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Abstract- This paper proposes a methodology based on artificial intelligence to enhance methane 19 

production from waste paper. The proposed methodology combines fuzzy logic-based modelling 20 

and modern optimization. Firstly, a robust Adaptive Network-based Fuzzy Inference System 21 

(ANFIS) model of methane production process through fuzzy logic modelling is created using 22 

experimental datasets. Second, a particle swarm optimizer (PSO) was used to obtain the optimal 23 

process conditions. During the optimization procedure, the beating time and feedstock/inoculum 24 

ratio are employed as decision variables in order to maximize methane production. The obtained 25 

resulted from the proposed methodology are compared with those obtained by Response Surface 26 

Methodology (RMS). The results of the comparison confirmed the superiority of the proposed 27 

methodology. The fuzzy model shows a better fitting to the experimental data compared to 28 

ANOVA. The fuzzy model showed a higher coefficient of determination and a lower value of 29 

RMSE compared to ANOVA. Moreover, the proposed strategy, i.e., modelling and optimization, 30 

is an effective method for increasing the biomethane yield at extended range conditions.  31 

 32 
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1 Introduction 37 

 38 

Currently, the main portion of the global energy consumption is obtained from fossil fuel which is 39 

not only limited in resources but also has a significant impact on the environment [1, 2]. Energy 40 

from renewable sources is considered as the best alternatives to fossil fuels [3, 4], and there is a 41 

strong relation between the circular economy and renewable energy [5, 6].  Biomass is a promising 42 

renewable energy source as it can be effectively used simultaneously for waste management and 43 

energy source [7-9]. Waste paper and cardboard are two major fractions in the municipal solid 44 

waste (MSW) both by weight and volume [10]. Recycled paper is the major product for paper 45 

reuse and recycling [11, 12]; however new applications are being proposed such as animal bedding 46 

[13]; thermal and sound insulators [14]; and also as a fuel [15, 16]. Anaerobic digestion of paper 47 

sludge from pulp industry has been previously studied [17]  as well as the biodegradation of MSW 48 

including cardboard and paper [18]. Increasing the feedstock’s surface area will improve the 49 

hydrolysis rate thus increasing the methane yield [19]. Several pretreatment can be used to achieve 50 

a decrease in the biomass particle size such as chipping [20], shredding [21], milling [22], grinding 51 

[23] and extrusion [24]. The final particle size is around 0.2–2 mm after milling or grinding and 52 

10–30 mm in chipping [25]. Particle size reduction to less than 0.1 mm can cause an acceleration 53 

of the hydrolysis and acidogenesis steps producing an accumulation of volatile fatty acids (VFA) 54 

[26]. Unfortunately, high concentrations of VFA lead to a drop in pH and subsequent inhibition of 55 

the process [27]. 56 

Pretreated food waste (FW) in a bead mill (BM), even at small speeds such as 300 revolutions 57 

resulted in 30% higher solubilisation than the pretreatment with a food waste disposer [26]. Wheat 58 

straw degradability was enhanced up to 40% glucose and 36% carbohydrate hydrolysis yields by 59 

BM pretreatment [23]. BM improves the hydrolysis by decreasing the crystallinity of the feedstock 60 

[23], while the defibrillation effect observed for disk mills (DM) favours the enzymatic conversion 61 

of the feedstock [28]. Knife mill also showed to increase the biogas yield from six different species 62 

of grassland [29]. Mechanical pretreatment can results in a reduction of lignin, cellulose and 63 

hemicellulosic components while the protein percentage increases which indicates the breakdown 64 

of complex amino acids into their hydrolysable derivatives [30]. 65 
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Very few studies are found on the pretreatment effect on waste paper or cardboard before undergo 66 

anaerobic digestion. Results from Pommier et al. showed that the shredded paper and cardboard 67 

with less than 1mm diameter particles do not improve their biogas production rates [31]. However, 68 

biological pretreatment with a cellulose-degrading consortium applied to four types of paper 69 

(cardboard, newspaper, office paper and filter paper) improved their sCOD and increased the 70 

methane production yields [32]. Explosive pretreatment with sodium hydroxide of paper tubes 71 

residuals improved its methane potential by 107% and the initial digestion rates by 130%. The 72 

thermochemical pretreatment greatly reduced the lining content [33]. Although acetic acid alone 73 

is not able to dissolve lignin event at high concentrations of 80%; if 2% nitric acid is added to 35% 74 

acetic acid, 80% of lignin is removed from newsprint and the methane yield is increased by 150% 75 

[34]. The use of an Hollander beater as biomass mechanical pretreatment has already proved to 76 

improve the methane yield from macroalgae [35, 36]. Beating pretreatment has been studied on 77 

waste paper to evaluate its effect on methane production [37] and the results were previously 78 

evaluated using Response Surface Methodology (RSM). The process variables were the feedstock 79 

to inoculum ratio (F/I) and the beating time (pretreatment time). ANOVA was used to optimize 80 

the methane yield while minimizing the beating time, as the pretreatment time is directly related 81 

to the energy consumption. The results from ANOVA showed an optimum methane production 82 

rate of 245 ml per volatile solids (VS) at 55 min of beating time and a feedstock to inoculum ratio 83 

of 0.3, which means a 17% increase compared to non-pretreated paper.  84 

Modelling and simulation are an effective tools for determining the best operating conditions with 85 

minimum number of experimental trials [38, 39]. In system identification, there are numerous 86 

predicting tools that can build the model from experimental data. Some of these models are based 87 

on statistical methods while the other recent techniques are using Artificial Intelligence (AI).  88 

Response Surface Methodology (RSM) is an example of the popular statistical method of 89 

modelling. On the other hand, the Artificial Neural Network (ANN), the Adaptive Network-based 90 

Fuzzy Inference System (ANFIS) and the Regressive Support Vector Machine (RSVM) are 91 

examples of the AI modelling tools. Fuzzy logic (FL) is the best to deal with uncertain and noisy 92 

data and the ANN is easy to train. Therefore, in this work, the ANFIS is adopted as it combines 93 

the benefits of using the FL and the ANN in one single model. Then, after constructing the robust 94 

fuzzy model a simple, fast and efficient optimizer namely Particle Swarm Optimization (PSO) 95 

algorithm is utilized to find out the optimal operating parameters to maximize the methane 96 
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production. Fuzzy logic modelling has been previously applied in renewable energy systems 97 

including solar [40, 41], wind [42, 43], hybrid [43, 44] and bio-energy systems [44, 45]. In 98 

biogas/biomethane production systems this methodology is applied to optimize different process 99 

stages from crops cultivation to methane production. Lewis et al. used a fuzzy model to identify 100 

new drought-resistant areas for bioenergy crops cultivation [46]. A fuzzy multiobjective model 101 

was used on the design, management and performance assess of anaerobic digestion plants [45, 102 

47]. Zareei at al. used an adaptive neuro-fuzzy inference system to predict and optimize the biogas 103 

production from the co-digestion of cow manure and maize straw [48]. A multiple inputs and 104 

multiple outputs (MIMO) fuzzy-logic-based model was used to predict methane and biogas 105 

production rates from molasses wastewater, the conclusion was that a complex system such as 106 

anaerobic digestion could be easily modelled through fuzzy logic [49]. The fuzzy logic was also 107 

successfully used on the control system of a fix-bed anaerobic digester treating winery wastewater. 108 

The controller was able to optimize the process performance maximizing the methane yields [50].  109 

The fuzzy logic as a modelling technique in conjunction with the swarm optimization algorithms 110 

have been applied in many research applications. Nassef et. al [51], built a model to enhance the 111 

biodiesel production from microalga. They applied the PSO algorithm based on the constructed 112 

fuzzy model to obtain the optimal controlling parameters. Their results enhanced the production 113 

by 78% relative to the model based on the statistical modelling technique, Response Surface 114 

Methodology (RSM).  The same technique has been also utilized by Inayat et. al. [52] to improve 115 

the biodiesel production from waste frying oil. Their work succeeded to estimate the optimal 116 

temperature, oil/methanol ratio, quantity of catalyst and reaction period, enhancing the biodiesel 117 

production by 15% over the earlier study. Furthermore, the fuzzy logic with the PSO is applied by 118 

Said et al. [53] to improve the performance of nanofluid mixture. Their proposed technique reached 119 

the optimal condition that produces the best output which is able to minimize the mixture’s density 120 

and viscosity, as well as the thermal conductivity, is maximized. With the same strategy but with 121 

a different optimizer, Rezk et. al. maximized the syngas and hydrogen production from palm kernel 122 

shell. They used the radial movement optimizer (RMO) based on the well-performed fuzzy logic 123 

model to find the best values of particle size, temperature, coal bottom ash and CaO to biomass 124 

ratio to maximize the system’s outputs. Their results showed that the performance is increased 125 

using the proposed technique over the RSM method [54]. 126 
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From the above, the strategy of using FL modelling tool then applying the PSO to find the optimal 127 

parameters is a well-designed technique.  In this perspective, this strategy is adopted in this work. 128 

However, the used modelling technique is the Adaptive Network-based Fuzzy Inference System 129 

(ANFIS) as one of the artificial intelligence (AI) predictive tools. 130 

In this paper, a methodology that integrates FL and modern optimization is proposed. At first, an 131 

accurate FL model of methane production process modelling is created using experimental 132 

datasets. Next, a particle swarm optimizer (PSO) was used to determine the optimum process 133 

conditions. During the optimization procedure, the beating time and feedstock/inoculum ratio are 134 

employed as decision variables in order to maximize methane production. An Adaptive Network-135 

based Fuzzy Inference System (ANFIS) is used for building the model. The ANFIS is combining 136 

the benefits of the fuzzy logic (FL) from one side and the artificial neural networks (ANN) from 137 

another side. The ANFIS can model data with uncertainty and/or noisy as one of the advantages 138 

of using FL. Furthermore, it has the ability to be trained likewise the ANN. Therefore, the ANFIS, 139 

which is based on Sugeno-type fuzzy rule, is one of the best artificial intelligent tools to model 140 

data efficiently and accurately. In this context, it is adopted in this work to model the methane 141 

yield production system. The results showed that the ANFIS model prediction is better than the 142 

ANOVA model in terms of the MSE and the correlation measures. 143 

 144 

2 Methodology 145 

2.1 Experimental setup 146 

Waste paper from recycled bins at UWS (Scotland) was used as feedstock. The feedstock was 147 

mostly one-side printed paper and previously shredded into 297 × 6 mm pieces. The inoculum was 148 

provided by an industrial biogas plant treating food and food residues at mesophilic conditions in 149 

central Scotland. The waste paper was pretreated in a Hollander beater, the beater consists of an 150 

elliptic water raceway equipped with a rotating bladed drum. The blades exercise a shear action 151 

on the feedstock and the high pressure reached under the drum subject the water-biomass mixture 152 

to a beating action. The beater was filled with 40 kg of water and 1 kg of waste paper and samples 153 

has been taken at 30 and 60 min of pre-treatment.  154 

Biochemical methane potential tests were performed by duplicate according to the design matrix 155 

from RSM (Table 1). The pH was adjusted to 7.00 with a buffer solution of potassium dihydrogen 156 
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phosphate and the quantity of inoculum was adjusted to achieve the required feedstock/inoculum 157 

ratios of 0.3, 0.5 and 0.7. The tests were stopped when the daily biogas production was less than 158 

1% of the overall biogas produced. In this experiment, it lasted for 21 days.  159 

Table 1. Design matrix and experimental results. 160 

Exp. nº 
Experimental parameters Response 

Beating time (min) Ratio F/I Methane yield (ml/gVS) 

1 0 0.3 210 

2 0 0.5 132 

3 0 0.7 107 

4 30 0.3 199 

5 30 0.5 120 

6 30 0.7 112 

7 60 0.3 253 

8 60 0.5 215 

9 60 0.7 175 

 161 

 162 

2.2 Fuzzy modelling and optimization  163 

The proposed methodology combines fuzzy logic (FL) based modelling and modern optimization. 164 

Firstly, a robust Adaptive Network-based Fuzzy Inference System (ANFIS) model of methane 165 

production process through fuzzy logic modelling is built based on the experimental datasets. 166 

Second, a particle swarm optimization (PSO) algorithm is applied to identify the optimal process 167 

conditions. FL modelling is considered one most efficient modelling techniques. It can precisely 168 

track the trends of data with very few training epochs. The FL model contains three stages; 169 

fuzzification, the inference system, and the defuzzification. The fuzzification and defuzzification. 170 

More details about FL modelling can be found in [51, 53, 55].  171 

To enhance the methane production from waste paper, two main operating parameters; F/I ratio 172 

and beating time must be optimally identified during the production process. The impact of such 173 

parameters on the harvested methane has been evaluated previously in [37]. The evaluation process 174 

is done by the design of experiment methodologies and RMS. 175 
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For several decades FL has proved as an efficient tool in modelling and controlling many processes 176 

and applications. It offers robust modeling for uncertain and noisy data like the case of study. 177 

Therefore, in the current research, we created a FL model using a 2-inputs and single-output based 178 

on the 9 experiments conducted in our previous research as shown in Table 1 [37]. These data 179 

samples have been used to train the created FL model. Figure 1 shows FL model structure of the 180 

methane yield. 181 

 182 

Figure 1.  FL model structure of the methane yield. 183 

    One of these well-known optimizers is the PSO. It is inspired by monitoring the way of 184 

movement of birds. This algorithm is a meta-heuristic method that proposes an initial set of 185 

solutions in the search space then it updates these solutions iteratively until reaching the best set 186 

of solutions. Usually, in the optimization process, the solutions are considered as weightless 187 

particles [56]. The movement of these particles are constrained by the search space which is 188 

represented by the lower and upper limits of the controlling variables [57]. 189 

The new position and step size can be estimated according to the updating rule as illustrated in Eq. 190 

(1) and (2). 191 

p (k+1)= p(k) + v (k+1)                                        [58] (1) 192 
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v (k+1)= w*v (k)+ c1 * r1 * (pBest – p) + c2 * r2 * (gBest – p) [59] (2) 193 

where, w denotes the weight of inertia; c1 and c2 denote the local (cognitive) and global (social) 194 

experience weights, r1 and r2 are random. 195 

Two operating parameters affect the methane yield from waste paper. Such parameters include 196 

beating time and feedstock/inoculum ratio. Therefore, during the optimization process, such 197 

parameters are selected to be decision variables and the cost function that required being maximum 198 

is the methane yield. 199 

 200 

3 Results and discussion 201 

To minimize the number of rules of the ANFIS model, a clustering algorithm should be used. One 202 

of the best and efficient clustering tools is the ‘Subtractive Clustering’ technique which is adopted 203 

in this work. In the used clustering algorithm, the default parameter values of Matlab® are applied. 204 

The clustering parameters of Range of Influence, Squash Factor, Accept Ratio, and Reject Ratio 205 

are set to 0.5, 1.25, 0.5 and 0.15, respectively. The model ends up with 8 clusters which implies 206 

that the rule-base set will contain 8 fuzzy rules. Afterward, the model is trained with the available 207 

9 samples for 2 epochs. To unify the impact of each input during the modelling phase, the two 208 

inputs are normalized by dividing their values by their maximums. Therefore, the beating time and 209 

the F/I ratio are scaled by 60 and 0.7, respectively. 210 

Model’s overfitting is a popular training problem which usually occurs in AI techniques especially 211 

in the small size datasets. Many researchers proposed several strategies to overcome this crucial 212 

problem. Leave-One-Out evaluation strategy is one of the methods that effectively tackled this 213 

issue. The method uses all but one data point in the training phase then evaluates the model’s 214 

performance on the sample which was left out from the training data. The strategy is repeated for 215 

all data points starting from the first one left out until a small testing value on the single datapoint 216 

is reached [60]. An overview of overfitting and its solutions was also discussed in [61]. The work 217 

proposed another strategy which is based on controlling the number of the training iterations 218 

(epochs) to avoid the Early-Stopping.  This strategy demonstrates that when the number of training 219 

epochs is increased, the model will continue learning. This produces a decrease in the training 220 

error but the testing error will increase which most probably leads to overfitting and vice versa 221 
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[61]. The later strategy shows that the system goes from underfitting to overfitting as the epochs 222 

number increases. In this work, the later strategy is adopted to solve the overfitting problem where 223 

the number of training epochs were set to 2 which is the minimum number of epochs that a model 224 

can be trained with. 225 

The inputs' MFS is shown in Figure 2. For obtaining the optimal model through the modelling 226 

stage, the training process is continued until a satisfying testing RMSE and MSE are achieved. 227 

The RMSE values are 0.38005 and 12.58, while the coefficients of determination are 0.99995 and 228 

0.96216 for FL and ANOVA, respectively [37]. This demonstrates that the FL-based model 229 

performs better than ANOVA-based model. The two models are then validated by 3 new data 230 

samples and Table 2 and Table 3 show the results from the fuzzy and ANOVA modelling 231 

techniques. The error values from the fuzzy model for the validation experiments are significantly 232 

lower than those corresponding for the RSM which indicates a better fitting to the experimental 233 

data. The error values all within acceptable tolerances considering the biologic nature of the 234 

methane production process. 235 

It is clear from Table 3 that the validation error percentages of the ANFIS model are smaller than 236 

those of the ANOVA for two samples and they are close to each other for the third sample. This 237 

illustrates that the adopted reduced number of epochs succeeded in obtaining a model without 238 

falling in the overfitting problem. 239 

 240 

Table 2. Comparison between fuzzy and ANOVA modelling techniques. 241 

Model type MSE RMSE R2 Validation Data MSE 

Fuzzy 0.14444 0.38005 0.99995 77.77 

ANOVA [37] 158.2557 12.58 0.96216 155.67 

Table 3. Validation experiments. 242 

Experiment 

Inputs Actual 

Methane 

yield 

(ml/gVS) 

Predicted 

ANOVA 

[37] 

Predicted 

Fuzzy 

% Error 

ANOVA 

[37] 

% Error 

Fuzzy 
Beating time 

(min) 
Ratio F/I 

1 15 0.6 115 104 112.85 9.33 1.8683 

2 45 0.4 179 190 193.95 -6. 1453 -8.3534      
3 55 0.3 245 260 242.74 -6.1224 0.92341 

 243 
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 244 

Figure 2. Normalized inputs’ MFs of fuzzy model. 245 

    A comparison among FL based model, the experimental data and ANOVA is illustrated in 246 

Figure 3. For easy comparison, the two models’ predictions versus the experimental data are 247 

plotted in a sorted form. One can see that the FL based model is very accurate and matches the 248 

experimental data compared with ANOVA based model.  249 

The methane production increased with decreasing feedstock/inoculum ratio for both untreated 250 

and pretreated paper. The methane yield and the stability of the process are greatly affected by the 251 

source, composition and size of the inoculum [62]. The F/I values used in this study are within the 252 

range reported in the literature to guarantee sufficient microorganisms to conduct the digestion and 253 

enough substrate to prevent the prevalence of endogenous metabolism [63]. The present results 254 

agree with most results in literature where the higher methane yields are obtained for lower F/I 255 

ratios [62, 64]. Experiments 3 and 6 [37], corresponding to higher F/I ratios for no beating and 30 256 

min beating respectively, achieved the lowest methane yield. High feedstock to inoculum ratios 257 

can produce great quantities of undigested biomass. On non-treated paper, the methane yield for 258 

the lower F/I ratio was double than for the higher F/I ratio, meaning at high feedstock/inoculum 259 
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ratio half of the biomass is left undigested. Similar behaviour can be seen for 30 and 60 min 260 

pretreatment. 261 

 262 

 263 

Figure 3. Prediction error for FL model and ANOVA model. 264 

After finishing the training phase, the model's 3D surfaces illustrating the function between the 265 

inputs and the output are plotted as in Figure 4. The figure confirms that the methane yield has a 266 

non-linear relationship with the contributions. This emphasizes that the fuzzy model succeeded to 267 

track the data accurately. As shown in Figure 4, beating the waste paper for 30 min has a negligible 268 

effect on the methane production, especially at higher feedstock to inoculum ratios. However, the 269 

methane potential greatly increases after that until 60 min. This shows that for 30 min pretreatment 270 

the structure of the paper is not sufficiently disrupted to cause an acceleration in the degradation. 271 

After 30 min, the beating starts to be effective, so it is supposed the paper structured is being 272 

disrupted to a high extend, promoting the degradation and thus the methane production. For the 273 

lowest feedstock/inoculum ratio, methane production for 60 min beated feedstock was 253 274 
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ml/gVS. Compared to the 210 ml/gVS from untreated paper, this means a 21% increase in methane 275 

yield. This effect on methane yield is more noticeable at the highest feedstock to inoculum ratio 276 

of 0.7, where the methane yield for 60 min was increased by 64 % compared to untreated material. 277 

This result clearly shows that the beating pretreatment does not only improve the methane 278 

production rates but also helps to overcome the limitations of a poor or scarce inoculum. The 279 

highest effect of F/I ratio is for its smallest value, methane yields for F/I values of 0.5 and 0.7 do 280 

not vary to a greater extent than when compared with F/I 0.3.  281 

 282 

Figure 4. 3-D spatial shape of the methane yield using inputs data 283 

To understand the fuzzy model prediction process, Figure (5) shows a snapshot of the rule viewer 284 

that illustrates the predicted methane yield of each rule at certain normalized values of beating 285 

time and feedstock to inoculum ratio. The figure shows that the overall predicted methane, after 286 

aggregating and defuzzifying the rules, will be 114 ml/gVS when the normalized values of the two 287 

inputs are 0.317 and 0.831, respectively. 288 
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 289 
 290 

Figure 5. A snapshot of the fuzzy rules of methane yield prediction at certain values of the 291 

inputs 292 

At this point, an accurate ANFIS model has been built and it is ready for starting the optimization 293 

process. The PSO optimizer parameters have been set prior to the starting of the optimization 294 

process. The cognitive, c1, and social, c2, parameters are set to 1.5 and 2, respectively while the 295 

velocity weight of inertia, w, is fixed at 0.9. However, the number of particles and the number of 296 

iterations are set to 10 and 30, respectively. Figure 6 shows the cost function variations versus 297 

iteration during the optimization process.  298 
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 299 

Figure 6. Cost function variation versus iteration during the optimization process. 300 

One of the advantages of using the modelling technique is to be able to predict output for inputs 301 

that have values outside the training range. Therefore, the optimization study is extended to obtain 302 

the maximum methane yield for inputs with extending their ranges with some percentages below 303 

and above the lower and upper limits, respectively. Accordingly, the study is applied for 304 

percentages of 5, 10, 15, 20 and 25. The optimizer has been executed for 100 times. The minimum 305 

(Min), maximum (Max), Average (Avg), Standard Deviation, (StD), and Root Mean Squared 306 

Errors (RMSE) as statistical measures are calculated for the results of the 100 optimization runs. 307 

The statistical measures of the optimized results are shown in Table 4. As can be seen in the table 308 

that the extension of the beating time at the optimal F/I ratio results in increasing the biomethane 309 

yield.  Such results demonstrated an increase in the biogas production would be achieved by 310 

increasing the time beyond the experimental limitations. 311 

 312 
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Table 4. Statistical measures of the optimization process results with the extended range of 313 

inputs  314 

Extension 

(%) 
Statistical Measure 

Methane Yields 

(ml/gVS) 

Associated Optimal Inputs 

Beating time (min) Ratio F/I 

0 

Min 210.7459 0 0.3215 

Max 253.4121 60 0.3192 

Avg 244.1243 55.2 0.3704 

StD 15.9256 16.3596 0.1095 

RMSE 36.949 57.55 0.11947 

5 

Min 210.7478 0 0.3208 

Max 259.3158 63 0.3186 

Avg 250.9683 59.22 0.3702 

StD 15.7476 15.037 0.1142 

RMSE 43.165 61.081 0.12392 

10 

Min 210.7473 0 0.321 

Max 265.135 66 0.318 

Avg 257.1895 64.02 0.3824 

StD 15.0732 11.3155 0.1293 

RMSE 48.804 65.002 0.14297 

15 

Min 210.7464 0 0.3198 

Max 270.9107 69 0.3173 

Avg 262.5807 65.55 0.3755 

StD 16.763 15.114 0.1286 

RMSE 54.452 67.253 0.13958 

20 

Min 210.7478 0 0.3204 

Max 276.6648 72 0.3167 

Avg 268.5048 70.56 0.396 

StD 15.3435 10.1308 0.1498 

RMSE 59.741 71.276 0.16709 

25 

Min 210.7475 0 0.3210 

Max 282.4082 75 0.316 

Avg 273.8642 73.5 0.4033 

StD 15.8765 10.5529 0.1604 

RMSE 65.064 74.246 0.17957 
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To illustrate the convergence, the movements of the solution particles are recorded during the 315 

optimization process. Figure 7a shows the convergence curves for the solutions with beating time, 316 

while that with F/I is shown in Figure 7b. 317 

 318 

 319 

Figure 7a. Particles’ convergence plots for the beating time. 320 
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 321 

Figure 7b. Particles’ convergence plots for the ratio F/I. 322 

4 Conclusion 323 

The effect of mechanical pretreatment time and F/I ratio on methane production from waste paper 324 

were evaluated. The fuzzy (ANFIS) model was trained for two epochs up to a satisfactory 325 

insignificant testing error is achieved. The model’s predictions illustrate that the predicted data is 326 

distributed close to the diagonal line that denotes high prediction precision. The coefficient of 327 

determination values are 0.99995 and 0.96216 respectively for ANFIS and Response Surface 328 

Methodology. Whereas the RMSE values are 0.38005 and 12.58 respectively for ANFIS and 329 

Response Surface Methodology. This proved the high accuracy of the fuzzy model compared to 330 

the Response Surface Methodology. Then, a particle swarm optimization algorithm is applied to 331 

identify the optimal process parameters. The decision variables used in the optimization process 332 

are the beating time and F/I ratio to maximize methane production. The optimized results confirm 333 

the superiority of the proposed strategy compared with Response Surface Methodology. Optimum 334 

methane production rates are obtained for low feedstock to inoculum ratios and high pretreatment 335 

times. The ANFIS model is utilized to predict outputs for the extended range of the inputs by 5,10, 336 
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15, 20, and 25% below and above the lower and upper limits, respectively. The results showed that 337 

the methane yield can be increased if the beating time and the F/I ratio are increased. 338 

 339 
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