabilizing the digestion of carbon-rich bio
masses such as grass (D' Silva et al., 2022). SMY values for FVW are 
typically higher, often exceeding 320 mL CH₄ g− 1 VS, depending on 
composition and season (Arhoun et al., 2019; Edwiges et al., 2018). 
These complementary characteristics indicate a strong potential for co- 
digestion to balance nutrients, dilute inhibitors, and promote synergistic 
degradation pathways.

Anaerobic co-digestion (AcoD) provides numerous ecological, tech
nological, and economic benefits by improving digester stability and 
performance. Advantages include inhibitor dilution, balanced nutrient 
availability, and optimized C/N ratio, all of which contribute to 
enhanced microbial activity and substrate degradation (D' Silva et al., 
2022; Kouas et al., 2018). AcoD strategies maximize biogas production 
and maintain process stability, particularly when co-digesting grass with 
substrates such as animal manure, sewage sludge, microalgae, food 
waste and the organic fraction of municipal solid waste, yielding SMYs 
ranging from 100 to 400 mL CH4 g− 1 VS (Song et al., 2023). The mixing 
ratio of substrates is a critical parameter influencing degradability and 
biogas yield.

Pretreatment strategies, particularly mechanical size reduction, are 
frequently applied to improve accessibility of lignocellulosic biomass 
(Phuttaro et al., 2023; Sunar et al., 2025). Reducing particle size in
creases the surface area available for hydrolysis and can shorten the lag 
phase (Jomnonkhaow et al., 2021). Methane production rate generally 
increases with decreasing particle size, but further reduction beyond a 
certain threshold does not enhance SMY. Particle size should therefore 
be reduced only until SMY plateaus (0.250–0.380 mm for Hybrid Pen
nisetum and < 1 cm for grass silage) (Kang et al., 2019; Wall et al., 2015).

Despite the significant availability of grass waste and FVW, studies 
systematically evaluating the combined effect of co-digestion ratio and 
grass particle size remain limited. Most works focus either on pretreat
ment or on substrate mixture optimization, but not on their interaction 
(Hmeekong et al., 2025; Warade et al., 2025). Batch Biochemical 
Methane Potential (BMP) assays are widely used to assess the anaerobic 
biodegradability of various organic wastes. BMP tests also serve as 
benchmarks for comparing substrate biodegradability and evaluating 
the impact of pretreatment methods on methane yield (Aguilar-Aguilar 
et al., 2025; Almeida et al., 2021; El Gnaoui et al., 2022).

Recent studies (Alrefaey et al., 2024; Scherzinger et al., 2022; Weber 
et al., 2026) have calculated the parameters of kinetic models from the 
substrate composition, providing a rapid means to estimate BMP. 
Nevertheless, discrepancies between experimental and theoretical BMP 
values highlight the need for kinetic modeling to better interpret 
degradation dynamics. Furthermore, the most suitable kinetic model is 
largely determined by the type of substrate involved (Karki et al., 2022).

This study is structured into three primary parts. First, batch BMP 
experiments were conducted to investigate the effects of varying mixing 
ratios of grass and fruit and vegetable waste (FVW) on methane yield, 
including the impact of grass particle size reduction in co-digestion with 
FVW. Second, theoretical BMP values were calculated based on 

elemental composition to estimate the effects of co-digestion and pre
treatment on substrate biodegradability. Finally, six kinetic models were 
applied to characterize the degradation kinetics of the studied sub
strates. These included the First-order, two-fraction First-order, Monod- 
type, Modified Gompertz, Superimposed, and Multi-stage models.

By integrating experimental BMP data with kinetic modeling, a more 
comprehensive understanding of anaerobic biodegradability can be 
achieved. This synergy not only enhances the interpretation of experi
mental results but also improves the predictive accuracy of biogas po
tential, ultimately supporting more effective optimization of AD 
processes.

2. Materials and methods

2.1. Inoculum and substrates

FVW was sourced from the rejects produced at Mercamálaga, the 
main wholesale market of Málaga (Spain). This market generates 
approximately ten metric tons of FVW daily. A 20 kg sample of FVW, 
representative of the wholesale market's production, was collected, with 
a detailed composition provided in Table 1-S (supplementary material). 
The FVW was manually chopped in the laboratory and then ground 
using a blender. The processed material was stored in 200 mL bottles at 
− 20 ◦C until use.

Grass (Cynodon dactylon) (GS) was collected from a garden at the 
University of Malaga, Spain. After harvesting, the fresh grass was cut 
into 20 mm lengths using a chopper machine. The raw grass (GSr) was 
then ground with a coffee mill and sieved to a particle size of less than 5 
mm to enhance the contact between the biomass and inoculum. Both the 
raw and treated grass (GSp) were placed in 200 mL plastic vials and 
stored in a refrigerator at − 20 ◦C until use. The grass samples were used 
in the experiment without drying.

The inoculum is a crucial component in the BMP test, providing the 
necessary microorganisms for AD. This study used digested sludge as the 
inoculum, sourced from a mesophilic anaerobic digester operating at 35 
± 1 ◦C with a hydraulic retention time (HRT) of 20 days, located in 
Málaga, Spain. The digested sludge was transported from the waste
water treatment plant (WWTP) to the laboratory, where it was main
tained under the same conditions without any feed for 72 h to lower its 
biogas production before starting the BMP assays. The key characteris
tics of the inoculum and those of the FVW and GS are detailed in Section 
3 “Results and discussion”, Table 2.

2.2. BMP experimental tests

Glass bottles with a capacity of 500 mL were used as anaerobic re
actors, each with a working volume of 400 mL. The mixing ratios of GSr 
and GSp to FVW were varied on a wet weight basis at 100:0, 80:20, 
60:40, 40:60, 20:80, and 0:100. The corresponding ratios in terms of 
volatile solids (VS) and total solids (TS) for these wet weight mixtures 
are detailed in Table 1, along with the total substrate VS concentration 
and TS content resulted from each mixing ratio.

Three blank bottles containing only inoculum were included as 
controls to account for methane generation solely from the inoculum. 
The VS ratio of inoculum to substrate in all bottle reactors was 4:1. This 
high inoculum ratio is used to prevent the accumulation of volatile fatty 
acids and to avoid bacterial inhibition under acidic conditions. The BMP 

Table 1 
Wet weight mixing ratios and corresponding TS and VS fractions of substrate mixtures GS:FVW.

Total mass 100:0 80:20 60:40 40:60 20:80 0:100
Total solids 100:0 96.1:3.9 90.3:9.7 80.6:19.4 60.9:39.1 0:100
Volatile solids 100:0 95.8:4.2 89.4:10.6 79.0:21.0 58.5:41.5 0:100
Total substrate (VS) concentration (%) 0.71 0.75 0.76 0.77 0.77 0.77
TS concentration (%) 5.3 5.6 5.7 5.8 5.8 5.8
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procedures were adapted from (Phuttaro et al., 2023), and the experi
ment was conducted without supplementing additional nutrients or 
trace elements. The schematic of the BMP experimental setup is shown 
in Fig. 1.

The bottle reactors were loaded with a mixture of the substrate, and 
immediately afterward, oxygen was purged by flushing the bottles with 
a N2 stream for approximately 2 min, and then the required amount of 
inoculum was added while the N2 stream was maintained. Immediately 
after the N2 stream was stopped, the bottles were sealed with rubber 
stoppers and gas collection tubing was connected. The bottles were then 
placed in a shaker, with the temperature maintained at 35 ± 1 ◦C and 
stirring set at 50 rpm. Specific methane production was corrected for the 
gas volume produced by the inoculum without substrate, normalized to 
standard conditions (dry gas at 273.15 K and 1013.25 mbar) and re
ported per gram of VS added (mL gVS

− 1).

2.3. Analytical methods

The substrates and inoculum initial samples underwent triplicate 
analysis, with an additional sample of the digestate on the final day of 
the experiment. Parameters such as TS, VS, and pH were obtained ac
cording to standardized methods outlined by APHA (1998). Hemicel
lulose, cellulose, and lignin were determined as described in (Mansor 
et al., 2019). Elemental analysis for carbon (C), hydrogen (H), nitrogen 
(N), sulfur (S), and oxygen (O) content was conducted using a Perkin 
Elmer CHNSO 2400 apparatus.

The biogas production was measured every day by a volume 
displacement method; the composition of biogas was determined daily 
by gas chromatography (Perkin-Elmer Autosystem) with a thermal 
conductivity detector and a Supelco column (15 ft. × 1/8″; 60/80 car
boxy 1000). The oven, injector, and detector temperatures were 180 ◦C, 
180 ◦C and 220 ◦C, respectively. Helium was used as carrier gas at a 30 
mL/min flow rate.

2.4. BMP theoretical model and calculation

2.4.1. Stoichiometry analysis and biodegradability index
Theoretical biochemical methane potential (BMPtheo) was deter

mined using a modified Buswell and Mueller's equation, incorporating 
nitrogen and sulfur as described by (Phuttaro et al., 2023). This calcu
lation was based on the elemental composition of the substrate (C, H, O, 
N, and S), where the percentages of these elements were applied in a 
stoichiometric equation to estimate the methane yield (Rodrigues et al., 
2019).   

BMPtheo =

22 400 ×

(
a
2 +

b
8 −

c
4 −

3d
8 − e

4

)

12a + b + 16c + 14d + 32e
(1) 

Where a, b, c, d, and e represent the number of moles of C, H, O, N, and S, 
respectively that are present in each 100 g of dry sample, as obtained in 
the elemental analysis. The 22,400 factor corresponds to the molar 
volume (mL mol− 1) at standard conditions (dry gas at 273.15 K and 
1013.25 mbar). Thus, BMPtheo is expressed in units of mL CH₄ per gram 
of VS (mL CH4 gVS

− 1).

Biodegradability index (BDI) percentage was calculated after the 
following equation (Nielfa et al., 2015; Yasim and Buyong, 2023). 

BDI =
BMPexp

BMPtheo
×100 (2) 

where BMPexp (mL CH4 gVS
− 1) and BMPtheo (mL CH4 gVS

− 1) represented 
methane generation obtained from the experimental setup and theo

retical calculated respectively.

2.4.2. Volatile solids reduction
The removal of volatile solids (VSremoval) was calculated using the 

method described by Di Maria et al. (2015): 

VSremoval =
VSt=0 − VSt=end

VSt=0
×100 (3) 

where VSt=0 is the volatile solids content at the start, and VSt=end is the 
content at the end of the experiment.
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Fig. 1. Schematic of the BMP experimental setup.
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2.4.3. Co-digestion performance index
Higher methane yields are expected in anaerobic co-digestion due to 

the combined organic content and potential synergistic effects of mixed 
substrates. These effects, including the dilution of inhibitory by- 
products and enhanced microbial metabolism, improve biodegrad
ability. To assess synergy, the BMP of AcoD is compared with the 
weighted sum of individual substrates using the co-digestion perfor
mance index (CPI) (Ebner et al., 2016; Edwiges et al., 2018; Phuttaro 
et al., 2023). 

CPI =
BMPmix G:F

(G × BMPG) + (F × BMPF)
(4) 

Where G and F are the VS fraction of grass and FVW in the mixture (0 
< G,F < 1), BMPmix G:F (mL gVS

− 1) is the cumulative methane yield of the 
mixture of substrates at ratio G:F, BMPG (mL gVS

− 1), and BMPF (mL gVS
− 1) 

are the cumulative methane yield of grass and FVW respectively.

2.5. Kinetic models

Six kinetic models were studied, incorporating both mathematical 
and biological parameters, to assess the impact of pretreatment and co- 
digestion at different mixture ratios on digestion kinetics. The models 
used were the First-Order Kinetic Model, the Two-Fraction First-Order 
Kinetic Model, the Monod type Model, the Modified Gompertz Model, 
the Superimposed Model, and Multi-stage Model. These models were 
employed to evaluate the predicted methane potential of the substrates. 
In all models, VCH4 represents the predicted volume of methane pro
duced at time t per unit mass of volatile solids 

(
mLCH4 g− 1

VS
)
, and BMP 

denotes the maximum methane yield per unit mass of VS, which is the 
biomethane potential.

2.5.1. First-order kinetic model (FO)
The FO model is a simple approach, but it does not account for 

conditions that optimize biological activity or indicate potential system 
failures. In AD, hydrolysis is typically seen as the rate-limiting step 
(Kafle and Chen, 2016). FO model requires two parameters to estimate 
the predicted methane potential (Edwiges et al., 2019; Nielfa et al., 
2015). 

VCH4 = BMP (1 − exp( − k1t) ) (5) 

Where k1 (d− 1) is the apparent hydrolysis rate coefficient and t (d) is the 
digestion time.

2.5.2. Two fractions first-order kinetic model (TFFO)
This is also known as two-phase (multi-phase) exponential model, in 

which the total methane-production curve results from the additive 
contribution of two kinetic components that operate as parallel degra
dation processes, each describing the conversion of a distinct substrate 

fraction (López et al., 2011). The TFFO assumes two biodegradable 
fractions with independent first-order degradation rates: rapid and slow 
(García-Gen et al., 2015). 

VCH4 = BMP
(
1 − αexp

(
− kf t

)
− (1 − α)exp( − kst)

)

= BMPf
[
1 − exp

(
kf t

) ]
+BMPs[1 − exp( − kst) ] (6) 

Where α represents the share of rapidly degradable substrates compo
nents, kf (d− 1) and ks (d− 1) are the first order reaction constants for the 
fast and slow degradable fraction, respectively, and BMPf and BMPs are 

the BMP of the rapid and slow phases, respectively.

2.5.3. Monod type kinetic model (MT)
The MT model is widely used in BMP testing to describe microbial 

growth and substrate utilization during AD. 

VCH4 = BMP
(

kt
1 + kt

)

(7) 

Where k (d− 1) is the rate constant.

2.5.4. Modified Gompertz model (MG)
The key parameters of the MG model are the maximum biomethane 

production potential, the maximum daily production rate, and the lag 
phase. The lag phase is a critical indicator of AD efficiency, representing 
the minimum time required for microbial acclimation before the onset of 
biogas production. It reflects the relationship between methane gener
ation and microbial activity (Kafle and Chen, 2016). 

VCH4 = BMPexp
(

− exp
(

Rmexp(1)
BMP

(λ − t)+ 1
))

(8) 

Where Rm is the maximal methane production rate (mL gVS
− 1d− 1) and λ (d) 

is the lag phase time.

2.5.5. Superimposed model (S)
The S model combines the MG and FO kinetic formulations to 

represent biogas production driven by two distinct degradable fractions. 
It assumes that readily biodegradable compounds generate an initial 
rapid methane production peak, while more recalcitrant substrates 
degrade slowly and contribute to a second peak (Karki et al., 2022). 

VCH4 =BMP1 (1 − exp( − kt))+BMP2exp
(

− exp
(

Rmexp(1)
BMP2

(λ − t)+1
))

(9) 

Where BMP1 and BMP2 are the BMPs from the easily and poorly 
biodegradable substrates, respectively 

(
mLCH4 g− 1

VS
)
, and k (d− 1) is the 

methane production rate constant.

2.5.6. Multi-stage model (MS)
The MS model represents anaerobic digestion as a sequence of 

mechanistically linked stages operating as serial degradation processes, 
where the output of one stage directly influences the next. In contrast to 
multi-phase approaches that simply sum the contribution of separate 
phases, the MS formulation explicitly accounts for the dynamic in
teractions between stages, such as hydrolysis of complex substrates 
followed by fermentation of the released soluble intermediates.(Karki 
et al., 2022; López et al., 2011).  

Where BMPS and BMPI are the BMP in each stage: substrate and inter
mediate 

(
mLCH4 g− 1

VS
)
, BMPIS is the BMP corresponding to their in

teractions 
(
mLCH4 g− 1

VS
)
, and k1 (d− 1) and k2 (d− 1) are the methane 

production rate constant in each stage.

2.5.7. Model selection and performance evaluation
The values of the parameters of the kinetic models were determined 

through nonlinear regression analysis using the Microsoft Excel Solver. 
This regression was made by minimizing the root mean square error 

VCH4 = BMPS (1 − exp( − k1t) )+BMPI (1 − exp( − k2t) )+BMPIS

[

1 −
k2exp( − k1t)

k2 − k1
−

k1exp( − k2t)
k1 − k2

]

(10) 
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(RMSE) defined as follows: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
Vexp

CH4
− Vmodel

CH4

)2

n − 1

√
√
√
√

(11) 

where Vexp
CH4 

(mL gVS
− 1) and Vmodel

CH4 
(mL gVS

− 1) represent the experimental and 
model-predicted volumes of methane released for each time value, and n 
is the number of data points.

The Akaike Information Criterion (AIC) is used to compare statistical 
models by measuring their goodness of fit while penalizing model 
complexity. In this case, the general formula for AIC when using the least 
squares model fitting is (Burnham and Anderson, 2004): 

AIC = 2 k+ nln

⎛

⎜
⎝

∑n
i=1

(
Vexp

CH4
− Vmodel

CH4

)2

n

⎞

⎟
⎠ (12) 

Where k is the number of estimated parameters in the model and n is the 
number of experimental observations.

AIC only assesses the relative quality of a model compared to alter
native models. The model with the lowest AIC value is considered the 
best-performing, as a lower AIC indicates a better balance between 
goodness of fit and model simplicity.

Once AIC has identified the best model among the six candidates, it is 
essential to further evaluate its predictive performance and goodness of 
fit. The RMSE and the coefficient of determination (R2) provide com
plementary insights: 

R2 = 1 −

∑n
i=1

(
Vexp

CH4
− Vmodel

CH4

)2

∑n
i=1

(
Vexp

CH4
− Vexp

CH4

)2 (13) 

Where Vexp
CH4 

(mL gVS
− 1) is the mean value of all the experimental volumes 

obtained during the experiment.
A lower RMSE value indicates a better fit, while R2 should be close to 

1 to demonstrate a strong correlation between observed and predicted 
values.

2.5.8. Statistical analysis
The BMP data were statistically analyzed using the Analysis ToolPak 

add-in of Microsoft Excel (Microsoft Office 365). A two-way ANOVA was 
performed to assess the effects of grass type (GSr vs. GSp) and GS:FVW 
ratio on BMP.

3. Results and discussion

The results are presented as follows: First, the compositions of 
inoculum, FVW, and GS were analyzed. Next, the experimental and 
theoretical BMP values were determined for FVW, GSr, GSp, and their 
mixtures with FVW at different proportions. Finally, the six kinetic 
models were applied, and the best-fitting model was identified based on 
their performance.

3.1. Inoculum and substrates characterization

The samples were analyzed in triplicate to determine the composi
tion of the inoculum and substrates, with the results summarized in 
Table 2.

The analysis reveals that GS has a higher TS and VS than FVW. 
Specifically, the VS content, expressed as a percentage of TS, was 64% 
for the inoculum, 88% for FVW, and 79% for GS, indicating a high 
organic matter content in both substrates, which is favorable for AD. The 
hemicellulose, cellulose, and lignin contents in GS were significantly 
higher than those in FVW, suggesting that FVW is more biodegradable 
than GS.

The pH values of the substrates varied, ranging from neutral in the 
inoculum to acidic in FVW. Elemental composition analysis, referred to 
TS, revealed that FVW has a higher carbon content than GS. The carbon- 
to‑nitrogen (C/N) ratio was lower in the inoculum. At the same time, it 
ranged between 20 and 24 in FVW and GS, aligning with the nutrient 
balance required for optimal bacterial growth during AD (El Gnaoui 
et al., 2022; Phuttaro et al., 2023; Rangseesuriyachai et al., 2023). This 
indicates that if any synergism is observed in their co-digestion, it would 
be unlikely to result from improved nutrient balance. It can be observed 
that the sum of the five elements reported yields a value close to the VS/ 
TS ratio, as could be expected, indicating that these elements are the 
main part of the VS.

From these values, it is clear that grass residues present a moisture 
content too high for energy recovery through thermal processes, but this 
value may be too low for the recovery by AD. Therefore, co-digestion 
with substrates with higher moisture content could be an optimal 
strategy for enhancing energy recovery while minimizing resource 
consumption. This study aims to investigate this approach further.

3.2. Experimental BMP and effect of pre-treatment

The cumulative methane generation for FVW, GSr, and GSp is shown 
in Fig. 2, with results recorded over 33 days of digestion. FVW demon
strated a BMP of 453 ± 16Nml CH4/gVS and a biodegradability of 
97.7%, as detailed in Table 3. For instance, Edwiges et al. (2018) con
ducted a year-long evaluation of FVW, reporting BMP values ranging 
from 288 to 516 Nml CH4/gVS, highlighting FVW's susceptibility to 
seasonal variations in composition, which can significantly influence 
BMP.

For GSr and GSp, BMP values were 163 ± 4 and 175 ± 5 Nml CH4/ 
gVS, respectively. These values are lower than those reported in other 
studies, (Edwiges et al., 2019; Nolan et al., 2016), which found BMP 
values of 264 and 285 Nml CH4/gVS. As expected, the application of 
pretreatment did not lead to a significant increase in BMP. Two-way 
ANOVA confirmed that the BMP values were significantly affected by 
the GS:FVW mixing ratio for both GSr and GSp co-digestions (p < 0.001). 
However, particle-size reduction of grass did not result in a statistically 
significant change in BMP in any of the mixtures.

FVW achieved the highest methane production rate from the first day 
of the BMP test, with a peak of 147 Nml CH4/gVS/day, indicating its 
higher biodegradability. In contrast, GSr reached its maximum daily 
production on the third day with 15 Nml CH4/gVS/day, while GSp 
peaked on the second day with 21.5 Nml CH4/gVS/day. The rapid in
crease in methane production during the first days of digestion reflects 
the fast consumption of readily biodegradable compounds, particularly 
in FVW. Once the maximum metabolic activity is reached, the rate starts 
to decline as degradable substrate becomes progressively depleted in the 
batch system. In the case of GS, the peak appears later probably because 

Table 2 
Characteristics of the substrates.

Parameters Inoculum FVW GS

pH 7.1 5.1 –
Total solid (%) 4.95 ± 0.02 8.50 ± 0.13 53.0 ± 1.3
Volatile solid (%) 3.16 ± 0.02 7.45 ± 0.05 41.9 ± 1.0
VS/TS 0.64 0.88 0.79
C (%) 30.7 ± 1.3 46.8 ± 0.6 34.5 ± 0.3
H (%) 4.54 ± 0.20 6.03 ± 0.08 4.44 ± 0.13
N (%) 5.13 ± 0.20 2.28 ± 0.08 1.46 ± 0.13
O (%) 24.0 ± 0.6 41.2 ± 0.6 36 ± 3
S (%) 1.64 ± 0.16 0.134 ± 0.008 0.161 ± 0.019
(C + H + N + O + S) (%) 66.1 96.4 76.3
C/N 6.00 20.54 23.66
Hemicellulose (%) 5.8 ± 0.7 67.8 ± 0.6
Cellulose (%) 2.0 ± 1.7 13.7 ± 1.5
Lignin (%) 0.14 ± 0.04 9.9 ± 0.8
Extractable (%) 92.1 ± 1.1 8.57 ± 0.10
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hydrolysis of its lignocellulosic structure is slower, and the improvement 
observed for GSp confirms that reducing particle size accelerates hy
drolysis and advances the onset of maximum activity. (Jomnonkhaow 
et al., 2021). Although the methane production rate increases during the 
first days, this trend does not imply a kinetic lag phase, since biogas 
generation begins immediately and no clear adaptation delay can be 
identified. Nevertheless, the significance of this period will be studied 
with the interpretation of the models results.

The small increase observed in BDI is probably indicating that the 
methane production has not completely finished. The standard criterion 
for terminating the test was followed, requiring the daily biogas rate to 
be equivalent to only 1% of the total volume of biogas produced up to 
that time. Apparently, for GS digestion, this criterion is not enough, and 

the experiment should be extended further in time. Again, the model 
results will be used for a better understanding of this issue.

The CPI is influenced by factors such as the feedstock's type and ratio, 
the feedstock's quality, and the digester's operating conditions. 
(Phuttaro et al., 2023; Rangseesuriyachai et al., 2023). If the co- 
digestion enhances the methane production with respect to the sepa
rated digestion of each substrate, the CPI value would be above 1, driven 
by interactions between substrates that mitigate inhibitory factors 
affecting AD. Conversely, when the CPI is below 1, the process is deemed 
antagonistic, indicating diminished performance (Hou et al., 2020). CPI 
values indicate additive behavior when CPI = 1. In Table 3, the CPI 
index ranged from 0.89 to 1.02, with no clear trend as the ratio of GS to 
FVW increases. All CPI values remained close to 1, confirming strictly 

Fig. 2. Methane generation and production rate for FVW, GSr, and GSp; (a) and (b) are cumulative volume generation and (c) y (d) are daily productions.

Table 3 
Experimental and theoretical methane potential results.

Parameters FVW GSr GSt GSr: FVW GSt: FVW

20:80 40:60 60:40 80:20 20:80 40:60 60:40 80:20

BMPexp (NmlCH4/gVS) 453 163 175 272 204 181 178 271 207 186 183
BMPtheo (NmlCH4/gVS) 464 410 410 433 422 416 413 433 422 416 413
BDI (%) 97.7 39.8 42.6 62.9 46.1 43.5 43.3 62.6 46.0 44.6 44.3
Co-digestion performance index (CPI) – – – 0.96 0.91 0.93 1.02 0.93 0.89 0.91 0.98
Final pH 7.63 7.55 7.67 7.75 7.65 7.58 7.68 7.58 7.64 7.54 7.59
Removal of volatile solids (VS) (%) 81 57 73 67 61 60 58 76 74 74 73
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additive behavior for the AcoD of the two residues with quite different 
lignocellulosic content.

While synergistic effects related to nutrient balance cannot be reli
ably assessed using BMP tests (Koch et al., 2020; VDI 4630, 2016), BMP 
assays remain widely used to detect other forms of synergism. Several 
studies have reported synergism in AcoD using BMP assays (Awais et al., 
2016; Ma et al., 2019). Notably, BMP is effective for identifying syner
gism arising from complementary biochemical composition (Astals 
et al., 2014; Cucina et al., 2021), where mixtures of substrates with 
different carbon fractions (e.g., carbohydrates, proteins, lipids) 
enhanced methane production.

The final pH values of the control, mono-substrates, and mixtures 
ranged between 7.6 and 7.9, slightly above the initial pH value of the 
inoculum, consistent with findings reported in the literature for BMP 
assays.

The removal of VS after 33 days of digestion in the BMP assays was 
calculated by comparing the initial VS content of the inoculum and each 
substrate individually with the VS content of the digestate at the end of 
the assays. In the control assays, VS removal was approximately 36%, 
indicating that the inoculum itself contained biodegradable material. 
Table 3 shows that the highest VS removal was observed for FVW, fol
lowed by GSp and GSr. This trend aligns with the BDI results, although 
the differences are less pronounced, likely due to the high inoculum-to- 
substrate VS ratio (4:1) used in the tests. With approximately 12 g of VS 

from the inoculum and only 3 g from the substrate, any error in 
measuring the inoculum's VS content is amplified in the calculation of 

Fig. 3. Effect of pretreatment and co-digestion on accumulated biochemical methane production for mixtures at mass ratio of GS:FVW: (a) 20:80, (b) 40:60, (c) 
60:40, (d) 80:20. Results are shown for both GSr and GSp.

Fig. 4. T90 for different GS:FVW ratios referred to VS.
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substrate-specific VS removal. For the co-digestion mixtures, removal 
values were estimated by a weighted linear combination of the indi
vidual VS removal values, based on their proportions in the mixtures. 
While these values are consistent with the BDI trends, they should be 
interpreted with care due to the uncertainties discussed above.

An important parameter derived from BMP data is the technical 
digestion time (T90), defined as the time required to reach 90% of the 
maximum methane production. This metric is essential for estimating 
the hydraulic retention time (HRT) in continuous AD systems (Kafle and 
Chen, 2016). For FVW, T90 was achieved within just 5 days, reflecting its 
high content of readily biodegradable material. In contrast, GSr and GSp 
reached T90 after 26 and 19 days, respectively, indicating slower 
degradation. These results suggest that particle size reduction through 
pretreatment would probably reduce the HRT in a continuous digester.

The results of co-digestion involving various mixtures of FVW, GSr, 
and GSp are presented in Fig. 3. Methane production started on the first 
day in all digesters. The maximum daily methane production rates 
increased with the proportion of FVW in the mixture. Specifically, the 
mixtures containing GSp and FVW exhibited higher maximum daily 
methane production rates than those containing GSr and FVW. More
over, the methane production kinetics were faster for the GSp mixtures. 
However, reducing the grass particle size (GSr) did not significantly 
affect the observed BMP values.

As expected, T90 increased with the proportion of GS in the mixture, 
regardless of whether the grass was pretreated or not. This behavior 
aligns with the relationship between T90 and HRT discussed earlier, 
indicating that HRT increases would be required with increases of the 
GS:FVW ratio. Fig. 4 shows the T90 values plotted against the GS:FVW 
ratio, expressed in terms of VS. A linear increase in T90 is observed, with 
R2 values exceeding 0.998 for both cases. The slope for the mixtures of 
GSp with FVW is approximately 50% higher than that for the GSr and 
FVW mixtures. The linearity of these results supports the previous 
observation of additive co-digestion behavior.

3.3. Theoretical BMP

The BMPtheo of FVW, GS, and their mixtures was estimated using 
modified Buswell and Mueller's equation (Eq. 1). Table 3 compares 
different substrates' experimental and theoretical BMP. The BMPtheo, 
calculated based on elemental analysis, assumes that the substrate's 
carbon, hydrogen, nitrogen, sulfur, and oxygen atoms are fully con
verted to biogas, with minor traces of other compounds.

Table 3 shows that the experimental and theoretical BMP values are 
closely aligned for the FVW samples, whereas significant discrepancies 
are observed for all other samples. The BDI is approximately 98% for 
FVW but ranges between 39% and 63% for all the samples containing 
grass. The BMP experiments were conducted following the standard 
procedure, in which each test is concluded when the daily biogas pro
duction falls below 1% of the cumulative volume produced up to that 
point. However, the results for the grass-containing samples reveal a 
clear discrepancy between the BMPtheo and the values obtained using 
the standard experimental method. Based on subsequent analysis of 
methane production kinetics, the criterion used to terminate the BMP 
tests may not be sufficient to fully capture the methane potential of these 
substrates. As will be discussed later, the use of kinetic modeling pro
vides a valuable tool for interpreting BMP results and may help to 
resolve these discrepancies.

The overestimation of BMP for GSr and GSp likely arises from the 
assumption in the BMPtheo calculation that all organic matter is readily 
degradable, which does not reflect actual conditions. Not all organic 
matter in the substrates can be degraded during experimental time. The 
higher BDI observed for FVW is attributable to its greater proportion of 
readily biodegradable organic matter.

3.4. BMP modeling

The evolution of methane production over time for each case was 
modeled using six different kinetic models: FO, TFFO, MT, MG, S, and 
MS models (Eqs. 5–10). The kinetic parameters were estimated using the 
Solver add-in of Microsoft Excel (Microsoft Office 365) by global least- 
squares minimization of the sum of squared errors (SEE) between 
measured and predicted cumulative methane production across all 
mono- and co-digestion assays simultaneously. Because the co-digestion 
experiments involving GSr and GSp represent two independent experi
mental datasets, two separate global optimizations were carried out: one 
for all GSr-FVW assays and another for all GSp-FVW assays. Each opti
mization simultaneously included the six experimental curves corre
sponding to the mono-digestion of FVW and GS (GSr or GSp) and their 
four co-digestion mixtures. In practice, the objective function minimized 
the SEE calculated over all experimental data points (35 time-points × 6 
assays, per optimization). As demonstrated experimentally (CPI values 
close to 1 for all eight AcoD assays, shown in Table 3), the co-digestion of 
GS and FVW followed a strictly additive behavior, with the methane 
yields of the mixtures corresponding to the VS-weighted sum of the 
mono-digestion contributions. To confirm that this additive behavior 
persisted over time, an instantaneous CPI was calculated at each sam
pling point using Eq. (4) with cumulative methane production, VCH4 (t), 
instead of BMP. The mean instantaneous CPI across all AcoD assays was 
0.95 ± 0.09 for GSr:FVW co-digestions and 0.97 ± 0.07 for GSp:FVW co- 
digestions, confirming that the additive behavior was consistently 
maintained throughout the entire co-digestion period.

As long as these conditions are true, co-digestion would proceed as 
two parallel and independent degradation processes, and therefore only 
two sets of kinetic parameters (one for FVW and one for each GS) would 
be required to describe the entire dataset. The predicted methane pro
duction of each mixture was calculated from the VS-weighted combi
nation of the predicted mono-digestion curves. For a mixture prepared 
on a wet-weight ratio of X:Y, the predicted methane production was 
calculated as 

VX:Y
CH4

=
VSGS⋅X

VSGS⋅X + VSFVW⋅Y
VX:0

CH4
+

VSFVW⋅Y
VSGS⋅X + VSFVW⋅Y

V0:Y
CH4

(14) 

Where VX:Y
CH4 

is the predicted co-digestion methane production of the 
mixture with wet-weight ratio X:Y; X and Y represent the wet weights of 
GS and FVW, respectively; VSGS and VSFVW are their corresponding 
volatile solids contents; VX:0

CH4 
is the methane volume predicted for mono- 

digestion of GS; and V0:Y
CH4 

is the methane volume predicted for mono- 
digestion of FVW.

This global regression approach avoids overfitting individual mix
tures and enforces the additive constraint derived from the experimental 
data. The AIC was then used to identify the model that best describes the 
experimental data.

The FO and MT models adequately reproduced the experimental data 
for FVW mixtures with both GSr and GSp (Fig. 5a,c and Fig. 6a,c). 
However, this was only achieved when all four fitting parameters were 
utilized: the two kinetics constants and the two BMPs for GS and FVW. 
Their performance significantly fails when the number of fitting pa
rameters is reduced to two by setting the BMP values of the individual 
wastes for the model as those theoretically predicted by CHNSO analysis 
(not shown). This failure is probably related to low BDI values. Simi
larly, the MG model also failed to provide an adequate fit when the BMP 
values were set as those predicted by CHNSO analysis. An adequate fit 
was only obtained when all six fitting parameters were used, including 
BMP, maximum rate constant, and lag time for both individual wastes 
(Fig. 5d and Fig. 6d). For the S model, constraining the sum of BMPs 
from the easily and poorly biodegradable substrates to the values pre
dicted by CHNSO analysis did not yield a satisfactory fit. Only by 
adjusting all ten fitting parameters (including, for each substrate, BMPs, 
first-order and maximum rate constants, and lag times) was the model 
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able to accurately reproduce the observed data (Fig. 5e and Fig. 6e). This 
suggests that these models lack the necessary flexibility to describe the 
complex biodegradation dynamics of GS and FVW, particularly when 
the BMP values are not used as fitting parameters but are instead fixed to 
their theoretical values derived from elemental analysis.

Although the MG model did not reproduce the experimental results 
satisfactorily, it is noteworthy that the maximum methane production 
rate (Rm) of GSp was approximately 1.6 times higher than that of GSr. 
This finding indicates that particle-size reduction enhances substrate 
accessibility and accelerates the initial hydrolysis dynamics of grass 
biodegradation. Both GSr and GSp exhibited negligible lag times, sug
gesting that microbial colonization is not delayed in either case, while a 

lag phase of approximately 2.5 h was predicted for FVW. Although the 
MG model is often adopted for its empirical sigmoidal response and 
explicit lag parameter, its suitability decreases when substrates include a 
substantial slowly-degradable fraction. For lignocellulosic or heteroge
neous wastes, several studies report improved fitting performance using 
dual-pool, multi-stage or hybrid models (Brulé et al., 2014; Undiandeye 
et al., 2022).

In the case of the S model, the first-order component resulted in an 
extremely high rate constant (k = 174 d− 1 for all substrates), rendering 
its contribution to methane production negligible. Under these condi
tions, the S model becomes mathematically dominated by the Gompertz- 
type term, leading to predictions close to those of the MG model but still 

Fig. 5. Fitting results of the six models for mixtures of FVW and raw grass: (a) FO, (b) TFFO, (c) MT, (d) MG, (e) S, (f) MS. Mass ratio expressed as GSr:FVW.
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failing to capture key experimental trends. In particular, the increase in 
Rm between GSr and GSp is reduced to only 1.15, and the lag time for 
GSr increases to about 2.5 h. These discrepancies further confirm that 
MG and S models do not adequately represent the kinetics of this system.

In contrast, based on the AIC, the TFFO and MS models exhibited the 
best performance to the experimental data for FVW mixtures with both 
GSr and GSp. Table 4 presents the AIC values for the six models (12 fits), 
along with the corresponding fitted model parameters. The TFFO kinetic 
model performed noticeably better, yielding lower AIC values, when the 
number of fitting parameters was reduced from eight to six by fixing the 

BMP values to those predicted from CHNSO analysis (Fig. 5b and 
Fig. 6b). Similarly, the MS kinetic model also improved when the 
number parameters was reduced from ten to eight (Fig. 5f and Fig. 6f). 
This reduction was achieved by constraining the sum of the three BMPs 
(two stages and their interaction) to the values predicted from CHNS 
analysis of each substrate. TFFO and MS models account for both fast 
and slow biodegradable fractions/stages of GS and FVW, along with 
distinct rate constants for each fraction/stages, thereby capturing the 
heterogeneous behavior of these organic residues more effectively.

Both the TFFO and MS models provided excellent fits to the experi

Fig. 6. Fitting results of the six models for mixtures of FVW and pre-treated grass: (a) FO, (b) TFFO, (c) MT, (d) MG, (e) S, (f) MS. Mass ratio expressed as GSp:FVW.

B. Arhoun et al.                                                                                                                                                                                                                                 Bioresource Technology Reports 33 (2026) 102597 

10 



mental cumulative methane curves, with nearly indistinguishable sta
tistical performance. Surprisingly, the kinetic parameters estimated 
independently for each model showed an almost perfect correspon
dence. The values of the fast and slow degradation rate coefficients in 
the TFFO model (kf ,ks) closely matched k1 and k2, respectively, from the 
MS model. To clarify the origin of this correspondence, a mathematical 
demonstration was conducted showing that the analytical expression of 
the MS model (Eq. 9) can be rearranged into the TFFO formulation (Eq. 
6). This demonstration, provided in the Supplementary Material, in
dicates that the partitioning coefficient α of the TFFO model is directly 
related to the MS kinetic parameters according to: 

α =

(

BMPS + BMPIS
k2

k2 − k1

)

(BMPS + BMPI + BMPIS)
(15) 

Applying this expression to the MS kinetic parameters reported in 
Table 4 results in α values identical to those obtained from the TFFO 
fitting, for both GS and FVW, thereby confirming the mathematical 

equivalence of both kinetic formulations.
In addition to the global fitting strategy, individual regressions were 

also performed for each mono- and co-digestion assay to evaluate model 
behavior without additive constraints. The resulting parameter sets and 
statistical indicators (AIC, RMSE, and R2) are provided in the Supple
mentary Material (Section S3, Tables 2-S to 4-S, and Figs. 1-S to 5-S). 
These individual fits confirm the conclusions of the global optimiza
tion: the TFFO/MS models consistently yielded the best quantitative 
performance, whereas FO, MG, and S models showed limited predictive 
capability, particularly under co-digestion conditions.

As shown in Table 4, the identical fast-biodegradable fraction ob
tained for each pure substrate in both independent global optimizations 
(GSr or GSp with FVW) confirms the internal consistency of the kinetic 
model and demonstrates that parameter estimation is unaffected by the 
inclusion of the co-digestion datasets in the global optimization. How
ever, this is not the case for the kinetic coefficients. The kinetic coeffi
cient of the fast-biodegradable fraction of GSp is approximately twice 
that of GSr. In contrast, the pretreatment does not appear to affect the 
slow-biodegradation kinetics, as the kinetic coefficient remains nearly 
identical for GSr and GSp. For FVW, as expected in a additive process, 
the values of both kinetic constants remain unaffected by the pretreat
ment applied to the other waste in the mixture.

The regression equations proposed by Alrefaey et al. (2024) for 
predicting kinetic parameters in lignocellulosic wastes were applied to 
estimate the FO and MG parameters for the GS and FVW. However, the 
predicted kinetic parameters were markedly different from the values 
obtained experimentally, raising concerns about the reliability of the 
regression approach. To assess whether this discrepancy was specific to 
the substrates or inherent to the regression model itself, the same 
equations were then applied to the experimental data reported by the 
authors for their S1 and S2 substrates (rice straw from different Egyptian 
regions). In this validation step, the predicted regression values also 
failed to reproduce the reported rate constant for the FO model and the 
lag phase for the MG model, suggesting possible inconsistencies in the 
published coefficients or parameter definitions. Due to this lack of 
agreement, the regressions were not extended to the remaining sub
strates (S3–S10) or to the mixtures tested in the present work. 
Furthermore, statistical criteria for model selection were not provided in 
their study, making it difficult to assess the robustness of each kinetic 
formulation.

Overall, the results highlight the significance of selecting an appro
priate kinetic model to accurately describe the evolution of the bio
methane volume produced in AD systems. The TFFO and MS models, 
with their ability to differentiate between fast and slow degradation 
fractions/stages while incorporating theoretical BMP predictions, pro
vide a robust framework for predicting methane production from mixed 
organic residues with additive, non-synergistic interactions.

As indicated previously in Section 3.2, the standard procedure for 
obtaining the BMP may fail with samples containing grass because the 
termination criterion appears to yield a time too small to capture the full 
BMP. The TFFO and MS kinetic models indicate that the slow fraction is 
too slow to be measured within the experimental time determined by the 
standard procedure. As a matter of fact, to obtain the release of 90% of 
the theoretical BMP the experimental time needed would be of about a 
year, as predicted from the models. Nevertheless, the terminating-time 
criterium of the standard procedure is good enough as long as the re
sults are interpreted with this model.

The relationship between the fast biodegradable fraction of a waste 
and its fiber composition could provide valuable insights into the 
biodegradability of different organic residues. As can be shown in 
Table 2, grass residue contains more hemicellulose, cellulose, and lignin 
(91%) than FVW (8%). These compounds likely limit the biodegradation 
rate, as microorganisms must first break down their rough structures 
before they can fully metabolize the organic material. Accordingly, the 
results indicate that FVW is more readily biodegradable than grass 
waste. Thus, while grass is a highly available feedstock, its effective 

Table 4 
Model parameter values derived from fitting to experimental data. Bold values 
denote the best-fitting models based on AIC.

Model GSr:FVW 
mixtures

GSp:FVW 
mixtures

GSr FVW GSp FVW

First-order BMP
(
NmL g− 1

SV
)

175 432 166 424
k1

(
d− 1

)
0.071 0.555 0.131 0.688

RMSE
(
NmL g− 1

SV
)

8.200 13.221
R2 0.984 0.989
AIC 891 1091

Two fractions 
first-order

BMP*
(
NmL g− 1

SV
)

410 464 410 464
α (− ) 0.25 0.87 0.27 0.86
kf

(
d− 1

)
0.12 0.62 0.25 0.68

ks
(

d− 1
)

0.006 0.044 0.006 0.045

RMSE
(
NmL g− 1

SV
)

7.369 9.330
R2 0.988 0.951
AIC 850 949

Monod type BMP
(
NmL g− 1

SV
)

238 468 199 457
k

(
d− 1

)
0.060 0.819 0.154 0.948

RMSE
(
NmL g− 1

SV
)

9.205 10.490
R2 0.988 0.952
AIC 877 994

Modified 
Gompertz

BMP
(
NmL g− 1

SV
)

156 428 160 421
Rm

(
NmL g− 1

SV d− 1
)

8.83 187 14.06 247

λ
(

d− 1
)

0 0.172 0 0.170

RMSE
(
NmL g− 1

SV
)

9.974 12.959
R2 0.964 0.907
AIC 977 1087

Superimposed BMP1
(
NmL g− 1

SV
)

10.3 0 30.9 0
BMP2

(
NmL g− 1

SV
)

146 435 130 433
k

(
d− 1

)
174 174 174 174

Rm
(

NmL g− 1
SV d− 1

)
7.53 171 8.69 181

λ
(

d− 1
)

0.104 0.135 0 0.135

RMSE
(
NmL g− 1

SV
)

9.675 11.135
R2 0.971 0.927
AIC 972 1031

Multi-stage BMPS
(
NmL g− 1

SV
)

108 408 115 402
BMPI

(
NmL g− 1

SV
)

243 35 83 43
BMPIS

(
NmL g− 1

SV
)

60 21 212 19
k1

(
d− 1

)
0.12 0.62 0.25 0.67

k2
(

d− 1
)

0.006 0.045 0.006 0.046

RMSE
(
NmL g− 1

SV
)

7.369 9.330
R2 0.988 0.951
AIC 854 953
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conversion to biogas requires either co-digestion, pretreatment, or 
substantially longer operating times, as well as further investigation into 
existing techniques and the development of innovative approaches to 
enhance its degradability.

4. Conclusions

The results of this study demonstrate that FVW is a highly effective 
co-substrate for AD due to its superior methane yield and biodegrad
ability compared to GS. While mechanical pretreatment of grass through 
particle size reduction slightly improved the methane production rate, it 
did not significantly enhance overall methane yield, indicating limited 
benefits from extensive grinding. Co-digestion of GS and FVW at various 
ratios yielded additive behavior, as reflected by CPI values close to 
unity. Notably, BMP values for grass-containing substrates fell short of 
theoretical predictions, underscoring the limitations of standard BMP 
test durations when dealing with slowly degradable lignocellulosic 
material. Kinetic modeling proved essential for resolving these dis
crepancies, with the TFFO and MS models emerging as the most effective 
at capturing the dynamics of methane production. Although these 
models are conceptually different, they yield mathematically identical 
kinetic expressions for methane production. By distinguishing between 
fast and slow degradation phases/stages, these models not only offered 
the best fit to experimental data but also provided a more realistic 
representation of substrate behavior. These findings highlight the need 
to complement standard BMP assays with kinetic modeling, particularly 
when evaluating complex or recalcitrant substrates, to improve the 
design, prediction, and optimization of AD systems.
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