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 This paper presents a machine learning-based approach for accurately 

predicting pyrolysis product yields. Methods such as Linear Regression 

(LR), K-Nearest Neighbors (KNN), Decision Tree (DT), Support Vector 

Regression (SVR), Random Forest (RF), and Neural Networks (NN) 

leverage operating conditions and/or ultimate/proximate analysis data, 

eliminating the need for reaction kinetics. This innovative approach 

offers a broader range and higher accuracy of feedstock compared to 

traditional kinetics-based methods. The KNN model demonstrated 

superior performance, achieving a correlation coefficient greater than 

0.998 and an RMSE of 0.64. These findings provide valuable insights for 

engineers and practitioners, facilitating the efficient design and 

operation of pyrolysis units.The selectivity exhibited a notable increase 

from 2.46 to 5.27. This improvement in selectivity can primarily be 

attributed to the significantly higher increase in the solubility coefficient 

of CO2 compared to that of CH4. 
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1. Introduction 

Rising global energy consumption and the 

depletion of natural resources like petroleum, 

natural gas, and coal pose significant 

challenges for policymakers. Additionally, 

increasing organic waste, including 

agricultural residues and plastics, contributes 

to environmental pollution and 

globalwarming. One effective response is 

adopting proper waste recycling and 

management strategies. Pyrolysis, a thermal 

decomposition method, converts organic waste 
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into gas, liquid, and solid fuels by breaking 

down organic compounds without oxygen. 

This process uses raw materials such as 

agricultural waste and polymer products [1]. 

Assessing waste quality requires ultimate and 

proximate analyses. Ultimate analysis 

determines the weight percentages of key 

elements like carbon, hydrogen, oxygen, 

nitrogen, sulfur, and chlorine. Proximate 

analysis measures moisture, fixed carbon, 

volatile matter, and ash contents [2]. 

In the lab, pyrolysis is typically performed in a 

batch reactor. The solid material is first 

crushed into smaller pieces, and the reactor is 

filled with an inert gas, like nitrogen. It is then 

heated with an electric furnace, initiating the 

reaction above 300°C at atmospheric pressure. 

Exhaust gases pass through a condenser, where 

heavier compounds (e.g., tar) liquefy, while 

lighter ones exit as gas. The solid product, 

char, is removed from the reactor at the end. 

The yield distribution of products is defined as 

the weight of gas, liquid, and solid products per 

the unit weight of raw materials [3]. 

The experimental prediction of pyrolysis 

products and the optimization of process 

conditions are often tedious and time-

consuming. In contrast, simulation and 

modeling offer a faster, cost-effective 

alternative. The thermogravimetric analysis 

(TGA) and gas chromatography-mass 

spectrometry (GC-MS) has been used under 

varying operating conditions to study pyrolysis 

reaction kinetics [4,5]. One predictive method 

involves using a simulator that relies on 

thermodynamic and kinetic data to model 

reaction progress. Pyrolysis reactor simulation 

can be carried out in two ways. The first 

method uses a chemical equilibrium approach 

to minimize Gibbs free energy, providing a 

quick estimate of the product yield distribution 

for a given reactor hydrodynamic [6]. The 

second method couples reaction kinetics with 

reactor hydrodynamics, which is more time-

consuming. However, the insufficient 

consideration of reactions or poorly defined 

hydrodynamics can lead to significant 

deviations between simulation and laboratory 

results [7]. Computational fluid dynamics 

(CFD) can provide more accurate predictions 

of reactor hydrodynamics. However, its high 

computational time is a significant drawback 

[8]. 

Machine learning has demonstrated significant 

potential in chemical engineering applications. 

Rangel-Martinez et al. [9] reviewed its use in 

renewable energy sectors like solar, wind, and 

biomass sectors. Successful research predicted 

pyrolysis reaction kinetics using machine 

learning, with 140,000 biomass training data 

points [10]. The simulation, performed with a 

decision tree and neural network in Python, 

achieved a correlation coefficient above 0.992. 

Input data included the feed carbon content 

(56.7–67.8%), hydrogen content (5.4–6.6%), 

reaction temperature (400–950°C), and 

heating rate (5–120°C/min). Key process 

characteristics, such as the product yield, were 

accurately predicted. In contrast, similar 

studies, such as [10], achieved a maximum R² 

of 0.992 with a larger data set. Additionally, 

[9] focused on biomass data, which have a 

narrower operational range compared to the 

diverse hydrocarbon materials used in this 

study. Thus, the strength of the present work 

lies in its broader application across a wider 

range of feedstock types, leading to more 

accurate predictions of pyrolysis yields and 

conversions. The production of char  from 

biomass and its carbon content were predicted 

using the random forest method [11]. Singh 

Chouhan and Singh [12] used five input 

variables from agricultural waste to predict 

bio-oil yield at 600°C through linear 

regression, neural networks, and support 

vector regression. Cheng et al. [13] conducted 

an economic analysis of biochar, calculating 

metrics like the minimum product selling price 



Razavi et al.  / Iranian Journal of Chemical Engineering, Vol. 21, No. 4, 62-77, (2024) 

 

64  

 

and predicting biochar characteristics for the 

environmental impact. They also optimized 

tree numbers and other parameters in the 

random forest method. Tang et al. [14] applied 

multi-linear regression and the random forest 

method to predict the yield of bio-oil and its 

hydrogen content in biomass pyrolysis. 

While biomass is the primary feed in the 

mentioned studies, plastic and rubber 

compounds are also important wastes suitable 

for pyrolysis. This study aims to predict 

pyrolysis products using the ultimate and 

proximate analyses of the feed and reactor 

operating conditions. Six machine learning 

methods were evaluated and compared based 

on the accuracy of their predicted outputs. This 

advancement marks a significant step forward 

in modeling the pyrolysis by leveraging 

machine learning techniques to enhance 

predictive accuracy and adaptability. Unlike 

traditional methods, which are often 

constrained by predefined reaction 

mechanisms, this approach can handle a wider 

variety of feedstocks, making it more versatile 

in real-world applications. The exceptional 

performance of the KNN model, as evidenced 

by a correlation coefficient exceeding 0.998 

and an RMSE of 0.64, highlights its potential 

to provide reliable predictions, offering a 

valuable tool for optimizing pyrolysis 

processes across diverse waste materials. This 

breakthrough not only improves the precision 

of product yield forecasts but also contributes 

to more efficient and sustainable waste 

management strategies. 

 

2. Proposed Methods  

Machine learning methods predict outcomes 

by uncovering hidden correlations between 

input and output data. These approaches are 

categorized into supervised learning, which 

uses labeled data for training, and 

unsupervised learning, which uses unlabeled 

data, making it suitable when labeling is costly 

or time-consuming. Supervised learning is 

further divided into classification (predicting 

discrete values) and regression (predicting 

continuous values). Models are trained on a 

portion of the dataset (training data) to learn 

parameters and validated on another portion 

(test data) to assess performance and 

generalization. 

Below are key regression methods used in this 

study, with their advantages and disadvantages 

summarized in Table 1 [15] : 

• Linear Regression (LR): Predicts outputs 

using a linear combination of inputs. 

Coefficients are learned by minimizing the 

sum of squared errors between predicted 

and target values. 

• K-Nearest Neighbors (KNN): Predicts 

outputs based on the frequency of the 

associated values of nearest neighbors in 

the training data. 

• Decision Tree (DT): A tree-like model that 

splits data using binary rules at each node. 

The prediction is made by following the 

path from the root to a terminal node, 

where the final value is determined. 

• Support Vector Regression (SVR): 

Extends linear regression with flexibility 

and error constraints. SVR minimizes a 

cost function while ensuring prediction 

errors stay within a defined threshold. It 

uses kernel functions, such as linear, 

polynomial, and Radial Basis Functions 

(RBF). 

• Random Forest (RF): Combines multiple 

decision trees. Predictions from all trees 

are aggregated, typically by averaging, for 

improved accuracy. 

• Neural Network (NN): Can have shallow 

or deep architectures, depending on their 

complexity. They model non-linear 

functions from inputs to outputs by 

optimizing parameters through gradient-
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based methods to minimize a custom loss 

function. Each neuron aggregates inputs 

linearly, and a non-linear activation 

function, such as logistic, tanh, or ReLU, is 

applied to introduce non-linearity. This 

enables neural networks to learn complex 

patterns. It should be noted that our 

experiments will also evaluate the 

proposed method with an identity 

activation function. 

     

Table 1.  

    Comparative advantages and disadvantages of machine learning methods. 

Method Advantages Disadvantages 

Linear • Easy to implement and interpretable. 

• Effective for linearly separable data. 

• Sensitive to outliers. 

• Assumes a linear relationship between inputs 

and outputs. 

KNN • Simple to implement; requires only the 

number of neighbors (K) and a distance 

metric. 

• No separate training phase; decisions are 

made during inference. 

• Inefficient for large datasets due to distance 

calculations. 

• Sensitive to outliers and missing values. 

Decision 

Tree 

• Intuitive, interpretable, and requires 

minimal pre-processing. 

• Not sensitive to missing values. 

• Prone to overfitting; requires pruning or max-

depth constraints. 

• Sensitive to data variations, leading to 

instability. 

• Employs a greedy algorithm, causing local 

optimality. 

• Poor performance with imbalanced data.. 

SVR • Suitable for high-dimensional data. 

• Memory-efficient; uses only support 

vectors. 

• Flexible with kernel functions. 

• Requires regularization when features 

outnumber samples. 

Random 

Forest 

• Handles missing values effectively. 

• Low bias due to ensemble methods. 

• Stable; individual data points affect only 

parts of the model. 

• Long training times due to multiple trees. 

• High resource consumption. 

Neural 

Network 

• Flexible architecture for various data 

types. 

• Learns meaningful data representations 

(feature learning). 

• Inefficient with small datasets; requires large 

amounts of data. 

• Training and parameter tuning are time-

consuming. 

The proposed method's algorithm, shown in 

Figure 1, includes database creation, pre-

processing, data splitting, method selection, 

parameter tuning, augmentation, training, and 

evaluation. Data is stored in a database, pre-

processed, and split into training and test sets. 

Training data is augmented, and model 

parameters are defined. The model is trained, 

predictions are made on test data, and accuracy 

is assessed using statistical metrics. The 

implementation utilizes Python's sklearn 

library for machine learning. 
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Figure1.  Algorithmic workflow of the proposed method. 

Building a comprehensive database is a critical 

step in implementing machine learning 

methods. Data for this study were gathered 

from 28 published papers, encompassing 

various plant-based and plastic materials such 

as rice husk, wood, coconut shell, tires, and 

polymers. These data were obtained under 

diverse conditions, including reactor types 

(fixed bed, batch, fluidized bed) at 

temperatures from 300 to 1300 °C and 

pressures up to 50 bar. 

Proximate (P) analysis covers fixed carbon (0–

33.1%), moisture (0–11.6%), volatile matter 

(57.5–100%), and ash (0–20.1%). Ultimate 

(U) analysis includes carbon (39.2–90.2%), 

hydrogen (4.2–14.4%), nitrogen (0–7.9%), 

chlorine (0–1.1%), sulfur (0–2.3%), and 

oxygen (0–55.8%). The dataset comprises 170 

ultimate, 134 proximate, and 122 combined 

analyses. Table 2 details the data sources and 

conditions. 

 

            Table2.  

            Experimental dataset from the literature at atmospheric pressure, unless stated otherwise. 
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1 Rice sawdust fixed bed 
400-500 

4-10 
12 - - [16]  

2 Tire, wood tubular 500-1000 9 9 9 [17]  

3 tire batch 300-720 4 4 4 [18]  

4 tire batch 450-600 6 6 6 [19]  

5 tire autoclave 300-700 5 5 5 [20]  

6 tire rotary kiln 550-680 3 3 3 [21]  

7 tire fixed bed 
450-600 

0.035-0.04 
4 4 4 [22]  

8 tire oven 350-550 3 3 3 [23]  

9 tire 
static-

bedbatch 
400-700 4 - - [24]  
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10 tire fluidized bed 425-800 12 12 12 [25]  

11 tire fixed bed 500 - 7 - [26]  

12 Beech, pine, bamboo fluidized bed 350-800 8 - - [27]  

13 walnut fixed bed 350-700 5 5 5 [28]  

14 bagasse fixed bed 350-550 5 5 5 [29]  

15 coconut fixed bed 400-800 5 5 5 [30]  

16 coconut semi-batch 450-600 7 7 7 [31]  

17 Rice, sugar bagasse, coconut fixed bed 400-800 15 - - [32]  

18 pin nut screw 300-700 5 5 5 [33]  

19 

polystyrene 

polyethylene 

acrylonitrile butadiene 

styrene 

polyenterophthalate of 

ethylene 

polypropylene 

fluidized bed 800 5 5 5 [34]  

20 pine fixed bed 300-550 6 6 6 [35]  

21 Pine, oil mallee fluidized bed 350-580 16 16 16 [36]  

22 plastic semi-batch 460-600 3 -  [37]  

23 plastic fixed bed 1000-1300 4 4 4 [38]  

24 beech wood fixed bed 325-900 8 8 8 [39]  

25 Polyethylene, polypropylene semi-batch 400 - 5 - [40]  

26 Saf ower seed fixed bed 400-700 5 5 5 [41]  

27 pine sawdust semi-batch 
600 

0-50 
5 5 5 [42]  

28 tire 
conical 

spouted bed 

425-500 

0.25-1 
6 - - [43]  

Sum 170 134 122  

The pre-processing stage ensures data 

accuracy for analysis. Incorrect/noisy input 

data can lead to errors in predicting output 

variables. To address this, the percentages of 

components in ultimate and proximate 

analyses, as well as product conversion 

percentages, are normalized to sum to 100%. 

Input variables like pressure and temperature 

are scaled to one for easier model convergence. 

The maximum temperature and pressure in the 

database were 1300 °C and 50 bar, with 1000 

and 10 data points respectively. 

The data was split into training and test sets for 

the model evaluation. The training data was 

used to determine the model parameters, while 

the test data was used to assess accuracy. 

Given the small dataset size, k-fold cross-

validation was employed, with k set to 1. Each 

time, one data point was used for testing, and 

the rest for training. Augmented data was only 

used in the training set, not in testing. 

The training accuracy in machine learning can 

be improved by increasing the training data, 

particularly through data augmentation, which 

introduces slight variations in input variables. 

Augmentation is done logically by generating 

virtual data based on the physics of the 

problem. The best method involves using the 

standard deviation of laboratory data. 

Augmented data are generated by adding or 

subtracting product random fraction of the 

standard deviation from the experimental 

values. In this study, the standard deviations of 

solid, liquid, and gas product yields were 

2.98%, 2.68%, and 1.98%respectively [20], 

while for the ultimate analysis, the standard 
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deviations for C, H, N, and O were 0.71%, 

0.08%, 0.02%, and 0.81% respectively. For 

proximate analysis, the values for moisture, 

volatile matter, fixed carbon, and ash were 

0.02%, 0.05%, 0.04%, and 0.003% 

respectively [30]. Operational data such as 

temperature and pressure, for which the 

standard deviation is unknown, were assumed 

to have the same distribution as the 

experimental data. 

In this study, the method's accuracy improved 

with data augmentation, reaching a point 

where additional augmentation no longer 

resulted in accuracy gains. The data is 

augmented up to four times its original size, 

increasing the number of ultimate data from 

170 to 850. Beyond this point, further 

augmentation did not improve accuracy [44]. 

The next step involves splitting the data into 

training and test sets, followed by evaluating 

the method's parameters. After training, the 

test data is used in a one-fold process, and 

product yields are predicted. The accuracy of 

the method is assessed by comparing the 

predicted and experimental values using the 

correlation coefficient (R²) and Root Mean 

Squared Error (RMSE), defined as follows: 
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3. Results and Discussion 

The machine learning methods described 

earlier are applied to the data in Table 2, and 

their correlation coefficients are evaluated. 

This section summarizes each method's 

predictive performance for pyrolysis 

conversion percentages, with feed analyses 

(ultimate and proximate) and operating 

conditions as independent variables and 

reaction yields as dependent variables. 

The LR method offers a simple approach to 

predicting conversion. Figure 2 demonstrates 

the impact of data augmentation and the use of 

ultimate or proximate analyses on the 

performance of this method. Data 

augmentation significantly improves accuracy, 

but beyond doubling the training data, 

additional augmentation has minimal effect 

and increases computation time. The figure 

also shows that ultimate analysis alone yields 

the lowest accuracy, while combining ultimate 

and proximate analyses results in achieving the 

best predictions with the highest R2. Notably, 

accuracy improves sharply as augmentation 

approaches a one time ratio with the original 

data, but further augmentation beyond 

doubling offers minimal improvement. 
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Figure 2. Impact of data augmentation and analysis type on the accuracy of the LR method. 

In the KNN method, performance depends on 

both data augmentation and the number of 

neighbors. Figure 3 shows the correlation 

coefficient as a function of these two factors. 

Higher accuracy is achieved with fewer 

neighbors (less than four) and greater data 

augmentation (more than 1.5 times). This trend 

was consistent for proximate analysis, as well 

as ultimate and combined (ultimate + 

proximate) analyses. 

 

 

Figure 3.  Effect of the number of neighbors and data augmentation on the accuracy of the KNN using 

proximate analyses data 
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Figure 4. shows the effect of data 

augmentation and the number of branches on 

the accuracy of the DT method. The highest 

accuracy is achieved with more than eight 

branches and the data augmentation greater 

than one time. 

 

 
Figure 4. Effect of the number of branches and data augmentation on the accuracy of the DT method 

Figure 5 illustrates the accuracy of the SVR 

method with three different kernels versus data 

augmentation. The accuracy does not improve 

significantly after doubling the data, regardless 

of the kernel type. The RBF kernel achieves 

the highest correlation coefficient, followed by 

the poly and linear kernels. 

 

 
Figure 5. Effect of the type of kernel and data augmentation on the accuracy of the SVR method 

Figure 6 shows the accuracy of the RF method 

as a function of data augmentation and the 

number of trees. The highest accuracy is 

achieved with more than ten trees and the data 

augmentation greater than double. 
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Figure 6. Effect of the number of trees and data augmentation on the accuracy of the RF method 

The accuracy of the NN method, evaluated for 

four activation functions, is shown in Figure 7 

with respect to data augmentation. As with 

previous methods, the effect of augmentation 

diminishes after doubling the data. The logistic 

function performs less accurately due to its 

saturation behavior, while the other functions 

yield similar results. The shaded area around 

the mean curve represents the standard 

deviation of the accuracy across multiple runs, 

which is higher than that of other methods due 

to the shallow hidden layer (100 layers, 5000 

iterations). The method could be improved 

with more efficient learning techniques, such 

as deep learning. 

 

 

 
Figure 7. Impact of activation function and data augmentation on the accuracy of the NN method  
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Figure 8 summarizes the performance 

comparison of various machine learning 

methods for predicting pyrolysis conversion. 

The mean correlation coefficient for each 

method is marked with a horizontal red line, 

while the blue box represents the interquartile 

range (25th to 75th percentiles). Dashed lines 

extend to the minimum and maximum values. 

KNN, DT, and RF show the best performance, 

with correlation coefficients approaching 1. 

LR and SVR perform moderately, with 

coefficients below 0.7. NN performs the worst, 

with coefficients barely reaching 0.5. 

Improved results may be achievable with more 

advanced learning methods. 

 

 
Figure 8. Performance comparison of different machine learning methods

Table 3 summarizes the input parameter ranges 

and optimal conditions for achieving the 

highest model accuracy in predicting pyrolysis 

yields. The best results and corresponding 

parameters for each method are highlighted in 

bold. Except for the linear method, the 

proximate analysis data consistently results in 

the most accurate predictions. This is likely 

because proximate analysis (moisture, ash, 

etc.) provides a straightforward and general 

representation of how heat affects organic 

matter. 

 

 

Table 3. 

Average yield prediction results using various machine learning methods, with optimal conditions 

highlighted in bold 

Method Analysis 
Parameter 

range 

Best 

parameter 
R2 RMSE Time [s] 

LR 

P 

 

 0.5736 11.64 0.86 

U  0.5112 11.79 1.07 

UP  0.5991 10.44 0.76 

KNN 

P 

1 ≤ k ≤ 5 

4 0.9987 0.64 1.62 

U 3 0.9972 0.89 2.55 

UP 4 0.9980 0.73 1.76 
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DT 

P 
1 ≤ N ≤ 10 

None 

None 0.9957 1.17 2.65 

U 10 0.9813 2.31 4.64 

UP None 0.9874 1.84 4.27 

SVR 

P Linear 

Poly 

RBF 

RBF 0.6676 10.30 19.12 

U RBF 0.6085 10.60 42.41 

UP Poly 0.6598 9.62 27.06 

RF 

P 

1 ≤ N ≤ 100 

100 0.9938 1.42 605.22 

U 100 0.9774 2.55 1181.99 

UP 100 0.9835 2.12 847.85 

NN 

P Relu 

Tanh 

Logistic 

Identity 

Tanh 0.5277 12.29 62.73 

U Relu 0.4314 12.76 123.10 

UP Tanh 0.4868 11.76 66.88 

Figure 9 compares the yields predicted by the 

KNN machine learning method with those 

calculated using reaction kinetics. The 

experimental pyrolysis data of tire waste is 

from [20], and the kinetic simulation results 

were obtained from Aspen Plus™ [7]. The 

comparison shows that the machine learning 

method provides significantly more accurate 

predictions. The kinetic simulation has large 

average relative errors (101.4%, 64.4%, 

63.3%, and 62.6% at 400°C, 500°C, 600°C, 

and 700°C, respectively), while the KNN 

method’s errors are much smaller (1.64%, 

0.61%, 3.07%, and 1.42%). 

 

 
Figure 9. Comparison of the pyrolysis product yields predicted by the KNN machine learning method 

(with 4 neighbors and proximate analysis), reaction kinetics [7], and experimental data [20]. 

 

The proposed model, with accurate conversion 

yield predictions, can be used to optimize 

operating conditions for maximizing the 

production of char or oil based on feed 

characteristics. Future work could involve 

integrating the model with an optimization 
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program to determine the ideal operating 

conditions and predict the specifications of the 

resulting products, including the analysis and 

the composition of solid, liquid, and gas 

components. 

 

4. Conclusion 

This paper compares various machine learning 

methods for predicting the conversion of 

pyrolysis reactions, demonstrating that data 

augmentation enhances accuracy. Different 

organic feed types were considered in the 

study, and the machine learning methods 

outperformed traditional kinetic models in 

terms of predicting yield and conversion. The 

KNN method achieved the highest accuracy, 

with R² values of up to 0.998 and RMSE 

values of 0.64. The findings suggest that 

machine learning can effectively replace 

complex kinetic models in the simulation 

software for predicting pyrolysis yield and 

conversion. 
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