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ABSTRACT

Accurate prediction of fuel consumption is crucial for effective energy management, cost optimization
and environmental pollution management in the food processing industry in Nigeria. Machine learning
models have shown promise in various domains for predicting and optimizing fuel and energy
consumption. This research under the CRISP-DM methodology, compared the performance of three
machine learning models which include Artificial Neural Networks, Support Vector Machines and
Random Forest in predicting fuel consumption in energy generation in a food processing industry in
Nigeria.

This research was conducted using historical data on fuel consumption and independent variables such
as energy generated, gas consumption, gas pressure, etc. collected over 2 years from Flour Mills of
Nigeria Plc.

The performance of the predicted models was evaluated based on Root Mean Square Error (RMSE),
Mean Square Error (MSE) and R Square evaluation metrics. The Random Forest Model performed best
across most metrics, with the lowest RMSE (8124.62 & 26061.43) and MSE (6.6E+07 & 6.8E+08) on
both training and testing data, and a relatively high R-squared value (0.93 & 0.52). The ANN Model
performed reasonably well, but the SVM Model had a comparatively poorer performance.
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CHAPTER ONE

INTRODUCTION

1.1 BACKGROUND

The food processing industry in Nigeria is a major consumer of energy, relying on fuel for various
processes such as heating, cooking, and powering machinery. The prediction of fuel consumption in
this industry is a complex task due to the interplay of multiple factors. These factors include the
production volume, gas pressure, efficiency of power generating equipment, and the specific energy
consumption requirements of different food processing operations. Accurate and reliable prediction of
fuel consumption can enable energy managers to make informed decisions, such as adjusting
production schedules, optimizing fuel allocation, and implementing energy-saving measures.

According to (Statista n.d.), Natural gas is by far the most common source for electricity production
in Nigeria and in 2020, 77% of the country's electricity generation was derived from this source. The
environmental pollution caused by using fossil fuels also has negative impacts on human health and
the natural environment. According to the (WHO 2021), air pollution caused by the burning of fossil
fuels is responsible for 7 million premature deaths each year. Additionally, fossil fuel production and
transport can lead to environmental disasters such as oil spills, which can have long-lasting ecological
and economic impacts (National Academies of Sciences, 2015).

The high cost of energy consumption and the negative impact of fossil fuel usage on the
environment have led to a need for the development of sustainable energy solutions for the food
processing industry. By using machine learning models to predict fuel consumption, energy
consumption can be optimized, leading to cost reduction and a reduction in the environmental impact
of the industry (Garcia-Martin et al., 2019). This is in line with the United Nations Sustainable
Development Goals (SDGs), which emphasizes the need for sustainable industrialization and energy

production (United Nations, 2015). Specifically, this study aims to contribute to SDG 7 (Affordable and
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Clean Energy) and SDG 9 (Industry, Innovation, and Infrastructure) by promoting sustainable energy

use in the food processing industry in Nigeria.

1.2 MOTIVATION

The food processing industry is one of the largest consumers of energy in Nigeria, with fuel
consumption being a significant contributor to the industry's operating costs (Nkoro, lkue-John and .
Joshua, 2019). However, the industry is highly energy-intensive, relying mainly on fossil fuels for
energy generation, which not only leads to high energy costs but also contributes to environmental
pollution and climate change. The lack of efficient energy management strategies in the industry
further exacerbates the situation. Therefore, there is a need to accurately predict fuel consumption for
energy generation in the food processing industry in Nigeria, which can be used to optimize cost,

improve energy management, and reduce the industry's environmental impact.

1.3 RESEARCH QUESTIONS

1. What are the key factors that influence fuel consumption in Flour Mills of Nigeria Plc?

2. How do Artificial Neural Network, Support Vector Machines and Random Forest machine
learning models compare in terms of Root Mean Square Error (RMSE), Mean Square Error
(MSE) and R Square in predicting fuel consumption in energy generation in the food
processing industry in Nigeria?

3. Which machine learning model is best suited in predicting fuel consumption in energy
generation in the food processing industry in Nigeria?

4. How can the predictions be used to optimize fuel usage and reduce costs in the food

producing industry and other domains?
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1.4 RESEARCH AIM AND OBJECTIVES
The study’s aim was to compare 3 machine learning models and select the best performing model
that can be used in the prediction of fuel consumption in energy generation in the food processing
industry in Nigeria. This was accomplished through conducting a comparative analysis of three
different machine learning models. The analysis adhered to the CRIPS_DM methodology to determine
the model that exhibited a better performance based on the given data.
The specific objectives of the study were:
e To collect historical data on fuel consumption and energy generation in a food processing
industry in Nigeria
e To explore the suitability of different machine learning techniques for predicting fuel
consumption in energy generation.
e To compare the performance of Artificial Neural Network, Support Vector Machines and
Random Forest machine learning models using Root Mean Square Error (RMSE), Mean Square
Error (MSE) and R Square evaluation metrics.
e To provide recommendations for effective fuel consumption management in the food

processing industry in Nigeria.

1.5 RESEARCH DESIGN

This study employed a correlational quantitative research approach and implemented the CRISP
DM methodology.

The CRISP-DM (Cross-Industry Standard Process for Data Mining) methodology is a widely accepted
approach that offers a structured framework for conducting data-driven projects. It encompasses
various stages, such as defining business objectives, exploring and analyzing data, constructing and

evaluating models, and deploying the results (Bbhmova and Chudan, 2018).
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CRISP-DM possesses various characteristics that make it valuable for prediction tasks. It offers a
generic process model that outlines the fundamental structure and dimensions of the methodology.
This generic model can be tailored to fit specific contexts and requirements. Figure 1 outlines the
different phases of the methodology and their interrelationships, which helps in justifying the success

of predictions (Solano et al., 2022).

Business - Data
Understanding == Understanding

Data
Preparation

1

Modeling

Deployment

N

Figure 1: CRISP DM Model (Shearer et al., 2000)
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CHAPTER TWO

OVERVIEW

The world has seen a steady increase in the need for energy as demand has grown privately
and industrially. Nigeria is a developing country with a rapidly growing population and economy, and
energy demand is expected to increase significantly in the coming years (World Bank Group, 2020).
Non-renewable energy consisting of oil, coal and natural gas are responsible for emissions of ozone
harming greenhouse gas. Although renewable energy has become a prime focus in recent years, non-
renewable energy still accounts for more than 80% of energy sources (Bahman Zohuri and McDaniel,
2021). Globally, the food industry consumes approximately 200 EJ per year (International Energy
Outlook Executive Summary, 2017), with around 45% of this energy consumption being attributed to
processing and distribution activities (FAO, 2011).

Due to environmental policies and increasing societal concerns, the food manufacturing sector
has already made significant changes to fulfill long-term objectives of reducing energy and water
consumption. These changes include actions such as switching to alternative fuels, investing in energy-
efficient equipment, and adopting low-carbon technologies. Noteworthy initiatives like the "Five-Fold
Environmental Ambition" endorsed by the UK Food and Drink Federation have resulted in a 44%
decrease in CO2 emissions from energy usage in manufacturing, compared to the 1990 baseline,
achieved by 2014 (The Food & Drink Federation, 2019).

The prediction of fuel consumption in this industry is a complex task due to the interplay of
multiple factors. These factors include the production volume, gas pressure, efficiency of power
generating equipment, and the specific energy requirements of different food processing operations.
Accurate and reliable prediction of fuel consumption can enable energy managers to make informed
decisions, such as adjusting production schedules, optimizing fuel allocation, and implementing

energy-saving measures.
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While several studies have explored energy and fuel consumption prediction in different
industries, few have specifically focused on the prediction of fuel consumption for the food processing
industry. In the context of energy generation for the food processing industry in Nigeria, where fuel
consumption plays a significant role, there is a lack of comprehensive comparative studies. Therefore,
this thesis aimed to fill this research gap by evaluating and comparing machine learning models for the
prediction of fuel consumption in energy generation in the Nigerian food processing industry.

In recent years, machine learning has emerged as a powerful tool for predictive modelling, and its
applications have become widespread in various industries (Kelleher and Tierney, 2018). Machine
learning (ML) is a branch of artificial intelligence that enables computer systems to learn and enhance
their performance through experience, without needing to be explicitly programmed (Burns, 2021).
Machine Learning algorithms can analyze large amounts of data and identify patterns, which can be
used to predict future outcomes (Wang et al., 2019). These models can consider several factors, such
as the type of fuel used, the power generated and consumed, and other relevant factors that may

influence fuel consumption which can provide accurate predictions of fuel consumption.

2.1 LITERATURE REVIEW

Advanced machine learning models, including Support Vector Machines (SVM) and artificial neural
networks (ANNs), have been increasingly employed in electricity demand prediction. SVM, with its
ability to capture complex patterns, has demonstrated high predictive accuracy. ANNs, inspired by the
neural structure of the human brain, excel in learning intricate relationships and are powerful tools for
prediction (Ogcu, Demirel and Zaim, 2012). However, ANNs require careful tuning to avoid overfitting
and can be computationally intensive. This research looked to select the following models for

prediction based on their performance in peer reviewed literature in similar domains.
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2.1.1 ARTIFICIAL NEURAL NETWORKS

Artificial Neural Networks (ANNs) are a form of artificial intelligence tool used as an alternative to
traditional analytical methods for data analysis. Their purpose is to develop efficient and accurate
predictive models for studying objects or phenomena (Qi et al., 2018). ANNs are designed to mimic the
structure of the human brain, composed of interconnected neurons and synaptic pathways. Each
neuron in the network can receive input information through multiple variables, but only one
variable's value serves as the output (Cai, Yin and Xie, 2009). According to Park et al. (2020), ANNs have
introduced a fresh approach to fuel consumption prediction. This means that detailed information
about the system is not essential because ANNs learn the relationship between input and output
parameters using historical data. One notable advantage is their capability to handle large and
complex systems that consist of numerous interconnected parameters. ANNs are able to filter out
irrelevant information of lesser significance, focusing on the key factors for accurate prediction.

In the study "Prediction of fuel consumption of mining dump trucks: A neural networks approach,"
Siami-Irdemoosa and Dindarloo (2015) utilized artificial neural networks (ANN) to predict fuel
consumption per cycle of operation. Several explanatory variables, including payload, loading time, idle
time while loaded, travel time while loaded, travel time while empty, and idle time while empty, were
considered. The output variable of interest was the amount of fuel consumed in a single cycle. The
results showed that the mean absolute percentage error (MAPE) of 10% demonstrated the
effectiveness and practicality of using ANN for fuel consumption prediction.

Hu Chaowen and Wei Dong (2015) proposed an ANN-based approach for predicting hourly cooling
load in buildings. The study demonstrated the effectiveness of ANN models in accurately forecasting
cooling load by considering various influencing factors, such as outdoor temperature, solar radiation,
and building characteristics. The ANN approach outperformed traditional statistical models,

highlighting its capability in capturing complex cooling load dynamics.
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The study of (Azadeh, Ghaderi and Sohrabkhani, 2008), presented an algorithm based on the ANN
and ANOVA for forecasting long term electricity consumption in high energy consuming industries,
achieving a high accuracy.

According to the research “Prediction of daily global solar radiation using different machine
learning algorithms” (Agbulut, Girel and Bigen, 2021), four distinct machine learning algorithms,
support vector machine (SVM), artificial neural network (ANN), kernel and nearest-neighbor (k-NN),
and deep learning (DL), were employed. To evaluate the performance of these algorithms, the
researchers discussed seven statistical metrics: rRMSE, MBE, MABE, t-stat, R2, RMSE, and MAPE. The
results indicated that the values of R2, MABE, and RMSE across all algorithms varied between 0.855
and 0.936, 1.870 and 2.328 MJ/m2, and 2.273 and 2.820 MJ/m2, respectively. Among all the
algorithms, k-NN consistently demonstrated the poorest outcomes in terms of R2, RMSE, and MABE
metrics. On the other hand, the ANN algorithm proved to be the most effective fitting algorithm

among all the approaches studied.

2.1.2 SUPPORT VECTOR MACHINE

In recent years, machine learning techniques, such as Support Vector Machine (SVM), have
gained attention due to their ability to handle nonlinear relationships and high-dimensional data.
Support Vector Machines are a machine learning algorithm rooted in statistical learning theory and the
principle of structural risk minimization, initially proposed by Cortes and Vapnik in 1995 (Lin, Lin and
Gu, 2022). Due to their simplicity and versatility in handling various classification problems, Support
Vector Machines (SVMs) offer a unique advantage of achieving well-balanced predictive performance,
even when working with small sample sizes. (Li and Paoli, 2021).

Shao et al. (2020) examined and analyzed the energy consumption patterns in hotel buildings
through the development of a Support Vector Machine (SVM) energy consumption prediction model.

The SVM model utilized weather parameters and operating parameters of the hotel's air-conditioning
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system as input variables. To ensure model prediction stability, the SVM model identified the critical
values of the input parameters by determining the normal distribution interval, thereby mitigating the
impact of outliers. The RBF kernel function was employed as the kernel function of the SVM, and the
accuracy of the model prediction was enhanced by optimizing the kernel parameters. The final model
achieved a Mean Squared Error (MSE) value of 2.22% and an R2 value of 0.94, indicating a high level of
accuracy. The predicted results enabled visual assessment of the hotel's actual energy usage,
facilitating timely suggestions for operational improvements aimed at reducing energy consumption.

Hamed, Khafagy and Badry (2021) used SVM to enhance the accuracy of fuel consumption
prediction to minimize fuel consumption in vehicles. The model was utilized and evaluated using a
dataset from a vehicle's On-Board Diagnostics. The dataset consisted of observations on 18 different
features. The results exhibited improved accuracy, as indicated by a higher R-Squared metric value of
0.97 than other related work using the same Support Vector Machine regression algorithm.

In his paper, Kavaklioglu (2011) considers Turkey’s electricity consumption forecast and used
SVM for regression as the prediction tool. He formulated electricity consumption as a function of
socio-economic indicators like population, imports, exports and Gross National Product. In order to
generate a forecast till 2026, consumption data between 1975 and 2006 is used and as a result it is
stated that consumption in year 2026 is predicted to be about twice the 2006 consumption.
(Khan et al., 2022) used linear, radial basis function networks and polynomial kernels algorithms for
support vector regression (SVR) in the prediction of food factory energy consumption which achieved
an R"2 of 0.88. In their research, (Demolli et al., 2019) achieved an 89% accuracy and 66% F-measure
with Support Vector Machine when forecasting wind power generation.

It is important to note that the performance and accuracy of the SVM model can be influenced
by the selection of appropriate hyperparameters and the quality and representativeness of the training
data. Therefore, it is crucial to carefully tune the hyperparameters and ensure that the dataset

captures a wide range of scenarios and variability in fuel consumption.
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It is important to note that ANNs can be computationally expensive, require careful parameter

tuning, and lack interpretability, especially in deep learning architectures.

2.1.3 RANDOM FOREST

Random Forest is a powerful prediction tool that belongs to the family of ensemble machine
learning algorithms. It combines the strengths of decision trees and bootstrap aggregating (bagging) to
create a robust and accurate prediction model (Qiao et al., 2020). Random Forest has gained
popularity due to its versatility and ability to handle both regression and classification tasks effectively.
It is a versatile and reliable prediction tool that can handle complex datasets, provide robust
predictions, and offer insights into feature importance. It is widely used across various domains,
including finance, healthcare, and environmental sciences, where accurate and interpretable
predictions are required (Le Cornec et al.,, 2020). One key feature of Random Forest is its ability to
handle high-dimensional data with a large number of input variables. It can effectively handle datasets
with thousands of features without overfitting. This is achieved by randomly selecting a subset of
features at each split in the decision trees, reducing the chance of relying too heavily on any single
feature and improving the model's generalization capability.

In previous studies, Random Forest has shown high performance in prediction when compared
with other models. Random Forest achieved an accuracy of 86% against DNN and Logistic regression in
the prediction of electricity consumption in healthcare buildings (Heo et al., 2019).

Chaowen and Dong, (2015) investigated the application of ensemble machine learning
techniques, including Random Forest, for short-term electricity demand forecasting. The study
demonstrated that Random Forest, when combined with other algorithms, yielded accurate and
robust predictions. The ensemble model outperformed individual models and traditional statistical

methods, showcasing the effectiveness of Random Forest in electricity demand prediction.
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In the prediction of the NOx and CO2 emissions from an experimental dual fuel engine (Cesar de Lima
Nogueira et al., 2023), the research was to assess the effectiveness of a newly proposed Random
Forest (RF) model in predicting variables using an original experimental dataset from a diesel engine
modified to operate on both compressed natural gas and diesel fuels. The study aimed to establish a
dependable framework for predicting diesel engine emissions, with the intention of optimizing engine
performance and minimizing emissions. Experiments were conducted on a six-cylinder diesel engine to
evaluate the performance of the Random Forest (RF) model. Different variables affecting engine
efficiency and emissions, including factors like fuel injection angles, air-fuel ratio combinations, rates of
converting diesel to gas, and the pressure in the fuel rail, were studied. The analysis of results
demonstrated that the RF model accurately predicted the output signals of the diesel engine. The
determination coefficients (R2) for the five studied output variables were found to be 0.9811, 0.9276,
0.9516, 0.8842, and 0.8944, respectively. These results highlight the RF regression model's capability to
generate an efficient modeling framework and successfully forecast the output signals of the diesel
engine. Consequently, the study confirms the viability, effectiveness, and competitive performance of
the RF model.

Hassan et al. (2023) in their study introduced ensemble models for prediction of On-Road
Vehicular Emissions and Fuel Consumption based on random forest for urban areas in Greater Cairo,
Egypt. The models were developed using large datasets consisting of precise measurements obtained
from 87 representative passenger cars and 10 typical driving routes. Five Random Forest models were
created to predict fuel consumption, as well as emissions of CO2, CO, NOx, and hydrocarbon. The
results demonstrated the reliability of the Random Forest models in predicting the first four variables,
with the ability to explain up to 97% of the variance in the data. The study also highlighted the relative
importance of different model inputs, with FC being the most influential input (with a relative

importance of over 23%) for predicting CO2, CO, and NOx emissions, followed by engine speed and the
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vehicle category. Lastly, the study showed that the prediction accuracy of all models can be
significantly improved (up to 97.8%) by limiting the training dataset to a specific vehicle category.

Random Forest is computationally efficient and widely used in various domains for its ability to deliver
reliable predictions, but it also has some limitations. Interpretability can be challenging since the
prediction is based on an ensemble of trees rather than a single rule. The black-box nature of Random
Forest makes it difficult to understand the exact relationship between features and the target variable.
Additionally, Random Forest may not perform well with datasets that have strong linear relationships,

as it may not capture them effectively.

2.2 COMPARISON OF MODELS

In choosing the appropriate machine learning tool, one must consider the specific requirements of
the problem. Random Forest may be preferred for its simplicity, interpretability, and robustness. SVM
is suitable when dealing with binary classification tasks or small to medium-sized datasets. ANN is well-
suited for complex problems with large-scale datasets and when the focus is on high predictive
accuracy.

It is important to note that the performance of these machine learning tools can vary depending on
the dataset, problem complexity, and the expertise of the practitioner. Conducting thorough
experimentation and comparing the performance of multiple algorithms is recommended to
determine the most suitable tool for a particular prediction task.

Murrieum, Jafari and Akhavian (2020) in their research on Building Energy Performance Prediction
Using Machine Learning: A Data-Driven Decision-Making Framework for Energy Retrofits, postulated
that the inclusion of social factors, such as the number of guests, led to a slight enhancement in
prediction accuracy for both artificial neural networks (ANN) and random forest (RF) models. In terms

of performance, the ANN model demonstrated a slightly better outcome compared to RF, with a root-
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mean-square error (RMSE) of 4.97 and 6.10, respectively. However, when it comes to handling
complex, multi-dimensional data commonly found in buildings, ensemble-based algorithms, such as
RF, hold an advantage due to their ease of tuning and modeling with categorical variables. RF
incorporates internal cross-validation through the utilization of out-of-bag samples and requires only a
few tuning parameters. Both models exhibit similar predictive capabilities and are equally applicable
for analyzing building energy usage.

Han and Chung (2016) developed two data-driven models to predict and analyze the performance
of a Proton Exchange Membrane (PEM) fuel cell operating solely on pure oxygen. Such a fuel cell has
potential applications as a reliable power source for air-independent operations in underwater
vehicles, spacecraft, unmanned aerial vehicles, and similar systems. The study employed both artificial
neural network (ANN) and support vector machine (SVM) modeling methods to construct nonlinear
empirical models for a 1.2-kW PEM fuel cell stack operating in a dead-end mode with high-pressure
pure hydrogen and oxygen.

A comprehensive dataset was collected through a full factorial design of test operations conducted
on the fuel cell stack. The hyper-parameters of the ANN and SVM models were determined using a 10-
fold cross-validation approach. Results showed that the ANN model exhibited exceptional performance
and outperformed the SVM model in predicting the stack's polarization curves under various operating
conditions. The root mean square errors ranged from 1.8 to 2.9 mV, and the mean absolute
percentage errors ranged from 0.16% to 0.27%. Consequently, the ANN model was selected for
detailed analysis and discussion of the effects of key operating variables, including stack temperature,
reactant inlet pressures, and relative humidity of the supplied oxygen, on the stack's performance.

In a separate study conducted by Cay (2013) [3], engine performance was modeled using Artificial
Neural Networks (ANN). The study focused on gasoline as the fuel source and aimed to predict three
parameters: specific fuel consumption, engine power, and exhaust temperature. However, despite

their application in the study, ANNs are not without limitations. They adhere to the empirical risk
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minimization (ERM) principle, which can result in poor generalization, increased computational
complexity, and a higher risk of overfitting.

Yao et al. (2020) carried out research to enhance fuel consumption monitoring databases by
leveraging mobile phone data. The study utilized data from mobile phone terminals and on-board
diagnostic systems (OBD) installed in taxis. Driving behavior data and fuel consumption data were
extracted from these sources, respectively. By correlating the driving behavior data collected through
mobile phones with the fuel consumption data collected by the OBD, the relationship between driving
behavior and fuel consumption was investigated. This enabled the prediction of vehicle fuel
consumption based on mobile phone data.

The fuel consumption prediction models were constructed using three different approaches:
back propagation (BP) neural network, support vector regression (SVR), and random forests. The
results indicated that certain factors, such as average speed, average speed excluding idle time (ASEl),
average acceleration, average deceleration, acceleration time percentage, deceleration time
percentage, and cruising time percentage, serve as significant indicators for evaluating fuel
consumption. All three models demonstrated accurate fuel consumption predictions, with an absolute
relative error below 10%. The random forest model exhibited the highest accuracy and faster
execution time, making it suitable for broad application. This methodology established a foundation
for improving monitoring databases and enhancing the precise management of fuel consumption in
urban transportation systems.

It is important to note that the performance of these machine learning tools can vary
depending on the dataset, problem complexity, and the expertise of the practitioner. Conducting
thorough experimentation and comparing the performance of multiple algorithms is recommended to

determine the most suitable tool for a particular prediction task.
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CHAPTER THREE

MAIN BODY

The CRISP-DM (Cross-Industry Standard Process for Data Mining) methodology is a structured
approach used in machine learning and data mining projects (B6hmova and Chudan, 2018). It aims to
ensure a systematic and iterative process for developing effective and reliable machine learning

solutions. The defined phases guided the structure of this research.

3.1 BUSINESS UNDERSTANDING

The initial phase of the methodology involves comprehending the project's business trends and
objectives, along with the necessary solutions. Flour Mills of Nigeria Plc is a food and agro-allied
corporation engaged in the production and distribution of a diverse range of food products. Being the
largest food processing industry in Nigeria, it ranks among the significant energy consumers in the food
sector. The aim of this research was to predict fuel consumption in the generation of energy for Flour
Mills’ food production. This can be used to optimize costs, improve energy management, make
alternative fuel sourcing decisions, and reduce the industry's environmental impact.

A key aspect of this phase is defining the machine learning goal, which involves specifying the
type of model (e.g., regression) and setting the success criteria (e.g., Mean Square Error). Additionally,

it was essential to create a mandatory research design.

PROBLEM DATA DATA MODEL MODEL
DEFINITION > COLLECTION > PREPARATION > SELECTION& ' EVALUATION DEPLOYMENT

Figure 2: Research Design

The performance of three distinct machine learning algorithms, namely Artificial Neural Networks,

Support Vector Machines, and Random Forest, were assessed and contrasted and the top-performing
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model was determined by the evaluating metrics Root Mean Squared Error, Mean Squared Error, and

R-squared.

3.2

DATA UNDERSTANDING

This phase involved gathering data from various sources, conducting exploration and description of

the data, and ensuring data quality checks. It also involved using statistical analysis and visualization to

identify attributes and their correlations within the dataset.

The data for this study was obtained from Flour Mills of Nigeria Plc's power generation and

distribution unit. The dataset consisted of daily records of essential energy generation parameters and

metrics collected over 2 years, from April 2021- March 2023. The dataset comprised 703 rows and 9

attributes, each row in the attribute contained data collected over 24 hours. The target attribute is the

Gas Consumed (SCM). Limitations to the dataset included inability to obtain more data due to

company privacy policy and the uniqueness of the data to the company from which it was sourced.

Table 1: Description of Data

S/N

Data

Detailed Explanation

Total Energy Generated (MWh)

This is the total amount of energy generated by the
engines over a 24-hour period measured in Mega Watts
hour. This energy is generated for the purpose of

producing food.

Gas Consumed (SCM)

This is the total amount of gas consumed by the engines
over a 24-hour period in the generation of energy for
use in producing food. It is measured in Standard Cubic

Meters.

Peak Power Generated (MW)

This is the highest amount of power generated at a time




24

within a 24-hour period measured in Mega Watts.

4 Average Gas Pressure (Bar)

This is the average pressure of the gas supplied to the

engine

5 Engine Fuel Efficiency

This is the amount of energy generated relative to fuel
consumed by the engine. It shows the performance of

the engine.

6 % Heat Recovery

This is the amount of waste heat recovered from the
engine and used in the production of hot water for food

production. It is an energy saving measure.

7 Power Factor

This is the amount of non-useful power to useful power
generated by the engine. It shows the performance of

the engine.

8 Total Number of Engine Trips

This is the number of times an engine failed while in use.

It shows the performance of the engine.

9 Total Production Volume

This is the total volume of food produced over a 24-hour

period.

3.3 DATA PREPARATION

Data preparation is a critical step in the data analysis and machine learning pipeline. It involves

cleaning, transforming, and organizing raw data into a format suitable for analysis or modeling.

Effective data preparation ensures that the data is accurate, consistent, and relevant, which in turn

enhances the quality and reliability of the results obtained from subsequent analysis or modeling tasks.

The data handling was done using Python Libraries and its environment. The data preparation was

achieved in the following steps:
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1. Reading the data and identifying the statistical qualities of the data.
2. ldentifying Null values and eliminating them.

3. Data type conversion to convert objects to float.

4. Identifying dependent attributes and target attribute

5. Data Visualization

6. Feature selection and scaling

Total Energy Generated (MWwh) Gas Consumed (ltrs) \
count 712 . 606068 768 .006000
mean 432.813764 124873 .118876
std 163 .827456 33739.173316
min 48 . 600000 976 . 606000
25% 374.358000 1866867 .825000
S5e% 446 . 208600 126312 .508088
75% 587. 725000 147522 .775000
max 631. 166066 273412 .966000

Peak Power Generated (MW) Average\nGas Pressure (Bar) \
count 605 . 800000 692. 6800000
2.528281 -189228
3.657468 }. 706866
2.7600008 1.5880600
.S0e00e 5.5008000
23.160608 18.5800600
25.800000 12.580000
29.800000 16.5800080

Engine Fuel Efficiency Power Factor Total Number of Engine Trips
count 785 .860060 888600 719. 880080

mean
std

8.298199 -969915 .3 58
8.844673 -815241 8.757131
8.12e068 - 300080 0.860000
8.268000 - 978600 08.8600000
8.220808 - 970000 8.000008
8.3186868 - 0808080 8.8086008

Figure 3: Statistical Qualities of Data



26

numerical_columns = data.select_dtypes(include=[" 1) .columns
data[numerical_columns] = data[numerical columns].fillna{data[numerical columns].mean

categorical columns = data.select dtypes(include=[ 1}.columns
data[categorical_columns] = data[categorical_columns].fillna(data[categorical_ columns].mode().iloc[@])

print({data.isnull().sum{)}

Total Energy Generated (MWwh)
Gas Consumed (SCM)

Peak Power Generated (MW)
Average\nGas Pressure (Bar)
Engine Fuel Efficiency

%Heat Recovery

Power Factor

Total Number of Engine Trips
Total Prod Vol.

dtype: inte4

OO0 DD DD

Figure 4: Handling Null Values

Handling null values is crucial in data analysis and machine learning to maintain data integrity,
ensure accurate analysis, and improve model performance. Null values can distort statistics, impact
model predictions, and signal poor data quality. Properly handling null values enhances the quality of
analysis, feature engineering, and overall data-driven decision-making. Strategy employed was filling

null values using the statistical mean value of the column.

Total Energy Generated (MWh) Gas Consumed (Itrs) Peak Power Generated (MW)
250 A
150 -
200 -
100 - 150
J 100 7
50
50
o - 0-
200 400 0 5000010000Q5000Q0000@50000
Average
Gas Pressure (Bar) Engine Fuel Efficiency %Heat Recovery
300
200 400 +
300 4 200
100 200
100
100 -
o o-! T T o
0.6 0.8 o] 2000 4000 6000 8000 10000
Power Factor Total Number of Engine Trips Total Prod Vol.
250 A
300 500
400 200+
200 - 300 . 150 |
200 . 100 +
N
100 50 -
o - o o-

0.900 0.925 0.950 0.975 1.000

o 2000 4000 6000

Figure 5: Distribution of Dataset Features



27

Histogram with Density Plot of Gas Consumed (SCM)

—— Density Plot
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Figure 6: Probability Distribution of Target Variable

The density plot on a histogram graphically visualized the underlying probability distribution of
the target variable Gas Consumed in a more continuous and smooth manner. Density plots on
histograms are particularly useful to both understand the shape of the data distribution and visualize

the continuous characteristics of the data.

Correlation Heatmap

1.0
Total Energy Generated (MWh) 0.19 -0.42 0.34 0.026 -0.015 0.26
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Figure 7: Correlation Heat Map
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A correlation matrix and a heatmap were used to visually understand the relationships
between numerical variables in the dataset.

A heatmap made it easy to identify patterns in the correlation matrix. Strongly correlated
variables had cells with colors at the extremes of the color spectrum, while weakly correlated variables

had cells with colors closer to the middle.

[198]
0s
X_train, X_test, y train, y test = train_test_split(X, y, test size=0.2, random_state=42)

[129]
0s
selector = SelectKBest(score func=f_regression, k=5)

[2e8]
0
X_train_selected = selector.fit transform(X_train, y train)
X_test_selected = selector.transform(X_test)

0 [281] scaler = StandardScaler()
X_train_scaled = scaler.fit_transform(X_train_selected)
X_test_scaled = scaler.transform(X_test_selected)

Figure 8: Feature Selection and Scaling

The target and dependent variables were defined, and the dataset was split into training and
test subsets, with an 80:20 ratio. The train set was used to train the models, and the test set was used
to evaluate the models’ performance. The train-test-split function from scikit-learn was used.

Feature selection using SelectKBest and f-regression was adopted in choosing the most
important features from the dataset for the regression tasks. This combination of techniques helped
identify features that have the strongest linear relationship with the target variable.

The SelectKBest method with F-regression as the score function was used to select 5 best
features for regression. The selected features were then extracted from the original dataset using the
indices obtained. After feature selection, a new data frame was created having 730 instances and 6

attributes including the target variable.



29

Normalized DataFrame:
Total Energy Generated (Mwh) Peak Power Generated (MW) \
-8.536142 8.385156
8.847640 8.618138
8.371627 8.1812848
1.396783 -2
1.2082954 -2

B.28 )

8.478828
-8.775132 -152669
8.677495 -254327
-2.213998 -254327

Daily Average\nGas Pressure (Bar) Engine Fuel

.06678424+080
.888321e+80
.863552e-15

Figure 9: Scaled Data

Data normalization, often referred to as feature scaling, was utilized to standardize the
numerical attributes of a dataset onto a shared scale. The goal of normalization is to ensure that all
features have similar ranges, which can improve the performance and convergence of machine
learning algorithms.

StandardScaler instance from scikit-learn's preprocessing module was adopted. The scaler was
used to fit and transform the feature data (X_train), resulting in X_train_scaled containing the scaled
features, the target variable data y was not scaled. It normalized the features by transforming them to

have zero mean and unit variance.

L —Lmin

Lscaled —

.‘E'HL!'.L.I.' _I?H!—H
In the equation, "X" represents the original data point, " Xmin" minimum value in the data, and
"Xmax" denotes the maximum value in the data.

This process helped improve the performance of the machine learning algorithms that are sensitive

to the scale of the input features.
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3.4 DATA MODELLING
The objective of this research was to predict fuel consumption in energy generation for food
production, simultaneously evaluating the effectiveness of the Artificial Neural Networks, Support
Vector Machines, and Random Forest regression models.
3.4.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational models inspired by the structure and
functioning of the human brain (Ramponi, 2023). They are a subset of machine learning techniques
and have proven to be powerful tools for solving a wide range of complex problems, particularly those
involving pattern recognition, prediction, classification, and regression.

A Multi-Layer Perceptron (MLP) is a key component of Artificial Neural Networks (ANNs) used
for prediction tasks (Banoula M., 2021). It comprises layers of interconnected neurons, including input,
hidden, and output layers. Data flows through the network in a feedforward manner, undergoing
mathematical transformations in hidden layers through weighted connections and activation
functions. MLPs learn from data by adjusting connection weights to minimize prediction errors,
employing learning algorithms like gradient descent. They use activation functions to introduce non-
linearity into the model. The architecture, activation functions, and hyperparameters are important for
optimization. Regularization techniques prevent overfitting, ensuring generalization of new data. MLPs

are versatile, capable of learning complex patterns, making them suitable for various prediction tasks.
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Input layer with 3 Hidden layer with 4

input units plus hidden units plus bias o I

bias unit (m = 3+1)  unit (d = 4+1) b ol
with 3 output

units (t = 3)

connects |** non-bias neuron in the 2™
layer (hidden layer h) to the 3™ unit in
Number of layers: L = 3 the 3" layer (output layer out)

Figure 10: A fully connected multi-layer neural network called a Multilayer Perceptron (MLP)
(Banoula M., 2021)

The value of every node within the MLP is computed using this equation:

xij = f(wixi—y + by_q)

Where x;; represents the value of the j neuron in the i layer. w; represents the weight vector of the j
neurons in layer i — 1 to layer i. x;_; represents the value vector of all neurons in layer i — 1. b;_;

represents the bias of the i — 1 layer, and f is the activation function (Zhang et al., 2020).

3.4.2 Support Vector Machines
Support Vector Machine (SVM) is a powerful supervised machine learning algorithm used for
classification and regression tasks (Sidharan, 2021). It works by finding a hyperplane that best
separates different classes or fits the data in a regression problem. SVM aims to maximize the margin

between different classes while minimizing classification errors. The Support Vector Machine examines
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the outlier features within the dataset and constructs a decision boundary referred to as a hyperplane.
It prioritizes creating an effective segregation between two classes. Each data point in the dataset

serves as a support vector within the SVM.

r

@

Support
Vectors

Figure 11: Support Vector Machine Model
An optimal decision boundary is determined by utilizing the closest positive distance (D+) and
negative distance (D-) of support vectors. This hyperplane offers a margin distance of (D+) + (D-) to
enhance the classification of the dataset. The fundamental version of SVM is a linear line that divides
the classes, thus referred to as the Linear Support Vector Machine (LSVM) (Evgeniou and Pontil, 2001).
The mathematical formulation of the hyperplane is given by:
f(x)=wlx+b
e f(x) is the decision function that predicts the class label for a given input x.
e wrepresents the weight vector that determines the direction of the hyperplane.

e bisthe bias term.

3.4.3 Random Forest
The Machine Learning technique of Random Forest was developed by Leo Breiman. It involves a

collection of unpruned classification or regression trees that are chosen randomly from the training
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dataset (Oh, Laubach and Luczak, 2003). The selection of features occurs through a random process
during the induction phase. The prediction score is a combination of the ensemble predictions, which

might involve majority votes in classification tasks or averaging in regression tasks.
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Figure 12: An illustration of the training and process of selecting variables in the Random Forest (RF)
algorithm.

Random Forest typically delivers more substantial performance gains compared to a single tree
classifier (Oh, Laubach and Luczak, 2003). Essentially, the Random Forest algorithm is an ensemble
method that constructs numerous Decision Tree classifiers while training the model. The output is
determined by the mode of classes in classification or the Mean of classes in regression. Random
Forest is widely utilized due to its simplicity, flexibility, and versatile nature.

The three models were applied fit to the test and train set. Each of these models used default
hyperparameters initially. The GridSearchCV function was used to perform hyperparameter tuning.
This function exhaustively tries all possible combinations of hyperparameters from the defined grid.
For each model, a hyperparameter grid was defined. Hyperparameters are settings that control how a
model is trained. By specifying a range of values for each hyperparameter, a grid of possible
combinations is set up to be tried during hyperparameter tuning. The best models obtained from
hyperparameter tuning were evaluated on both the training and testing sets. Predictions were made

on both sets using the predict method of each model.
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3.5 EVALUATION
A comparative analysis was conducted to determine which algorithm exhibited superior
performance using Root Mean Square Error, Mean Square Error, and R Squared Evaluation Metrics.
Evaluation metrics are measures used to assess the performance of a model or algorithm in solving a
specific problem. They provide quantitative insights into how well a model is performing and help you
compare different models, make informed decisions, and optimize your solutions. Evaluation metrics
vary based on the type of problem addressed (classification, regression, clustering, etc.), and they

provide a standardized way to assess and communicate a model's effectiveness.

3.5.1 Mean Squared Error (MSE)
The Mean Squared Error measures the average squared difference between the predicted
values and the actual values. It quantifies the average magnitude of the squared errors or residuals,

giving more weight to larger errors.

Equation:

RMSE — +/MSE — -\r.f 237 (w — 9:)?

Tl

MSE is always non-negative, and lower values indicate better model performance. It's in
squared units, which can make it difficult to interpret directly in the original scale of the target

variable.

3.5.2 Root Mean Squared Error (RMSE)
The Root Mean Squared Error is the square root of the MSE (Chicco, Warrens and Jurman,
2021). It gives a measure of the average magnitude of the prediction errors in the original scale of the

target variable.

Equation:

MSE = 137 (yi — %)

R — ]
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RMSE provides a more interpretable measure of the average prediction error in the same units

as the target variable. Like MSE, lower values of RMSE indicate better model performance.

3.5.3 R-squared (Coefficient of Determination)
R-squared measures the proportion of the total variation in the dependent variable that is
explained by the variation in the independent variables in the model (Botchkarev, 2018). It quantifies

how well the model fits the data and how well it captures the variability of the dependent variable.

Equation:

R? =1 >

(s —t)"

(3i—1)°

e R?valuesrange from0to 1.
e R? =1 implies that the model perfectly explains the variation in the dependent variable.
e R? =0 implies that the model does not explain any of the variability, and the predictions are

equivalent to the mean of the dependent variable.

Negative values of R? suggest that the model performs worse than simply using the mean.

MSE and RMSE measure the accuracy of the model's predictions, while R-squared measures the
goodness of fit or how well the model captures the variability in the dependent variable. These metrics
provided a structured and quantifiable way to evaluate the regression model's accuracy, fit, and
predictive capabilities. They played a crucial role in the iterative process of building and refining the

models to achieve better results and actionable insights.
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3.5.4 Results
After training the predictive models using the machine learning algorithms, their performance
was evaluated below:
Table 2: The Root Mean Square Error (RMSE), Mean Square Error (MSE) and R-Square scores of the

prediction models.

Train Test Train Test Train R- | Test R-
Model

RMSE RMSE MSE MSE | squared | squared
ANN Model 16283.65 | 27058.61 | 2.7E+08 | 7.3E+08 0.73 0.48
SVM Model 26832.17 | 33214.58 | 7.2E+08 | 1.1E+09 0.29 0.22
RF Model 8124.62 | 26061.43 | 6.6E+07 | 6.8E+08 0.93 0.52

RMSE TRAIN VS TEST

Train RMSE Test RMSE

SVM Model RF Model

ANN Model

Figure 13: The Root Mean Square Error (MSE) of the prediction models developed.
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MSE TRAIN VS TEST

Train MSE Test MSE

ANN Model SVM Model RF Model

Figure 14: The Mean Square Error (MSE) of the prediction models developed.

R-SQUARE TRAIN VS TEST

Train R-squared Test R-squared

ANN Model SVM Model

Figure 15: The Mean Square Error (MSE) of the prediction models developed.

From the table and graphical representation, performance of different models can be made
based on these metrics. Lower RMSE and MSE values are desired, as they indicate smaller prediction
errors. Higher R-squared values (closer to 1) indicate better fit and predictive power. In this case, the

Random Forest Model performed best across most metrics, with the lowest RMSE (8124.62 &
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26061.43) and MSE (6.6E+07 & 6.8E+08) on both training and testing data, and a relatively high R-
squared value (0.93 & 0.52). The ANN Model performed reasonably well, but the SVM Model had a

comparatively poorer performance.

3.6 DEPLOYMENT

This research sort to deploy the best performing model (Random Forest RF) to predict fuel
consumption for energy generation in the food processing industry. The primary elements influencing
fuel consumption within the food industry presently encompass the quantity of processed food, the
effectiveness of the utilized engine, the energy production volume, and the efficiency of the fuel type
deployed for energy generation. These variables play a decisive role in dictating the extent of fuel
consumption variation.

Food processing plants, industrial plants and factories with heavy machinery can deploy RF models
to predict fuel consumption based on production schedules, machine usage, and other factors. This
helps to optimize costs, improve energy management, and reduce the industry's environmental
impact.

There are no limitations to the use of fuel consumption prediction, it can also be deployed in
several domains including:

e Vehicle Fleet Management: Predictions can help optimize route planning, driver behavior, and

maintenance schedules to minimize fuel usage and costs.

e Eco-Driving Applications: Mobile apps and telematics devices can deploy prediction models to

provide real-time feedback to drivers on their driving behavior's impact on fuel consumption.

e Aviation Industry: Airlines and aviation companies can use machine learning models to predict

fuel consumption for different flight routes and aircraft types. This aids in flight planning,

optimizing fuel loads, and enhancing operational efficiency.
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e Agricultural Machinery: In the agriculture sector, models can predict fuel consumption for
tractors and other farm equipment based on factors like field size, soil type, and equipment
specifications. Farmers can make informed decisions about equipment usage and fuel
consumption for different tasks.

Deploying a Random Forest (RF) prediction model for predicting fuel consumption involves several

considerations to ensure its successful integration into real-world applications. Successful deployment
requires collaboration between data scientists, software engineers, and domain experts to ensure that

the model effectively addresses business problems and meets the users' needs.



40

CHAPTER FOUR

CONCLUSIONS

This section provides a summary of the data employed, the methodology and the obtained
outcomes used to address the predefined research questions.

The data set used for the research was sourced from Flour Mills of Nigeria Plc, one of the
largest food processing industries in Nigeria. This research aimed to compare 3 machine learning
models and select the best performing model that can be used in the prediction of fuel consumption
for energy generation in the food processing industry in Nigeria.

Data exploration was performed to visualize data and uncover patterns, trends, and potential
issues. The dataset was then checked for the presence of missing values, the missing values were
replaced with the mean value of the column where missing values were found.

The target variable was tested on its relationship with other numerical variables using
Correlation Matrix and Heat Map, strong correlation was found between the target variable and other
variables such as Energy Generated (MWH), Peak Power Generated (KW), Average Gas Pressure (Bar),
%Heat Recovery.

The dataset was split 80:20. The training dataset comprised 584 rows and 9 variables and the
test dataset comprised 146 rows and 9 variables. The target variable was Gas Consumed (SCM).

The SelectKBest method with F-regression as the score function was used to select 5 best
features that have the strongest linear relationship with the target variable. Feature scaling was
performed on the input variables to improve the performance of the machine learning algorithms that
are sensitive to the scale of the input features.

Artificial Neural Network, Support Vector Regression (SVR) and Random Forest (RF) models
were used to test and train the data. Hyperparameter tuning was performed using GridSearchCV

function.
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The models’ performance was evaluated using Root Mean Square Error (RMSE), Mean Square
Error (MSE) and R square metrics. The Random Forest Model performed best across most metrics, with

the lowest RMSE and MSE on both training and testing data, and a relatively high R-squared value.

4.1 LIMITATIONS

The dataset used in this study was limited to 730 rows and 9 columns of data collected over 2
years. The size of the data may have contributed to the results achieved across the predictive models.
Constraints in utilizing ANN, SVM, and RF models for predictions emerge when dealing with a small
dataset. The limited data might lead to overfitting issues, reducing the models' ability to generalize
well to unseen data. Additionally, the complexity of these algorithms could result in high
computational demands, which may not be feasible with a small dataset. The risk of high variance or
bias in the predictions might increase due to the restricted data points. Moreover, smaller datasets
might not fully capture the underlying patterns, potentially affecting the models' accuracy and

robustness.

4.2 RECOMMENDATIONS

For future implementations of ANN, SVM, and RF models in predicting fuel consumption for energy
generation in the food processing industry, several recommendations can enhance the effectiveness
and reliability of the predictions:

e Data Collection and Quality Improvement: A more extensive and diverse data set that includes

a broader range of relevant features should be gathered. Data quality and accuracy should be
maintained to minimize the impact of outliers and noise on the models. Additional relevant

features that could impact fuel consumption, such as seasonal variations, operational shifts,
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and maintenance schedules should be explored. This can improve the models' ability to capture
nuanced patterns.

e Domain Knowledge Integration: Collaboration with domain experts in the food processing
industry to incorporate their insights and knowledge into the models. This can help refine
feature selection and enhance model interpretability.

e Ensemble Methods: Combining the predictions of multiple models (ensemble methods) to
potentially improve accuracy and robustness. Techniques like stacking or blending can be
applied to combine the strengths of different models.

e Benchmarking: Comparing the performance of the developed models with other advanced
prediction techniques or approaches to ensure competitiveness and identify opportunities for
improvement.

By incorporating these recommendations, the accuracy, reliability, and applicability of ANN, SVM,

and RF models in predicting fuel consumption for energy generation in the food processing industry

can be significantly enhanced.
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