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ABSTRACT

Estimation of Biocrude Oil Yield by Machine Learning
Serafettin GUNGOR

Department of Chemical Engineering

Master of Science Thesis

Supervisor: Prof. Dr. Hasan SADIKOGLU

Biofuel production requires bio-crude oil yield estimation for sustainable resource
management, economic feasibility, and regulatory compliance. Accurate
projections help investors, optimize processes, support energy security and carbon
reduction, and influence technology development, market competitiveness, and
environmental impact assessments. This work uses machine learning to forecast
bio-crude oil yield to address sustainable energy supply. Extensive datasets are
utilized to train various models, including regression, support vector machines,
random forests, and neural networks. The results demonstrate the potential for
accurate yield forecasting, offering insights for optimizing bio-crude oil production
and advancing sustainable energy solutions. This study bridges bioenergy science
and practical applications for a more sustainable energy future. This study evaluates
XGBoost, Random Forest, SVM, and ANN models for bio-crude oil yield
estimation using R?, MSE, and RMSE. Rigorous preprocessing and training show
high R? scores, indicating proficiency in capturing complex relationships. The R?
and RMSE values of 0.86 and 0.0516 demonstrate predictive accuracy. Implications
for the bioenergy sector highlight optimization potential and unique model
strengths are outlined for tailored applications. Integrating XGBoost, Random
Forest, SVM, and ANN, this work informs bioenergy decision-making, offering
insights into model performance. This study presents a structured framework for

applying machine learning to accurately estimate the yield of bio-crude oil. This

Xi



framework has the potential to enhance bioenergy production and have a significant
impact on future research and industry in this field.

Keywords: Biocrude oil, machine learning, yield estimation.

YILDIZ TECHNICAL UNIVERSITY
GRADUATE SCHOOL OF SCIENCE AND ENGINEERING
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OZET

Makine Ogrenmesi ile Biyo Kaynakh Yakit Verimi

Tahmini

Serafettin GUNGOR
Kimya Miihendisligi Anabilim Dali

Yiksek Lisan Tezi

Danisman: Prof. Dr. Hasan SADIKOGLU

Biyoyakit iiretimi, siirdiiriilebilir kaynak yonetimi, ekonomik fizibilite ve mevzuata
uygunluk icin biyo-ham petrol verimi tahminini gerektirir. Dogru tahminler
yatirimcilara yardimer olur, siiregleri optimize eder, enerji giivenligini ve karbon
azaltimin1 destekler ve teknoloji gelisimini, pazar rekabet giiciinii ve ¢evresel etki
degerlendirmelerini etkiler. Bu c¢alisma, siirdiiriilebilir enerji arzini ele almak
amaciyla biyo-ham petrol verimini tahmin etmek i¢in makine Ggrenimini
kullaniyor. Regresyon, destek vektor makineleri, rastgele ormanlar ve sinir aglar
dahil olmak tizere ¢esitli modelleri egitmek i¢in kapsamli veri kiimeleri kullanilir.
Sonuglar, biyo-ham petrol Gretimini optimize etmeye ve surddrllebilir enerji
cOziimlerini gelistirmeye yonelik Ongdriiler sunan dogru verim tahmini
potansiyelini ortaya koyuyor. Bu ¢alisma, daha siirdiiriilebilir enerji gelecegi icin
biyoenerji bilimi ile pratik uygulamalar arasinda koprii kurmaktadir. Bu ¢alisma,
R?, MSE ve RMSE kullanilarak biyo-ham petrol verimi tahmini icin XGBoost,
Random Forest, SVM ve ANN modellerini degerlendirmektedir. Titiz 6n isleme ve
egitim, yiiksek R? puanlarini gosterir, bu da karmasik iliskileri yakalamadaki
yeterliligi gosterir. 0,86 ve 0,0516'lik R? ve RMSE degerleri tahmin dogrulugunu
gosterir. Biyoenerji sektorii igin ¢ikarimlar, optimizasyon potansiyelini vurguluyor
ve 0zel uygulamalar igin benzersiz modelin giclu yonleri 6zetleniyor. XGBoost,

Random Forest, SVM ve ANN'yi entegre eden bu galisma, biyoenerji karar alma
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stirecine bilgi vererek model performansina iligskin i¢goriiler sunuyor. Bu ¢aligma,
biyo-ham petrol verimini dogru bir sekilde tahmin etmek i¢in makine 6greniminin
uygulanmasina yonelik yapilandirilmis bir ¢ergeve sunmaktadir. Bu cerceve,
biyoenerji Uretimini gelistirme potansiyeline sahiptir ve bu alanda gelecekteki

aragtirmalar ve endiistri lizerinde 6nemli bir etkiye sahiptir.

Anahtar Kelimeler: Bio kaynakli yakit, makine 6grenmesi, verim tahmini.

YILDIZ TEKNIiK UNIiVERSITESI
FEN BILIMLERI ENSTITUSU
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1

INTRODUCTION

In today's world, where concerns about climate change increase and fossil fuel
resources decrease, the search for sustainable energy sources has become more
important than usual[1]. Among renewable options, biofuels produced from
biomass stand out as the most promising option for reducing carbon monoxide

emissions and reducing our dependence on limited resources.

One of the interesting areas in this field is the conversion of biomass into crude oil
through processes such as hydrothermal liquefaction (HTL)[2]. However,
accurately estimating how much biofuel we can get from different biomass sources

is important to improve production and make biofuel production more economical.

Machine learning has revolutionized many industries by providing predictive

insights and improving decision-making processes[3].

Integration of machine learning techniques provides a new way to overcome
problems related to accurate prediction of bio-crude oil production. By analyzing
large datasets containing yield data from biomass, processing, and bio-crude

products, learning models can be learned to predict yield more effectively[2].

This article focuses on building predictive models using machine learning
algorithms such as regression and decision trees[1]. We aim to improve the
conversion process and improve bio-crude oil yield prediction by understanding
how factors such as biomass composition, activity, and catalyst usage affect bio-
crude oil yield.

As the world moves towards renewable energy, the findings of this article can
contribute to the sustainable development of biofuel production technology. By
harnessing the power of machine learning, we can pave the way for a greener, more

sustainable energy future[3].

With increasing concerns about the environmental impact of depletion and
combustion of natural gas, research on alternative fuel sources has gained

importance. Among the renewable energy options, biomass energy stands out as a

1



successful candidate for fuel production that can replace gasoline. The main goal is
to increase conversion efficiency, with biochemical and thermochemical processes
gradually becoming the main means of converting biomass into energy, fuels, and

bioproducts[4].

Hydrothermal liquefaction (HTL) has made significant progress as a technology
operating in subcritical/supercritical water to efficiently convert biomass into oil.
Bio-oil derived from HTL in particular has high energy density, making it a viable
alternative to petroleum. However, these challenges still exist due to the negative
properties of bio-oils, such as high viscosity, acidity, and nitrogen content, which

cause environmental concerns[4].

Efforts to improve biofuel production from HTL include understanding and
controlling key factors such as biomass composition and performance such as
temperature and residence time. Although experimental research is useful, it is
time-consuming and expensive. The emergence of artificial intelligence, especially

machine learning (ML), has a chance to overcome these problems[4].

ML methods are more commonly used to predict biomass conversion behaviour,
including HTL. Various machine learning algorithms such as Random Forest (RF)
and Deep Neural Networks show promise in predicting bio-oil yields and products
with higher accuracy compared to traditional models. Despite this progress, gaps
remain in understanding the interaction between biomass composition,

performance, and biofuel[5], [6].

Recent research has focused on closing these gaps by developing machine-learning
models to predict biomass. - Oil production and products based on different
materials. However, post-test guidance is needed to make biofuel products. A new
learning model-based optimization has been proposed to guide experimental
studies, which provides a good way to achieve energy recovery and low nitrogen
content in bio-oil[4].

Integration of machine learning and optimization algorithms is effective in
promoting the potential of bio-oil production from biomass HTL. Using data-based
insights, scientists aim to improve experimental processes and improve biofuel

production, paving the way for a strong and useful future.

2
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BACKGROUND

Microalgae have the potential to be a sustainable source of oil production, but
many challenges have been encountered on the path to commercial value. The
biggest challenge lies in the efficient use of resources such as carbon dioxide
and fertilizer[7]. Cultivation systems should make good use of renewable
resources to reduce dependence on external resources[8]. Introducing
cyanobacteria or artificial microalgae with nitrogen-fixing properties can

replace the food supply and reduce the need for purchased fertilizer[8].

The huge demand for nitrogen and phosphate fertilizers has caused a major
impact on microalgae biomass production [8]. The environmental impact of
fertilizer production, including energy consumption and carbon dioxide
emissions, makes the sustainability of microalgae-based biofuel production
difficult[8]. Although recovering nutrients from wastewater and using anaerobic
digestion for nutrient recovery is promising, proper management is essential to

maintain ecosystem balance[8].

It is important to obtain more carbon dioxide in microalgae culture. While it is
possible to capture carbon dioxide from industrial sources such as power plants,
finding effective ways to use atmospheric carbon dioxide is important to reduce
dependence on content[8]. Technologies such as genetic modification to
improve carbon dioxide have the potential to increase microalgae
productivity[8].

In addition, the choice of carbon source for microalgae culture can affect
efficiency and environmental footprint[8]. Although heterotrophic growth
provides higher efficiency, challenges such as limited waste materials and
expensive bioreactors hinder efficiency[8]. The combination of autotrophic and
heterotrophic growth modes leads to stress due to resistance to pollution and

reduced productivity[8].

Hydrothermal liquefaction (HTL) has emerged as an effective method to
convert microalgal biomass into crude o0il[9]. HTL involves heating microalgae

in the presence of water at high pressure, leading to the production of bio-crude
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0il[9]. Subsequent reforming processes, such as catalytic cracking and
hydrotreating, convert bio-crude oil into even more valuable petroleum

products[9].

Machine learning provides an effective tool to predict bio-crude oil from
microalgae biomass. By analyzing various parameters such as algae type,
growth, and HTL process, the learning model can provide better insights into
bio-crude fuel efficiency[9]. Using data from research experiments and

simulations, these models can improve the accuracy of algorithms[9].

In summary, predicting bio-crude oil production from microalgae biomass
through machine learning represents a successful way to make biofuel
sustainable. Machine learning can solve problems related to food management,
CO2 consumption, and optimization, thus facilitating the development of

efficient and consistent technologies for biofuels[9].
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LITERATURE REVIEW

In the field of biomass conversion, understanding and predicting biofuel yields
plays an important role in evaluating the effectiveness and feasibility of processes
such as hydrothermal liquefaction (HTL). This study covers process parameters and
focusing on the integration of principal component analysis (PCA) and machine
learning (ML). Additionally, literature studies that focus on biocrude oil yield were
collected in Table 5.3.

PCA has become a simple method for estimating biological crude oil yield by
converting complex data including biomass material, activity, and characteristics
into meaningful terms. More importantly, PCA compressed more than 90% of the

original data, providing a better understanding of the biomass HTL system[10].

Machine learning algorithms, including XGBoost (XGB), Random Forest (RF) and
Support Vector Regression (SVR), have attracted attention for their high accuracy
in predicting bio-crude oil. Among these, XGB stands out for its ability to simulate
complex HTL processes by providing information on biological crude product yield
(BY) and higher heating value (HHV). Temperature (T) has become an important
factor affecting BY[11].

Recent advances have demonstrated ML-based ensemble optimization models such
as Decision Regression Tree (DRT), Gradient Boosting Regression (GBR), and RF
for multi-objective prediction and optimization of biological crude product yield.
These models provide a good way to conduct experiments and optimize biological
crude oil production processes[12]. These improvements pave the way for more

efficient biomass conversion.



A

METHODOLOGY

4.1 Data Collection

The data set that is used to train the machine-learning model is from an article [13].
HHYV values were obtained from an article using a machine-learning model[14].
The machine learning model's parameters were the dataset that was used to estimate
biocrude oil yield. After that, the data was checked to make sure it was good and
consistent. Then the data was put on the same scale so that it is easy to process the
data. The data was scaled using the min-max scaler, as described in Equation 4.1.
After scaling, the data was split into two parts: a training dataset and a test dataset.
Both datasets were saved on a hard drive for later use. Consequently, all models
used in this study were trained on the same training dataset and tested on the same
test dataset. This data then was used to train our model to predict bio-crude oil
production. Finally, the model's ability to make predictions based on what it has
learned has been examined. This study’s goal is to find a reliable way to predict

bio-crude oil using machine learning.

X — Xmin
Xscaled =~ _ (4.1)
Xmax — Xmin

4.2 Feature Selection
4.2.1 F-Test

The F-test stands as a pivotal tool in statistical analysis, especially within regression
analysis. Its primary role is to scrutinize the hypothesis that all model parameters
equate to zero. Ronald A. Fisher pioneered this test, hence the name F-test, and its
foundation lies in the ratio of variances. Formally, the F-statistic is given by the
ratio of the explained variance to the unexplained variance, as represented by the
equation 4.2 [15].



(Explained Variance)

- 4.2
(Unexplained variance) (4.2)

In regression analysis, a widely used rule of thumb is that if the F-value is greater
than 2.5, it is reasonable to reject the null hypothesis. If the model gives a result

that is not zero, then there must be something in the model that is not zero [15].

Interestingly, the F-test offers a means to convert R2, a measure of the proportion
of the variance in the dependent variable that is predictable from the independent
variables, into a test statistic. This conversion takes the form of a ratio between the
average explained variance and the average residual variance. When the
explanatory variables collectively fail to augment the fit of a baseline model beyond
what might be due to chance, this statistic adheres to an F-distribution. It's worth
noting that this reference is not derived from the raw observed data but from a
summary measure thereof. Essentially, this comparison contrasts the estimated
systematic model against a rudimentary model, typically the mean of the dependent
variable Y [16].

However, the choice of this baseline model often stirs debate. Adopting the mean
of Y as a model essentially assumes independence between all independent
variables X and the outcome Y. Such an assumption, while sometimes useful, can
be overly simplistic. In reality, it might be unrealistic to expect Y to be completely
independent of all X variables. Thus, the F-test's effectiveness as a goodness-of-fit
measure is somewhat tempered by its reliance on an arbitrary or situation-dependent
baseline model. Unlike traditional goodness-of-fit tests that use observed data as
their natural baseline, the F-test operates more as a model comparison tool.
Therefore, while it serves as a model test, the F-test doesn't quite fit the mould of a

pure goodness-of-fit test [16].

The F test was used to evaluate the relationship between bio-crude oil yield and
individual parameters. It is worth mentioning that the significance of the parameters
in terms of their impact on the bio-crude oil yield is more than 5. Therefore, these
parameters were maintained, and its performance was verified. Figure 5.11 shows
that there is a significant relationship between biocrude oil yield and the other

variables.



4.3 Machine Learning

Machine learning has programs that can adjust its performance based on accurate
data. Tests were performed using parametric models with adaptive regression.
Machine learning is a branch of artificial intelligence (Al) that includes three main
categories: supervised learning, unsupervised learning, and reinforcement

learning[17].

The learning method consists of algorithms that learn by collecting examples and
presenting each input. Supervised learning includes logistic regression, support
vector machines, decision trees, and random forests. Unsupervised learning
involves algorithms that learn from anonymous examples and evaluate data based
on statistical, geometric, or similar patterns. For example, the word k means that

combination and speed estimation can be discussed [17].

Reinforcement learning relies on feedback to improve problem-solving. In this
case, criticism will show you the quality of your solution, but not how you can
improve it. This research specifically focuses on evaluating machine learning in
deployment. The first step as a data scientist is to define the problem you want to
solve. Select the appropriate method based on the type of response desired [17].

4.3.1 Decision Tree

A decision tree is a method used to approximate discrete objective functions,
representing the learned function in the form of a tree structure. In this technique,
instances are classified by ordering them from root to specific leaf nodes based on
their property values. At each node, a decision or test condition is made for an
instance attribute, with each branch representing a possible value for that element.
The classification process begins at the root node, known as the decision node,
where the tree traverses down along the edge corresponding to the output value of
the feature test. This traversal continues in the subtree, headed by a new node at the
end of the previous edge until a leaf node is reached, which denotes the final

decision or classification category [18].

The key goal when using a decision tree is to determine the best classifier attribute
at the level of each node. This decision is often based on statistical measures such
as information gain, Gini index, chi-square, and entropy, which are calculated for

each node to assess its fitness. Various algorithms are used to implement decision
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trees, including classification and regression tree (CART), iterative dichotomizer 3
(ID3), automatic interaction detection (CHAID), chi-square C4.5 and C5.0, and
M5. These algorithms help construct decision trees that accurately represent the
underlying relationships in the data, making them effective tools for classification

and decision-making tasks in machine learning and data analysis [18].
4.3.1.1 Random Forest

In a regression and classification model, the use of random forests involves training
multiple tree predictors for particular data sets. By averaging the results of all trees,
predictions are made without excessive fitting [8]. The RF regression method uses
bootstrapped samples and multiple regression trees to be split. Each tree is
constructed from a random subset of input variables. Maximizing RMSE on the
training set helps to determine how parameters should be tuned for accurate

prediction, including the number of trees and input variables per node [9].

Bagging is used to generate training data in RF regression, which involves growing
trees with randomized variable selection at each node. Trees can be pruned to their
maximum height without harm, as they are guided by the Gini Index’s guideline on
variable selection. Numbers are generated by using user-defined parameters,
including the number of variables and trees. Reliability and accuracy are ensured

by the averaged generalization error in regression tasks [10].
4.3.2 K-Nearest Neighborhood

Classification and regression problems in data science and machine learning are
frequently tackled using the KNN algorithm. It operates by identifying the data
points that are nearest to a given point and then categorizing or forecasting using
the majority class or average value among its closest neighbors. The non-parametric
nature of KNN, along with its simplicity and effectiveness, makes it a good fit for
tasks that require little knowledge of the data structure. The selection of the optimal
number of neighbors (K) and distance measure can have a significant impact on its
performance. Additionally, KNN's drawbacks involve computational time, memory
requirements, and the difficulty of determining the optimal distance function, which
has been tackled by techniques such as ensemble learning and dataset reduction
[19], [20].



The k Nearest Neighbor algorithm (kNN) is also used for classification and
regression, which works by finding the nearest neighbors of a given data point. It
uses the values of its nearest neighbors to predict continuous values in KNN
regression. The algorithm's need to store all training data for testing can result in
slow execution and excessive memory usage, especially when dealing with large
datasets. The main area of research is KNN classification, with little attention given

to studying neoclassical data or applying it in a regression model [21].
4.3.3 XGBoost

The XGBoost ensemble learning algorithm's flexibility, predictability, scalability
and efficiency have made it a topic of interest in machine learning and data mining
[22].

To address data imbalances, researchers have been exploring ways to use XGBoost
in conjunction with techniques such as SMOTE and EasyEnsemble to optimize
detection and classification tasks. Due to the diverse data distributions, XGBoost
often fails to provide optimal results when mixed with over-sampling and under-

sampling methods [22].

XGBoost's success is due to its ability to scale and accelerate. In contrast to other
popular solutions, it operates at a much faster rate and can process billions of
examples even in memory-limited or distributed environments. The scalability is
made possible by various optimizations, such as a novel tree learning algorithm for
sparse data, utilizing a ‘weighted' quantile sketch procedure to handle instance
weights and parallel/distributed computing methods [23].

The objective function of XGBoost is composed of an inherent loss function, a
regularization term, and specialized complexity control to prevent overfitting. Each
sample's value is then iteratively determined from the contribution of each tree and
its prediction of another. By applying a Taylor expansion to the loss function in
regressive time, one can express the objective function using gradient and Hessian
values. To control model complexity and optimize the contribution of trees, these

values are used during training to update the parameters and reduce loss [24].
4.3.4 Gaussian Process Regressor

Gaussian Processes (GP), a flexible nonparametric supervised learning technique

utilized for regression and probabilistic classification tasks. GP has benefits such as

10



the ability to estimate values between known data points, provide predictions with
associated probabilities, and adjust the parameters of the kernel function. However,
its usage is constrained by the lack of sparsity and reduced efficiency in high-

dimensional spaces, which restricts its usefulness in specific situations [25].

Gaussian Process Regressor (GPR) is a significant instrument in scientific research,
relying on mathematical principles that are fundamental for modelling functions in
disciplines such as chemistry and physics. Scientists utilize interpolation and
regression methods to connect data points and create continuous function
representations, enabling them to comprehend intricate quantum phenomena and

gas-particle interactions [26].

The Gaussian Process Regressor is a crucial tool for applying Gaussian processes
in regression tasks. GP, or Gaussian Process, uses prior knowledge and covariance
functions to find the best parameters and maximize the likelihood of the data. This
allows it to make predictions with both the mean and the standard deviation of the
data. the model is designed to handle noise level requirements and surpasses
standard estimators by allowing prediction without prior fitting and providing

techniques for selecting hyperparameters [25].
4.3.5 Artificial Neural Network

Artificial Neural Networks (ANNSs) replicate the human brain’s information
processing, learning from past experiences to identify patterns within data [27].
Chemists are increasingly utilizing ANNSs to investigate intricate relationships
among multiple variables, capitalizing on their capacity to handle nonlinear

dependencies proficiently [28].

Although ANNs can accurately depict linear relationships, traditional statistical
methods may often outperform them [28]. Therefore, it is recommended to combine
ANNs with conventional statistical methods, particularly when the relationships
between variables are not clearly defined [28].

ANNSs are composed of interconnected neurons that process input data through
layers, ultimately producing output estimations [29]. These networks possess the
ability to perform multiple tasks simultaneously, which enhances the efficiency of
data analysis [29].
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One practical benefit of ANNSs is their ability to adapt to hardware, which simplifies
data processing [29].

To sum up, ANNSs are a powerful tool for analyzing data in analytical chemistry, as

they can effectively uncover intricate connections within the data.

4.4 Validation Method

To address the issue of overfitting, which frequently arises in predictive modelling,
model validation experts utilize various techniques. The common method is to split
the available data into three different groups: the training set, the validation set, and
the testing set, which is also known as the holdout method [30]. Figure 4.2

represents how the data split, trained and validated.

Figure 4.1 Train, test and validation split.[31]

The training set is the starting point for creating diverse models, each with its
structure and intricacy. After creating the model, the validation set is vital in
choosing the model with the least prediction error, which is commonly referred to

as the training error [30].

The selected model is subjected to thorough assessment using the testing set, which

is not used during the model development phase. This self-evaluation identifies the
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model's ability to generalize or its error rate on data it has not seen before, offering
valuable information about its predictive capabilities [30].

4.4.1 Cross Validation

Cross-validation enables us to evaluate the model's performance without relying on
the same data that was used during training. The avoidance of overfitting ensures
that a model can accurately recall training data without any issues when it needs to
be updated [31].

Using the "folds," the dataset is divided into various groups for testing and training,
which are then further divided by k-fold cross-validation. Repeating this process
multiple times allows us to estimate the model's performance. LOOCV (Leave-
One-Out cross-validation) is a testing technique that requires the use of every data

point once, but it is known to be both unbiased and computationally expensive [32].

All Data

Training data Test data

Fold1 || Fold 2 ‘FoldS ' Fold4 | Fold5 |\

Spiit1 | Fold1l || Fold2 | Fold3 | Folda | Folds

Split 2 Fold 1

Fold 2 \ Fold3 | Fold4 | Fold5

Fold2 || Fold3 || Fold4 | Fold5 |

Split4  Fold1 || Fold2 | Fold3 || Fold4 | Folds

> Finding Parameters
Spiit3 | Fold1 |

Spiit5  Fold1 || Fold2 | Fold3 | Fold4 || Fold5

Final evaluation ‘[ Test data

Figure 4.2 Cross-validation splits [31]

Choosing how to measure a model is important. There exist methods that can be
misleading in their effectiveness. A single test may not accurately reflect the results
of others. Comparing different models can be more complex by using all the

predicted values at once when calculating performance metrics [32].

13



Although cross-validation was first utilized for evaluating linear regression models,
it has since become a common practice for testing various model types. The primary
aim is to minimize overfitting and measure the applicability of a model when new
data is provided. Without requiring new data validation, it is possible to estimate
the model's performance through cross-validation [33]. Figure 4.2 shows how cross
validation works with 5 folds. This study was used 10-fold cross validation to train

all models.

4.5 Hyperparameter Optimization

BayesSearchCV conducts Bayesian optimization on hyperparameters. This tool
provides several methods such as "fit" and "score". If the chosen estimator supports

them, it also offers additional methods [34].

The hyperparameters for the estimator are optimized through a cross-validated
search of parameter settings. A fixed number of parameter settings are sampled
from specified distributions, and the number of parameter settings tested is

determined by n_iter [34].

Table 4.1 Hyperparameter search rangeindicates hyperparameters search range.
Bayes search cv was used to search the best hyperparameters during the training.

200 iterations had done for each model.

Table 4.1 Hyperparameter search range

Model Hyper Parameter Search Range

Name

XGBOOST 'n_estimators":from 1 to 150,
'max_depth': from 5 to 10,

'gamma’: from 1 to 12,

'reg_alpha' : from 40 to 180,

'reg_lambda' : from O to 10,

'colsample bytree' : from 0,5 to 1,0,
'min_child weight' : from 0 to 10,

'seed': from 5 to 15,

'eta' : [0.3,0.2,0.1,0.05,0.01,0.0001,None],

'subsample’ : from 5 to 10,
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Table 4.1 Hyperparameter search range (Continued...)

KNN e 'n_neighbors": from 1 to 100,

e 'weights':['uniform','distance'],

e ‘algorithm':['auto', 'ball tree', 'kd tree', 'brute'],
e 'leaf size": from 1 to 100,

e p:[12],
e 'metric:['minkowski','cityblock’,'euclidean’,'11','12','manhattan’
I,
ANN e Dense(units= Increasing by five from 100 to 300.,

activation= ["relu","leaky relu","tanh"]),

e Dropout( Increasing by 0,1 from 0 to 0,5),
e Dense(units= Increasing by five from 0 to 270,

activation=

nn nn

["relu","sigmoid","leaky relu","exponential","sigmoid","tanh"]),

e Dense(activation= ["relu","leaky relu","sigmoid","tanh"]))

e Compile(optimizer=["RMSprop","Nadam"]))

Rando e 'n_estimators': from 1 to 150,

m e 'criterion':['squared error', 'absolute error', 'friedman mse',
'poisson'],

Forest e 'max_depth":from 1 to 20 and None,

e 'min_samples_split": from 2 to 10,

GPR e 'kernel type':  [RBF', 'Matern', 'RationalQuadratic',
'DotProduct WhiteKernel Exp']),

e 'constant: from le-2 to 1le+2),

e 'length scale': from le-2 to le+2),

e ‘'alpha": from le-11 to le+2),

e 'exponent': from 1 to 5,

e 'n_restarts_optimizer": from 0 to 10

4.6 Performance Metrics

When assessing ML regression models, performance metrics are crucial as they

compare the model predictions with the actual test data. this sentence: Metrics like
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mean squared error, mean absolute error, Pearson correlation coefficient, and
coefficient of determination are commonly applied for this objective [35]. While
loss functions are used to train models, performance metrics are used to assess the

accuracy of the trained models [35].

Regression performance can be measured using functions such as
mean_squared_error, r2_score, and explained_variance_score from the
sklearn.metrics module [35]. These methods provide adaptability in managing
multioutput scenarios and permit diverse averaging techniques. It is worth noting
that r2_score and explained_variance_score can be given more importance by
weighting them based on their variance, which can highlight the significance of

variables with higher variance variables [36].

To accurately assess machine learning models, it is crucial to select appropriate
performance metrics. The choice of metric varies depending on the goal of the task,
and each metric has a specific function. this sentence: Combined metrics like SAR
can offer a holistic view of algorithm performance, while RMSE remains a reliable

choice for regression tasks [37],[35].
4.6.1 R? Score

R2 is a term that indicates how well a regression model matches the data. It shows
how close the regression line is to the real data points. The value of R2 is essential

in forecasting future results or validating hypotheses in statistical models [35],[38].

R2 shows how much of the variation in the outcome (y) can be attributed to the
factors that are included in the model. This ratio offers an understanding of how

well the model fits the data and how well it can predict new, unseen data [35].

Nevertheless, R2 is not a universal measure, as it can give different results
depending on the data used. A perfect R2 score means that the model explains all
the variation in the y variable, while a negative score means that the model predicts

lower y values than a simple model that always predicts the mean y value.

It's important to remember that if the residuals from a prediction model have a mean

of zero, the R2 score is the same as the Explained Variance score [35].

In summary, R2 indicates the extent to which a regression model captures the
variation in the data. Although it provides valuable information about model
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performance, comparing results across various datasets may not always be valid

due to its dependence on the specific dataset used [35].
4.6.2 Root Mean Square Error (RMSE)

RMSE, which stands for Root Mean Square Error, is a fundamental measurement
utilized in various fields to evaluate the effectiveness of models (5). It is derived
from the Mean Squared Error (MSE) by taking the square root, resulting in a unit
of measurement equivalent to the predicted values. This characteristic makes
RMSE a suitable metric for evaluating model accuracy in cases where the errors are
normally distributed [39].

Due to its squared nature, RMSE penalizes larger errors and reflects their impact
on the overall error. Therefore, the value of RMSE can vary depending on the
distribution of error magnitudes and the size of the sample (5). Despite being
sensitive to error variance, RMSE remains a widely used metric for model
evaluation due to its ability to provide insights into the overall error magnitude and
distribution [39].

It is important to note that RMSE is a standalone metric with its unique advantages
and interpretation. As a distance metric, RMSE also satisfies the triangle inequality

requirement, further validating its role as a robust evaluation tool [39].

In conclusion, RMSE plays a crucial role in assessing model accuracy, particularly
effective in cases where the errors follow a normal distribution. Its calculation and

interpretation offer valuable insights into the performance of the model [39].

R2 and RMSE metrics used to measure the model's success are shown in equations
4.3 and 4.4 [12].

2?:1(yPred,i - yExp,i)2

R* =1 (4.3)
n 2
i=1(yExp,i - yExp,average)
n 2
RMSE = Zizl(ypred,i - yexp,i) (4.4)
n
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5

RESULTS AND DISCUSSION

5.1 Feature Selection

The dataset that it has used to train the models includes HHV values. It makes this

study unique.

The HHV values were obtained synthetically from an

article.[14]Before the training, the F-Test was used to see the relationship between

train values and biocrude oil yield. Figure 5.4 is a box plot obtained from the dataset

after the dataset scaled.
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Figure 5.3 Van Krevelen Diagram. The colour scale shows biocrude oil yield.

Darker means higher value and vice versa.
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Figure 5.4 Box plot for each feature. The box plot was created with scaled data.

5.2 Estimation of Biocrude Oil Yield by Machine Learning

Our research focused on using machine learning techniques to predict bio-crude oil,
and we discovered some important findings. Among the multivariate models used,
the xgboost and random forest showed good results with an index R2 value of 0.86
and an R? value of 0.99 for the entire dataset. This shows that it is effective at
capturing local data patterns, making it a good choice for predictive work in this
area. Additionally, xgboost model achieved the lowest root mean square error
(RMSE) of 0.067, further highlighting its accuracy in predicting bio-crude oil.

Table 5.2 indicates the model’s metrics.
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Table 5.2 Model Metrics

Model Name HyperParameter Test Test Train Train Entire Entire
Optimization R"2 RMSE | R”*2 RMSE Dateset R2 Dataset
RMSE

K-Nearest BayesSearchCV; 0,85 0,066 0,99 0,019 0,97 0,033
Neighborhood iterations=200;
CV=10
Random BayesSearchCV; 0,85 0,069 0,96 0,037 0,93 0,045
Forest iterations=200;
CV=10
XGBoost BayesSearchCV; 0,86 0,067 0,99 0,019 0,97 0,034
iterations=200;
CV=10
GPR BayesSearchCV; 0,84 0,071 0,99 0,022 0,96 0,037
iterations=200;
CV=10
ANN BayesSearchCV; 0,81 0,077 0,95 0,042 0,92 0,051
iterations=200;
CV=10

The random forest model also performed well, with the test R2 value of 0.85 and an
R2 value of the entire dataset of 0.96 In addition, it is similar xgboost model in terms
of performance, its ability to learn data is obvious. However, it is worth noting that
the random forest model reports a higher RMSE of 0.069 compared to the xgboost

model

Similarly, the XGBoost model, given the results, offers a slightly lower R? value of
0.86. Its RMSE is 0.067, still one of the best ones in the comparison.

The GPR algorithm's performance is in between the other models. 0.84 R"2 value
and 0.071 RMSE value make the model worthwhile as much as the other machine

learning algorithms in this study.

ANN model shows relatively low performance against the other models. The R?
and RMSE values are 0.81 and 0.077, respectively. Machine learning algorithms
may be more beneficial for biocrude oil yield estimation. For the reason that,
training machine learning algorithms consume fewer sources than neural networks.

[40] Moreover, machine learning algorithms run faster than neural networks [40].
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These findings highlight the importance of using multiple methods to understand
bio-crude oil prediction. By knowing the advantages and disadvantages of each
model, we can improve the accuracy of prediction and lay a foundation for future
research in prediction models and data analysis in the field of bio-crude oil
prediction. Overall, our study provides useful information that can inform practical
applications and further research in this field.

Avan Krevelen diagram is a graphical representation of organic matter composition
based on the ratios of hydrogen-to-carbon (H/C) and oxygen-to-carbon (O/C). It
allows for visualization of the elemental composition of organic compounds, aiding
in the characterization of natural organic material. Researchers use van Krevelen
diagrams to understand natural organic material diversity, identify chemical classes,
and compare samples across different studies. Its utility lies in providing insights
into natural organic material composition and facilitating the interpretation of
complex data in characterization studies [41]. The dataset that is used to train in this

study is characterized in Figure 5.3.
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Predicted

047

0.0+

Figure 5.5 Subfigure (a) illustrates the comparison between the predicted values
and the actual observed values for the test dataset using the Xgboost algorithm.

Subfigure (b) shows the same comparison for the training dataset.
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Figure 5.6 Subfigure (a) illustrates the comparison between the predicted values
and the actual observed values for the test dataset using the K-Nearest Neighbors
(KNN) algorithm. Subfigure (b) shows the same comparison for the training

dataset.

081
0.8

061
0.6

Predicted
Predicted

041 04

027 02

007 0.0

0.0 02 04 0.6 0.8 10 0.0 02 04 06 08 10
Actual Actual

Figure 5.7 Subfigure (a) illustrates the comparison between the predicted values
and the actual observed values for the test dataset using the Artificial Neural
Network (ANN) algorithm. Subfigure (b) shows the same comparison for the

training dataset.
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Figure 5.8 Subfigure (a) illustrates the comparison between the predicted values
and the actual observed values for the test dataset using the Gaussian Process
Regressor (GPR) algorithm. Subfigure (b) shows the same comparison for the

training dataset.
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Figure 5.9 Subfigure (a) illustrates the comparison between the predicted values
and the actual observed values for the test dataset using the Random Forest (RF)

algorithm. Subfigure (b) shows the same comparison for the training dataset.
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Figure 5.10 Subfigure (a) illustrates the comparison between the predicted values
and the actual observed values for the test dataset using the Gaussian Process
Regressor (GPR) algorithm. Subfigure (b) shows the same comparison for the

training dataset.

When discussing the prediction of bio-crude oil production through machine
learning, we delve into the complex processes based on biomarkers and biomass
properties. Factors such as final analysis and process failure play an important role
in accurately predicting results. Machine learning techniques such as random
forests and decision trees help show relationships between these factors, improving

prediction accuracy.

We use large amounts of training data and powerful validation tools to ensure the
reliability of the machine-learning model. Despite these efforts, challenges remain,
including limitations related to data availability and translation issues. However,
machine learning models consistently outperform traditional methods regarding

accuracy and adaptability.

The discussion highlighted the importance of accurately predicting biofuel
production to optimize biomass conversion and achieve usage targets. Electricity
continues. It highlights the need for collaborative collaboration and the use of
advances in machine learning to solve problems and promote effective solutions.
By addressing these problems, we can pave the way for more efficient and green

energy.
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Table 5.3 Models and the model's results. NP*: Not provided, it shows the study
does not provide the information.

Data Dataset | Method Fuel Validation | Performance Year Ref.
Size Class Method Metric
250 UP PCA+ML Biomass | 10-CV R2=0.8 2023 [10]
RMSE=0.005
325 UP XGB Biomass | 10-CV R2=0.87 2022 [11]
RMSE=0.0446
325 UP Random Biomass | 10-CV R2=0,84 2022 [11]
Forest RMSE=0,0487
325 UP Kernel Biomass | 10-CV R2=0,82 2022 [11]
Ridge RMSE=0,0878
Regression
325 UP Support Biomass | 10-CV R2=0,85 2022 [11]
& RMSE=0,0474
Machine
448 UP GBR Biomass | 5-CV R2=0.9 2021 [12]

RMSE=0.00614

36 P Multi- Biomass | NP* R2=95.62 2018 [42]
Component
Linear
Additivity
Model

652 UP GPR Biomass | 5-CV R2=92.6 2022 [13]

MAE<0.031

NP* up Nonlinear | Biomass | NP” R2=94.3 2019 | [43]

Regression
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Table 5.3 Models and the model's results. NP*: Not provided, it shows the

study does not provide the information. (Continued...)

NP* u Nonlinear | Biomass | NP” R2=98.1 2018 | [44]
Regression
652 UP KNN Biomass | 10-CV R2=97.0 2024 This
RMSE=0.034 Study
652 UP Random Biomass | 10-CV R2=0.93 2024 This
Forest RMSE=0 045 Study
652 uUpP Xgboost Biomass | 10-CV R2=0.97 2024 This
RMSE=0.034 Study
652 UP GPR Biomass | 10-CV R2=0.96 2024 This
RMSE=0.037 Study
652 UpP ANN Biomass | 10-CV R2=0.92 2024 This
RMSE0.051 Study

5.3 Feature Selection
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Figure 5.11 F-test result

26




Figure 5.12 represents a correlation between variables. The scale ranges from 0.0
to 1.0. High value means high correlation and vice versa. It helps to determine

whether or not to keep variables in the model.
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Figure 5.13 This SHAP graph for the XGBoost model shows each feature's
impact on predictions. Higher SHAP values indicate greater influence, with red
representing high feature values and blue representing low values.
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Figure 5.14 This SAGE graph for the XGBoost model illustrates the global
importance of each feature. Higher values indicate greater overall influence on the
model's predictions, providing insight into the contribution of each feature to the

model's performance.
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Figure 5.15 This SHAP graph for the K-Nearest Neighbor (KNN) model shows
each feature's impact on predictions. Higher SHAP values indicate greater
influence, with red representing high feature values and blue representing low

values.
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Figure 5.16 This SAGE graph for the K-Nearest Neighbor (KNN) model
illustrates the global importance of each feature. Higher values indicate greater
overall influence on the model's predictions, providing insight into the

contribution of each feature to the model's performance.
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Figure 5.17 This SHAP graph for the Artificial Neural Network (ANN) model
shows each feature's impact on predictions. Higher SHAP values indicate greater
influence, with red representing high feature values and blue representing low

values.

C (wt%) 1

H (wt%) 1

N (wt%) 4

0 (wt)

S (Wt%) 1

Ash (%)

HHY

Temprature (°C) q

Pressure (MPa)

ResidenceTime (min) -
0.000 D.OIDS 0.6].0 0.615 0.620 0.0|25 0.0|30 0.635 0.640

Impertance of Features

Figure 5.18 This SAGE graph for the Artificial Neural Network (ANN) model
illustrates the global importance of each feature. Higher values indicate greater
overall influence on the model's predictions, providing insight into the

contribution of each feature to the model's performance.
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Figure 5.19 This SHAP graph for the Gaussian Process Regressor (GPR) model
shows each feature's impact on predictions. Higher SHAP values indicate greater
influence, with red representing high feature values and blue representing low

values.
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Figure 5.20 This SAGE graph for the Gaussian Process Regressor (GPR) model
illustrates the global importance of each feature. Higher values indicate greater
overall influence on the model's predictions, providing insight into the

contribution of each feature to the model's performance.
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Figure 5.21 This SHAP graph for the Random Forest (RF) model shows each
feature's impact on predictions. Higher SHAP values indicate greater influence,

with red representing high feature values and blue representing low values.
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Figure 5.22 This SAGE graph for the Random Forest (RF) model illustrates the
global importance of each feature. Higher values indicate greater overall influence
on the model's predictions, providing insight into the contribution of each feature
to the model's performance.
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SHAP (SHapley Additive exPlanations) and SAGE (Shapley Additive Global
importancE) are techniques rooted in game theory that aid in interpreting machine
learning models. SHAP provides insights by merging optimal credit distribution
with localized explanations using foundational Shapley values and their extensions.
Similarly, SAGE measures each feature's importance by evaluating its contribution
to predictive power and accounts for complex feature interactions with Shapley
values. Both methods offer a comprehensive understanding of model behavior

through a game-theoretic lens [45],[46].

The SHAP value graph for the XGBoost model (Figure 5.13) indicates that HHV is
the fifth most important feature. In Figure 5.15, it is the second most important
feature. Figure 5.21 and Figure 5.19 display the same results. The SHAP graphs
reveal that HHV values are as significant for the models as other features. However,

Figure 5.17 is an exception, showing lower importance for HHV.

Figure 5.14 also serves as the SAGE graph for the XGBoost model, confirming that
HHYV values are as important as other features. Figure 5.22, Figure 5.20, and Figure
5.16 follow the same pattern. In contrast, Figure 5.18 shows relatively lower
importance for HHV. According to the Table 5.3 Models and the model's results.,
the ANN model's performance is slightly lower than that of the other models. This

demonstrates that HHV values positively impact the models.
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CONCLUSION

In conclusion, our research on bio-crude oil prediction using machine learning
shows some important findings. We find that different modelling approaches
generally perform similarly. However, the random forest model stands out as the
best-performing model by showing the highest Test R2 value among all models.
This shows that its strong ability to understand social data is the best choice for

predictive work in this context.

On the other hand, the K-Nearest Neighbor (KNN) model is also effective in
creating good models by capturing local information reflected in the highest R2
values. These results highlight the importance of using different models to gain a

better understanding and make informed decisions.

By knowing the advantages and disadvantages of each model, we can improve the
accuracy of predictions and provide a basis for future modelling and research. Our
results contribute to the advancement of technology in the estimation of bio-crude

oil, providing practical use and insight for further research in this field.
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