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ABSTRACT 

The co-pyrolysis of plastic with biomass offers a promising solution to mitigate environmental health concerns 

associated with plastic waste. This technique has shown effectiveness in addressing waste issues by generating fuel oil 

from plastic and biomass waste. Many researchers have utilized pyrolysis technology, employing various optimization 

techniques to produce significant amounts of pyrolytic oil. This study aims to compare predictions of the percentage mass 

oil yield using an artificial neural network (ANN) and response surface methodology (RSM). Before the pyrolysis process, 

a 3k factorial Box-Behnken Design was employed to determine the number of experiments required. In RSM, a 2D contour 

plot illustrated the correlation of each parameter with the percentage oil yield. ANOVA analysis revealed the significance 

of the produced quadratic mathematical model, with a p-value below 0.05. Through the ANN modeling, the temperature, 

particle size, and the percentage of LPP were employed as the input, while two neurons were employed in 1 hidden layer. 

The resulting percentage oil yields were calculated, indicating a significant influence from temperature and the percentage 

of laminated plastic packaging. Simulation results from the ANN demonstrated strong agreement with a correlation 

coefficient of 99.5%, surpassing the 90.71% correlation coefficient observed in RSM. This underscores the advantage of 

using ANN for predictive modeling. 
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INTRODUCTION 

In 2020, global plastic production reached 

approximately 367 million metric tons (Mt) [1]. With an 

anticipated 85% increase in the world's urban population 

by 2030 across both developed and developing nations, 

urbanization and population growth will lead to a 

substantial rise in plastic waste generation [2]. The 

escalating volume of residual waste, particularly non-

recyclable laminated plastic packaging, poses a critical 

challenge in the country due to limited landfills and urban 

space constraints where most of this waste is generated. 

Illegally disposed waste, predominantly plastics, 

exacerbates marine pollution, leading to environmental 

degradation and harming marine life [3]. 

Various recycling methods, albeit labor-intensive, 

have been employed to reduce waste volumes in 

dumpsites [4]. Pyrolysis, one such method, converts waste 

into alternative fuel, yielding better output with lower 

NOx and SOx emissions upon combustion [5]. Co-

pyrolysis of biomass and plastics can mitigate the adverse 

effects of plastics on human health and aid in energy 

recovery [6]. 

Agricultural waste, such as coconut husk, holds 

promise as an environmentally friendly resource due to its 

biodegradability [7]. The influence of process conditions 

on the pyrolysis of coconut husk, LPP, and their co-

pyrolysis remains unknown.  

Temperature significantly impacts pyrolytic oil 

yield, with higher temperatures promoting greater 

hydrocarbon production [8]. Different plastics degrade at 

various temperatures, affecting pyrolysis outcomes [9]. 

Particle size and residence time also influence oil yield 

and completion time in pyrolysis processes [10]. In terms 

of economic viability, pyrolysis offers lower operational 

costs and maintenance compared to market prices, with 

potential operational environmental benefits such as 

carbon credit generation [11]. Furthermore, pyrolysis 

contributes to reducing fossil usage and greenhouse gas 

emissions, making it a strategic tool in waste-to-energy 

conversion [12]. Although recycling is a method to 

alleviate plastic waste issues, the complexity and cost of 

waste separation make it labor-intensive [13]. Research 

focuses on discovering more efficient energy recovery 

processes from plastic waste, with pyrolysis emerging as a 

promising method due to its ability to thermally degrade 

plastics, reducing environmental problems associated with 

regular recycling treatments [14]. 

Response surface methodology is commonly 

employed to investigate the significant factors affected by 

different parameters [15], whereas modeling with artificial 

neural networks (ANNs) provides dependable and 

effective forecasts for intricate outcomes [16], [17]. 

In this research, response surface methodology 

and ANN are employed to examine the influence of 

temperature, particle size, and feedstock composition on 
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pyrolytic oil yield. Response surface methodology 

facilitates mathematical optimization, while ANN 

investigates correlations in co-pyrolysis conditions 

between coconut husk and waste plastic LPP concerning 

the percentage of oil yield. 

 

MATERIALS AND METHODS 

 

Work Plan 

This study employed three main components. The 

first part (1) consisted of the batch co-pyrolysis runs. The 

second part (2) involved the utilization of response surface 

methodology. Lastly, the third part (3) entailed the 

analysis using artificial neural networks. 

 

Batch Co-Pyrolysis Runs 

 

 
 

Figure-1. The coconut husk (CH) and laminated plastic 

packaging (LPP). 

 

Batch experiments involving coconut husk and 

laminated plastic packaging were co-pyrolyzed under the 

parameters outlined in Table-1. Table-2 was generated 

using a 3k factorial Box-Behnken Design to minimize the 

required number of experiments. 

 

Table-1. Parameters for batch pyrolysis runs. 
 

Temperatures °C 
LPP-CH ratios 

(%) 
Particle Sizes (cm) 

Overall Residence 

Time (min) 

500, 600, 700 68, 58, 49 1, 3, 5 10 

 

Table-2. Batch pyrolysis process conditions according to the Box-Behnken response  

surface design of the experiment. 
 

Run number Temperature (oC) Particle size (cm) 
Feedstock Composition 

(% LPP) 

1 500 1 58 

2 700 1 58 

3 500 5 58 

4 700 5 58 

5 500 3 68 

6 700 3 68 

7 500 3 49 

8 700 3 49 

9 600 1 68 

10 600 5 68 

11 600 1 49 

12 600 5 49 

13a 600 3 58 

14a 600 3 58 

15a 600 3 58 
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The gases and volatile substances generated by 

the reactor were channeled into a condenser, where 

condensable materials underwent liquefaction as shown in 

Figure-2. Cold water flowing through the condenser 

facilitated its cooling and was collected. Upon completion 

of the designated residence time, the reactor was 

deactivated to allow for gradual cooling. 

 

 
 

Figure-2. The pyrolysis system experimental set-up. 

 

After the completion of pyrolysis, the oil 

obtained from the specified number of runs as detailed in 

Table-2 was utilized. Equation 1 was utilized to calculate 

the mass oil yield. 

 %𝑌𝑖𝑒𝑙𝑑 =   𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑜𝑖𝑙𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑓𝑒𝑒𝑑𝑠𝑡𝑜𝑐𝑘   𝑥 100 %       (1) 

 

Response Surface Methodology 

Table-2 displays the response parameters 

associated with temperature, particle size, and percentage 

feedstock composition for the pyrolysis of laminated 

plastic packaging. A 3k factorial Box-Behnken Design 

was utilized to determine the number of experimental runs, 

and ANOVA (Analysis-of-Variance) was employed to 

evaluate the significance of the predictive model in 

determining the percentage oil yield. Furthermore, a 2D-

contour plot was generated to illustrate the relationship 

between each response parameter. 

 

Artificial Neural Networks Analysis  

The objective of artificial neural network analysis 

is to optimize and establish correlations between various 

input variables and the output variable in the percent oil 

yield. Utilizing Visual Gene Developer (VGD) 1.9 

software, predicted values can be generated based on the 

available datasets. This software facilitates the 

construction of neural network structures and enables 

analysis and prediction mapping to determine the weights 

of each input variable. 

The architecture of the artificial neural network 

utilized in this study follows a 3-2-1 feed-forward neural 

network (FFNN) model, employing a sigmoid activation 

function for each output neuron (refer to Figure-3). 

Creating the neural network required identifying the best 

combination of layers and neurons to achieve precise 

outcomes, a task frequently perceived as difficult [18]. 

 

 
 

Figure-3. The input-hidden-output layers for the ANN 

model. 

 

Before the training process, the datasets were 

normalized and the training process was initiated. This 

process entailed a maximum of 1 billion training cycles 

with a target error set at 0.00001. 
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Table-3. Actual percentage oil yield. 
 

Run 

number 

Temperature 

(oC) 

Particle size 

(cm) 

Feedstock Composition 

(% LPP) 

Actual Oil Yield 

(%) 

1 500 1 58 19.7 

2 700 1 58 25.0 

3 500 5 58 20.0 

4 700 5 58 30.5 

5 500 3 68 20.2 

6 700 3 68 25.5 

7 500 3 49 10.2 

8 700 3 49 25.2 

9 600 1 68 27.5 

10 600 5 68 31.2 

11 600 1 49 18.3 

12 600 5 49 14.0 

13 600 3 58 24.1 

14 600 3 58 23.4 

15 600 3 58 22.2 

 

RESULTS AND DISCUSSIONS 

 

Percentage Oil Yield  

Table-3 presents the percentage of oil yield for 

each individual run. The highest oil yield, reaching 31.2%, 

was observed at a temperature of 600°C, with a particle 

size of 5 cm and 68% LPP. This outcome was attributed to 

the combination of a larger particle size and a higher 

percentage of LPP. Conversely, the lowest oil yield 

recorded was 10.2%, occurring at a temperature of 500°C, 

with a particle size of 3 cm and 49% LPP. It is noted that 

an increased proportion of LPP tends to elevate the Oil 

yield. 

In the co-pyrolysis of coconut husk and laminated 

plastic packaging, higher oil yields are observed at 

elevated temperatures at higher %LPP concentrations. 

 

ANOVA Results 

The oil yield shows a consistent upward trend 

with increasing temperatures (within the experimental 

range of 500 - 700°C), while it demonstrates a decrease 

with a higher %CH concentration. While a weak positive 

correlation of 8.49% was observed between particle size to 

the percentage oil yield. The ANOVA results revealed a 

significant model with a P-value of 0.0386. 

Quadratic Mathematical Model to Predict Maximum 

Oil Yield 𝑂𝑖𝑙 𝑌𝑖𝑒𝑙𝑑 (%) = +7.52421 + (0.035046 ∗ temp) −(1.50941 ∗ particle size) + (0.16677 ∗feedstock composition) + [6.525E − 003 ∗(temperature. particle size)] + [2.5368E − 003 ∗(temperature. feedstock composition)] − [0.10553 ∗(particle size. feedstock composition) − (9.5667E −005 ∗ temp2) + (0.38208 ∗ particle size2) −(0.022345 ∗ feedstock composition2) )                       (2) 

 

Predicted Oil Yield via Response Surface Methodology 

According to Table-4, the oil yield predicted 

using response surface methodology reached a maximum 

of 30.03% at a temperature of 700°C, a particle size of 5 

cm, and a feedstock composition of 58% LPP. Conversely, 

the lowest oil yield of 8.76% was observed at a 

temperature of 500°C, a particle size of 3 cm, and a 

feedstock composition of 49% LPP.  

Figure-3 depicts a correlation coefficient (R2) of 

approximately 90.71% between the predicted and actual 

percentage oil yield for coconut husk (CH) and laminated 

plastic packaging. 
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Table-4. Predicted percentage oil yield. 
 

Run 

number 

Temperature 

(oC) 

Particle size 

(cm) 

Feedstock Composition 

(% LPP) 

Predicted Oil 

Yield (%) 

1 500 1 58 19.69 

2 700 1 58 26.36 

3 500 5 58 18.15 

4 700 5 58 30.03 

5 500 3 68 22.74 

6 700 3 68 26.94 

7 500 3 49 8.76 

8 700 3 49 22.6 

9 600 1 68 24.68 

10 600 5 68 29.97 

11 600 1 49 19.53 

12 600 5 49 16.79 

13 600 3 58 22.99 

14 600 3 58 22.99 

15 600 3 58 22.99 

 

 
 

Figure-4. Comparison of the predicted and actual values of oil yield for CH and  

laminated plastic packaging via RSM. 

 

R2 = 

90.71% 
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Figure-5. Two-dimensional contour plot of oil yield against temperature and  

feedstock composition. 

 

Using 2D surface plots, the nature of the response 

surface and the adequacy of the model obtained for the 

effects of laminated plastic packaging were demonstrated. 

The 2D contour plots illustrated a classification of contour 

shapes for various applied parameters. It was observed that 

oil yield increased with temperature and decreased with 

the percentage feedstock composition of coconut husk 

(refer to Figure-5). 

The highest oil yield, reaching 30.03%, was 

observed at 700°C with a 58% LPP feedstock 

composition, while the lowest oil yield, at 8.76%, was 

recorded at 500°C with a 49 %LPP feedstock composition. 

Overall, there was a positive correlation between the 

percentage feedstock composition and temperature 

concerning oil yield. 

 

Predicted Oil Yield via ANN 

Figure-7 validates the efficiency of the model 

using a neural network between actual and predicted 

percentage oil yield. The results indicated a margin of 

error of ±0.12% in the data obtained using the neural 

network. Utilizing VGD 1.9 software, it has achieved a 

sum of square error of ±0.00001 with a correlation 

accuracy of 99.5%. While this level of accuracy is 

commendable, it is contingent upon the accuracy of the 

input data as well. The small margin of errors observed led 

to the actual percentage oil yield. This exemplifies how 

neural networks offer a viable solution for solving non-

linear problems, providing an advantage over traditional 

statistical methods. The superiority of ANN modeling over 

statistical models is further justified as ANN establishes 

complex relationships between input and output variables, 

resulting in minimal prediction error, a feat not easily 

achievable through statistical methods [19]. 

 
 

Figure-6. Actual versus predicted percentage oil yield 

via ANN. 

 

The synaptic connections of the model 

encompass various weight values crucial for prediction. 

While the VGD 1.9 Software offers a neural network map 

analysis, as depicted in Figure-6. This diagram showcases 

the weights of the synapses connected to every neuron 

with the assistance of VGD 1.9 software. The legend 

indicates that near the "red" color, the weight value 

approaches a positive value, whereas near the "violet" 

color, the weight tends toward a negative value. 
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Figure-7. Neural network map analysis. 

 

Table-5. ANN predicted the percentage of oil yield. 
 

Run number 
Predicted Oil Yield (%) 

via ANN 

1 18.8 

2 24 

3 19 

4 30.05 

5 19 

6 25.1 

7 10.12 

8 25.1 

9 27.2 

10 30.2 

11 18.2 

12 13.8 

13 23.94 

14 23.3 

15 22.1 

 

It was observed in Table-5 that the optimum 

combination yielding the highest predicted oil yield of 

30.2% corresponded to a temperature of 600°C, a particle 

size of 5 cm, and a 68 %LPP composition (as indicated in 

the corresponding Table-4). These values were obtained 

after de-normalizing the resulting predicted values using 

simulation in the artificial neural network. 

 

CONCLUSIONS  

This study delved into the potential of using the 

co-pyrolysis method in producing liquid fuel from waste 

laminated plastic packaging and coconut husk. The 

research aimed to explore the factors influencing a process 

and how the co-pyrolysis of these specific waste materials 

impacts the percentage of oil yield. 

Two distinct methodologies were utilized to 

calculate correlation coefficients for the actual and 

predicted percentage oil yield. Response surface 

methodology (RSM) resulted in a correlation coefficient 

(R2) of 90.71 %, while artificial neural modeling (ANN) 

achieved an impressive R2 of 99.5 %, signifying high 

correlation accuracy that supports the increase in oil yield 

percentage. The ANN prediction model exhibited evident 

advantages, rendering it a more viable approach for 

addressing nonlinear problems. 
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