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Abstract

Oil and gas industry operations are critical and laborious. Recent advances in artificial in-
telligence and machine learning (ML) have opened up a variety of Industry 4.0 applications
in the oil and gas sector. This paper introduces the architecture of an automation system
for identifying the fuel types in the downstream sectors. In this research, a real-time image
dataset of fuel samples is collected and annotated with the corresponding class labels, i.e.,
petrol and diesel. The three core modules of the architecture are pre-processing, feature
extraction and classification. In pre-processing, the input images are rescaled for spatial
normalization. Then, discrete wavelet transform (DWT) is applied to extract approximate,
vertical, horizontal and diagonal subimages. In the feature extraction module, the features
from the DWT subimages are extracted to exploit the textural properties of the input images.
This work is an ablation study of various individual image features and their combinations.
During classification, the extracted features are modeled using six different ML models to
provide a detailed study of the image features for identifying fuel types. To fine tune the
ML models, the hyperparameters are adjusted using grid search and randomized search
approaches. The results show that the extreme gradient boosting (XGB) model fine tuned
with randomized search is the most effective classification model with an accuracy of 97.6%
on the fuel classification task.

Keywords: classification; feature descriptors; fuel identification; image processing;
smartphone imaging

1. Introduction

Oil is one of the most important commodities in the world. According to global market
insights [1], the market size of the oil and gas industry is around USD 620 billion US. The
industry is projected to grow to over a trillion dollars in 2030. Upstream, midstream, and
downstream are the three major divisions of the oil and gas industry. All three divisions
are adopting Industry 4.0 technologies like the Internet of Things (10T) and artificial intel-
ligence (Al) to leverage the benefits of those technologies by increasing automation and
reducing operational costs. This research particularly focuses on downstream operations.
The important task in downstream operations is to convert oil and gas into finished re-
fined products like gasoline/petrol, diesel, kerosene [2]. Then the refined products are
transported and distributed to the consumer via retailers. The first and foremost step
in downstream automation is to classify the different fuels for further application and
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transportation to the point of sale. In this work, image processing and machine learning
models are used for classifying fuel types based on image feature descriptors. Petrol and
diesel are the most common fuel types, and hence the major objective of this work is to
classify petrol and diesel based on the image feature descriptors. From a thorough search
of the relevant literature, it was identified that there was no image database available for
the fuel classification task. Hence we considered this as an opportunity to explore and
created an image database for petrol and diesel samples. Once a dataset is created, it is
important to extract the useful features from the input image before applying a machine
learning model.

Image pre-processing is one such technique for extracting useful features, and the
input image can be enhanced using numerous filtering techniques including linear and
non-linear filters. These filters help remove noise and blurriness and detect/enhance
the edges. Image enhancement is potentially useful in finding distinctive statistics and
locating the Region of Interest (ROI) in an image. Once the image is pre-processed and the
useful feature descriptors are extracted, it can be analyzed in either the spatial domain or
the frequency domain. Spatial domain approaches refer to the pixel values in the input
image and capture the changes in pixel values among scenes. The features of the spatial
domain are color, shape, texture, edge, orientation, etc. In the frequency domain, the
signal is analyzed with respect to frequency. High and low frequencies are the two major
components in the frequency spectrum. High-frequency components refer to the edges in
the image. Low-frequency components refer to the smooth regions in an image. Fourier
transforms and wavelet transforms are the most popular approaches in the frequency
domain. In this work, both spatial features and frequency features were considered for
classification. In the spatial domain, local features refer to a pattern or distinct structure
found in an image. Local features are edge, corner, and orientation. Abrupt changes
in pixels are termed edges and are detected by variations in brightness, depth, surface
orientation, texture and illumination [3,4]. The above features are the key features used
for image matching, object detection and recognition. This work thoroughly explored
various image feature extraction methods in our ablation study, which will be helpful in
identifying fuel samples. The following four major methods were explored for the fuel
identification task:

1.1. Color-Based Feature Extraction

Color is an easy and effective feature to index and retrieves similar images. The color
histogram, color moments, color coherence vector and color correlogram [5,6] are common
and well-known techniques for color-based feature extraction. A color histogram divides
the color space that contains the color space information into cells. The most widely used
color spaces in the literature are Red Green Blue (RGB), L* u*v*, where L represents the
luminosity or brightness and u*v* represents the chromaticity (red/green) coordinates, Hue
Saturation Value (HSV), chromaticity (blue/yellow coordinate), YIQ and L*a* b* (luma and
chroma components). Color moments are processed by the mean, variance and skewness
of the color components present in the image. It depends on the number of pixels in the
image and does not work with the spatial distribution of colors. The color-based approach
is not a viable option for our objective of identifying fuel type due to its low robustness
against lighting conditions and difficulty in distinguishing objects with similar or slight
deviations in colors.

1.2. Shape-Based Feature Extraction

Shape silhouettes are indispensable in analyzing images, especially in geometry. Ba-
sic types of shape-based feature extraction are region-based and boundary-based [7,8].
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Shapes are calculated by the number of corner points, area of the ROI, curvature, and
orientation features. The shape-based approach is not an optimal solution for fuel identi-
fication due to its computationally expensive and time-consuming nature. Furthermore,
shape-based features extracted through this approach have limited relevance to the task of
fuel identification.

1.3. Edge- and Orientation-Based Feature Extraction

Edge detection refers to the detection of sharp changes in the brightness of an image.
Canny, Deriche, Differential, Sobel, Prewitt and Roberts cross have been used in the litera-
ture for edge detection [9]. In corner detection techniques [10], Harris operator, Shi and
Tomasi, level curve curvature, Hessian feature, Smallest Univalue Segment Assimilarity
Nucleus (SUSAN) and Feature from Accelerated Segment Test (FAST) are extensively used
in the literature. Local image orientation has been computed for the detection of corner
points, motion estimation and noise reduction. Structure tensor, energy, and boundary
tensor methods have been used for computing or estimating orientation representations.
Van de weijer et al. [11] introduced quasi-invariant derivatives for edge and corner detec-
tion. They detected photometric-invariant features using a set of derivatives-based feature
detectors. Their model performed robust feature detection on shadows, shading and specu-
larity. Edge- and orientation-based feature extraction methods are not well-suited for fuel
identification tasks due to their limited ability to capture the richness and complexity of
fuel samples. Furthermore, these methods may not be robust enough to handle changes in
orientation and color, which are important features for accurate fuel identification.

1.4. Texture-Based Feature Extraction

The texture is an important feature for the analysis of the intrinsic properties of
surfaces. Coarseness, contrast, directionality, line-likeness and regularity are some texture
properties [12]. The two dominant texture-based feature extraction methods are region-
based and boundary-based approaches. The former identifies a group or cluster of pixels
based on a particular region of objects in an image. The latter identifies a group or cluster
of pixels based on the edge points of the object in the image. Gray-level co-occurrence
matrix (GLCM) [13-15] approaches are some of the commonly used texture-based feature
extraction methods. Recent studies on texture-based feature extraction use local binary
pattern (LBP) approaches. Some of the tweaked LBP approaches are adaptively binarizing
magnitude vectors (ABMV) [16], local frequency binary pattern [17], completed hybrid local
binary pattern [18], local vector pattern [19], local derivative pattern (LDP) [20], local tetra
pattern (LTrP) [21], compressive binary pattern (CBP) [22], extended complete LBP [23],
temporal tensor LBP [24], support local pattern [25] and some extended LBPs [26-29].
Texture-based feature extraction is a suitable choice for identifying fuel types due to its
robustness to changes in illumination, color, and other environmental factors. Additionally,
it is highly discriminative, scale-invariant, and computationally efficient compared to
other approaches. Therefore, state-of-the-art texture-based approaches were used in our
ablation study.

When compared to standard picture classification challenges, fine-grained image
recognition emphasizes the ability to recognize objects that share similar appearance
attributes but fall into separate categories. Generic problems in insufficient feature ex-
traction and utilization were resolved in this work with help of DNN and feature fu-
sion using bi-linear feature extraction in stream networks. This model compares their
results with Concat feature fusion techniques and achieved an area under curve value
of 0.947 [30].
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Change in tongue coating in tongue diagnosis based on variation in color, texture,
and substance is a famous study in the medical field. But color tongue images have less
spectral information, which could mean that important details for tongue diagnosis are
missing. Unlike normal color images, spectral images are rich in sensitive features that are
essential for the proposed biomedical field of study. The proposed technique classifies and
quantitatively recognizes tongue coatings using a spectral-spatial feature deep learning
framework based on hyperspectral image features [31].

Researchers proposed a wildfire region detection technique based on optimized CNN
with the combination of spatial and temporal information, with forest wildfire picture
classification and wildfire region detection based on Reduce-VGGnet. According to the
experimental findings, the optimized CNN model using a mix of spatial and temporal
features achieved 97.35% accuracy, while the suggested Reduce-VGGNet model achieved
91.20% accuracy [32].

Once useful feature descriptors were extracted from image samples, machine learning
models were utilized to classify the target class, i.e., petrol and diesel. The widely adopted
classification algorithms like support vector machine (SVM), decision trees (DTs), random
forest (RF), k-nearest neighbor (KNN) and boosting algorithms like extreme gradient
boosting (XGB) and light gradient boosting machine (LGBM) were used for the ablation
study. Chen et al. [33] worked on a convolutional neural network with long short-term
memory (CNN-LSTM) model, which was designed for energy consumption prediction.
Alazemi et al. [34] studied the application of ensemble bagged and decision tree algorithms
for predicting fuel consumption and exhaust emissions in gasoline and diesel engine
vehicles using GPS-based speed input and vehicle speed as parameters.

In [35] Josef et al. investigated the combined use of Fourier-Transform Infrared
(FTIR), density, ASTM D86 distillation data, and spectroscopy along with chemomet-
ric techniques for quantification and detection of gasoline adulteration under realistic
experimental variability. Pedro et al. [36] state that there has been effort made by com-
panies distributing gasoline to maximize profit by reducing the cost of producing using
illegal techniques.

1.5. Research Gap and Our Contribution

There have been instances of accidental fuel mix-ups during the transportation of
fuels from refineries to fuel depots and from the fuel depot to the end consumers. These
lead to financial loss, machinery faults and reputation loss. Identifying fuel types is a
crucial and primary task for solving this problem in the downstream sector. Previous
studies in this area of research proposed different laboratory-based techniques such as gas
chromatography, infrared spectroscopy, mass spectrometry and density-based approaches
to identify fuel types [37]. The existing approaches are time-consuming and costly. This
research aims to bridge the research gap between traditional laboratory-based techniques
with the recent machine learning (ML)-based image processing techniques. The major
contributions of this work are as follows:

*  Proposed a system architecture to highlight the three important tasks in identifying
fuel types using machine learning models: image pre-processing, feature extraction
and classification.

¢ Created a synthesized image dataset for petrol and diesel samples with various
challenging scenarios.

¢  Performed an ablation study of different machine learning models and analyzed those
models with individual features and fusion of features.

This research underscores the importance of feature descriptors in the task of distin-
guishing petrol and diesel samples, which can be particularly challenging for machine
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learning algorithms due to the subtle differences between them. The complexity of image
pre-processing and feature extraction presents a daunting challenge in the analysis of fuel
samples. Moreover, there are several hurdles encountered during the image acquisition
process, including sensitivity to lighting conditions, viewing angle, background, and reso-
lution. As a result, the task of feature extraction and machine learning model generalization
for fuel identification is even more difficult than for other natural image data. Therefore,
this research emphasizes the significance of feature descriptors in the task of identifying
fuel types.

The remaining part of this article is organized as follows. Section 2 describes the
proposed system architecture. The results and discussion are provided in Section 3.
Section 4 outlines to the conclusion and future directions for research.

2. Proposed System Architecture

The overall flow of the proposed work is shown in Figure 1 as an architecture diagram.
The proposed work consists of three main stages: (i) pre-processing, (ii) proposed feature
descriptors, (iii) classification.

Proposed Feature Descriptors
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Figure 1. Overall proposed system architecture.

2.1. Pre-Processing

Image pre-processing is performed using three steps. Algorithm 1 explains the step-
by-step procedure of image pre-processing and Figure 2 shows the detailed flowchart. The
first and foremost task is to spatially normalize the input image to size 228 x 228 pixels. The
spatially normalized images are converted from RGB to gray-scale images. Then, Discrete
Wavelet Transform (DWT) is applied to the resultant images from the gray-scale images and
decomposed into 4 different sub-bands, namely: Low-Low (LL), Low-High (LH), High-Low
(HL), High-High (HH). These sub-bands are also called subimages. LL subimages are the
approximate image of the original input image. LH subimages contain the information
on horizontal features of the original input image. HL subimages contain the vertical
features, and HH subimages contain the diagonal features. In this research, DWT helps to
reduce the dimensionality of the image samples by decomposing it into multiple sub-bands
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with different levels of details and resolutions. This reduces the redundancy in the image
samples and makes it more efficient for subsequent feature extraction.

Algorithm 1 Pre-processing

1: Input: synthesized real-time images of size n

2: Output: DWT subimages of LL, LH, HL, HH

3: for every image i in n do

4:  Normalize the image to 228 x 228 pixel

5. Convert the image into gray-scale form

6:  Transform the image using DWT

7: end for

8: return Approximate, Horizontal, Vertical and Diagonal sub-bands

Start

y

Input
Synthetic real-time images of size n

_>( For every imageiinn )

\

Step 1: Normalize image
Resize to 228 x 228 pixels

\

Step 2: Convert to grayscale
Remove color channels

Step 3: Apply DWT
Discrete Wavelet Transform

More
images?i<n

No

!

Output: DWT sub-bands
LL (Approx) - LH (Horizontal) - HL (Vertical) - HH (Diagonal)

End

Figure 2. Flowchart for pre-processing.
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2.2. Feature Extraction

Feature extraction plays a major role in image processing while using machine learning
models. The classification of image types depends on the extracted relevant features. The
concept behind feature extraction is to extract essential information using shape, color,
texture features, etc. The adaptive local binary pattern (ALBP) and multi-scale gray-level
cooccurrence matrix (MS-GLCM) features are used in our work to extract meaningful infor-
mation from subimages of DWT to train the machine learning models for the classification
of fuel.

2.2.1. Adaptive Local Binary Pattern (ALBP)

Ojala [26] introduced the LBP technique to extract the texture information in an image.
The basic idea behind local binary patterns (LBPs) involves calculating the difference
between a center pixel and its neighboring pixels using Equation (1). The center pixel
value is taken as the threshold value. If the neighbor pixel values are greater than the
threshold value, then it is replaced with value 1; else, it will be marked as 0. The resultant
values taken in a clockwise direction are written as a single binary string. The extracted
single binary string is converted into a decimal number. The basic LBP operator is shown
in Figure 3.

52 |10 |63 1 ol 1 20 | 21| 22
33 |40 15 0 0 27 23
—> hd 1+4+32+64 = 101
46 |50 |14 1111 o 26| 25| 2¢
3x3 pixels Thresholded Weights LBP code

Figure 3. Basic LBP operator.

In this work, R = 1 and P = 8 parameter values are used, where R represents
radius, and P represents parameters. The representation of round field LBP operator with
R =1and P = 8 is depicted in Figure 3.

P-1
LBPpr = Y s(gp —gc)2" (1)
P=0

where, s(x) = 1if x > 0; else, 0
In order to achieve the rotation invariant of the LBP operator,

LBP}x = min{ROR(LBPpy,i)},i=0,1,2,3,...,p — 1 )

where ROR in Equation (2) represents the bitwise clockwise shift rotation.

. p-1
LBPE g = ) s(gp — gc) if U < 2, otherwise P + 1 3)
P=0

In the proposed Adaptive Local Binary Pattern (ALBP), 5 x 5 LBP operators are
considered to extract the points, as shown in Figure 4. The detailed steps are given
in Algorithm 2 and Figure 5.
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Figure 4. Adaptive Local Binary Pattern (ALBP) feature descriptor weights.

Algorithm 2 Proposed adaptive LBP (ALBP) descriptor

1: Input: DWT results of LL, LH, HL, HH
2: Output: feature vectors
3: for each LL subimage do
4:  Apply the 5 x 5 operator and select horizontal, vertical and diagonal pixels as shown
in Figure 4
Compare horizontal, vertical and diagonal pixels with the center pixel value
if center pixel value > neighbor pixel then
Replace the pixel value with 1
else
Replace the pixel value with 0
10: endif
11:  Multiply the weights with the threshold value
12:  Calculate the inner 3 x 3 and outer 5 x 5 operators LBP code separately
13:  Compare and choose the higher value as the center pixel of the LBP
14: end for
15: return Feature vectors

RN

Sample 5x5 pixels Threshold

Inner 3x3 (232%25*27) = 184
Outer 5x5 (2325°26427) = 232
¢ ) [€—— Weights
Greater value will replace to the

centre value

l

ALBP Value
Figure 5. Adaptive Local Binary Pattern (ALBP) feature descriptor.
ALBP approach follows 5 x 5 operators with an overlapping approach. The stride
value is 1. Within the 5 X 5 operator, the center pixel value is taken as the threshold. The

horizontal, vertical and diagonal pixel values are compared with the center pixel value at
two levels using Equation (3). Atlevel 1, all the 3 x 3 matrix values are taken for comparison.
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Atlevel 2, 8 pixels are selected from 16 pixels. The 8 pixels location are in either horizontal
or vertical or diagonal pixel values. Once the two-level layers are thresholded with the
center pixels, the resultant 0’s and 1’s are multiplied with allocated weights, which are
depicted in Figure 5. Level 1 is considered as inner 3 x 3; outer is 5 x 5. The LBP code is
compared between inner versus outer, and the highest value is considered the LBP code. In
Figure 5, the highest value between the inner and outer is selected and assigned as the new
center pixel value. This flow is repeated for the whole set of pixel values. Figure 6 shows
the detailed flowchart of the ALBP approach.

‘ Start ’

Input: DWT sub-images
LL, LH, HL, HH results

I For each LL sub-image
l Loop begins

Apply 5x5 operator
Select horizontal, vertical, diagonal pixels

Compare horizontal, vertical and diagonal pixels
with the centre pixel value

Centre
pixel = neighbor?
Threshold check

No

Replace with 1
Pixel = 1

Replace with O
Pixel = 0

!}

Multiply weights x threshold
Apply weighted LBP encoding

Calculate LBP codes
Inner 3x3 and outer 5x5 separately

Compare LBP codes
Select higher value as centre

pixel

Ae LL

sub-images? Check
loop condition

No

Return: Feature vectors
LBP-encoded feature
set

Figure 6. Flowchart for proposed Adaptive LBP (ALBP) descriptor.
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2.2.2. Multi-Scale Gray-Level Co-Occurrence Matrix (MS-GLCM)

Gray-level co-occurrence matrix [13,14] is created from the gray-scale image, which
calculates how often a pixel with gray-level value occurs 0° (horizontal), 90° (vertical),
—45° or —135° (diagonal either bottom left to right or top left to bottom right). These
angles are represented as Py, Pog, Py5, P135, Various GLCM features can extract features. The
utilized GLCM features are given below.

(a) Contrast:

Contrast is calculated by measuring the intensity contrast between a pixel and its
neighbors across the entire image [21], as defined by Equation (4). The contrast value can
vary from 0 to (size(GLCM,1)-1)? [18]. In the case of an image with uniform intensity, the
resulting contrast value is 1.

Feontrast = 2 |i - j|2P(i,j) (4)
ij
(b) Homogeneity (similarity):

Homogeneity (Similarity) [19] is computed using Equation (5) to measure the closeness
of the distribution of the pixels in the GLCM to the diagonal pixels, and the results range
from 0 and 1. A diagonal GLCM has a homogeneity value of 1.

1

PHomogeneity = ;P(i/ ]) 1+ (-2 T (l — ])2 (5)
where the dissimilarity is calculated using Equation (6).
FDissimilarity = 2 P(i/ ]) |i - ]‘ (6)

i,j

(¢) Energy:
Energy is calculated using Equation (7) from the results of the sum of squared elements
in the gray-scale local co-occurrence matrix. Energy value ranges from 0 to 1.

FEnergy = VASM 7)

where the angular second moment (ASM) [20] is calculated using Equation (8). The constant
image has an energy value of 1.

ASM =Y _P(i,j)? (8)
ij

(d) Correlation:

Correlation is the measure of how a pixel is correlated to its neighbor in the given
image. The correlation value ranges from —1 to 1, where 1 represents a positively correlated
result, and —1 represents a negatively correlated result. Nan is the result for a constant
image. The correlation is calculated using Equation (9).

PG, i)x(i — 1) (j — ;
y (i, 7)x( ZU)Z(J 1) ©)

F Correlation — >
i,j \/(71. f

The proposed MS-GLCM feature descriptor explained in Algorithm 3 extracts the
above-listed properties from a given input. The proposed model is adaptable for multi-scale
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object recognition and has a scale-invariant property. Each subimage from DWT is taken as
input, and each subimage is divided into 4 x 4 blocks: B1, B2, B3, B4. A total of 16 blocks
are given as input to the GLCM feature extractor. Figure 7 shows the multi-scale GLCM
feature descriptor. Figure 8 shows the detailed flowchart for the proposed multi-scale
GLCM features.

Bl B2

Each DWT sub Images —> Extract GLCM features
B3 | B4
2x2 blocks

Figure 7. Multi-scale GLCM (MS-GLCM) approach.

Algorithm 3 Proposed multi-scale GLCM descriptor

1: Input: DWT results of LL, LH, HL, HH
2: Output: Feature Vectors
3: for each subimage do

4:  Apply 2 x 2 block slicer

5. for each block do

6: Calculate GLCM in [0°,45°,90°,145°]

7: for each angle do

8: Compute contrast using Equation (4)

9: Compute homogeneity using Equation (5)
10: Compute energy using Equation (7)
11: Computer ASM using Equation (8)
12: Compute correlation using Equation (9)
13: end for
14:  end for
15: end for

16: Combine the features of all the subimages and store them as a feature vector
17: return Feature vectors

Input: DWT sub-images
LL, LH, HL, HH bands

Calculate GLCM
at 0°, 457, 90°, 135°
For each angle

(o) ) ) | |
| | T I | |

Combine all sub-image features
Store as feature vector

Figure 8. Flowchart for proposed multi-cale GLCM descriptor.
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2.3. Classification

For the ablation study, the following machine learning models were used for the empir-
ical analysis of the classification task: support vector machine, decision tree, random forest,
k-nearest neighbor, extreme gradient boosting and light gradient boosting machine [38].
The details of each model are explained below.

2.3.1. Support Vector Machine (SVM)

The SVM model is a widely used ML algorithm for the classification task. SVM can
be useful for binary classification, multiclass classification and regression problems. SVM
is highly successful in many applications, especially in object recognition, video analytics
and text analysis. SVM aims to find a feasible solution, and it separates the classes with an
optimal hyperplane. In SVM, inputs are mapped into high-dimensional space with the help
of a kernel function. There are several kernel functions including Radial Basis Function
(RBF), Polynomial, Gaussian, linear. Out of these kernel functions, RBF and linear kernels
are widely used kernels.

2.3.2. Decision Tree (DT)

The decision tree is one of the versatile and powerful algorithms that can be used to
solve a variety of problems in ML [39]. DT starts with the root node and calculates the
attribute selection measure (ASM) with information gain using entropy and the Gini index.
It is helpful for finding the best attribute, which is used to split the input data into subsets
until all data are correctly classified.

2.3.3. Random Forest (RF)

Random forest uses multiple decision tree models and merges them to build a more
accurate model. It is more reliable than DT, and it can resolve the overfitting issue. In this
work, the bootstrap aggregating method was utilized in RF implementation. The bootstrap
aggregating approach follows the given steps: Let us consider the number of samples in the
dataset as D, and features are represented as F. Bootstrapped dataset is created by selecting
random samples from D until the D in the bootstrapped set is equal to E. Each bootstrap set
creates the decision tree and its model. When the unlabeled data are passed to the model,
the majority voting or averaging method is used for the final prediction.

2.3.4. K-Nearest Neighbor (KNN)

KNN is a distance-based algorithm that is easy to implement and widely adopted
to solve some interesting ML problems. KNN follows the lazy learning approach, where
it does not involve any explicit training process; instead, it just stores the training set in
memory. During testing, the unlabeled data points are classified based on the K number
of nearest labeled data points. There are several geometrical distance metrics available,
namely, Euclidean distance and Minkowski distance, to find the distance between the test
data and training data.

n
Minkowski_distance(dy,dy) = <Z|d1 — d2|p> (10)
i=1
where Minkowski distance represents the generalized form of Manhattan and Euclidean
distance with a different order (p), and it is calculated using Equation (10).
n

Euclidean_distance(d,dy) = Z(dl - d2)2 (11)
i=1
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Euclidean distance is calculated using Equation (11), where it uses the same Minkowski
formula by setting the value of order (p) = 2; thus, it is known as the L2-norm metric.
Substituting order (p) = 1 in Equation (10) will give the value of the Manhattan distance.

2.3.5. eXtreme Gradient Boosting (XGB)

Gradient boosting decision tree (GBDT) model is the root model. XGB is inferred
from GBDT concepts, and it was proposed by Tianqi chen et al. [40]. Gradient boosting
is an ensemble learning model that trains multiple weak classifiers with sequence order.
The XGB algorithm aims to minimize the loss and increase the weight of the misclassified
targets by calculating the negative gradients to improve further iterations in the training.
The advantage of XGB with the regularization method is reduced complexity of the model,
a smoother loss function and avoiding overfitting.

2.3.6. Light Gradient Boosting Machine (LGBM)

LGBM is a type of gradient boosting that is based on the decision tree algorithm.
LGBM reduces memory usage and increases the efficiency of the model. The main differ-
ence between LGBM and other gradient boosting is the level-wise growth and horizontal
expansion. LGBM selects the leaf that produces the least error and maximum efficiency.

2.4. Hyperparameter Tuning and Cross-Validation

Hyperparameters are the variables that control the learning process. There are two
ways to find the optimal parameters. In the first method, GridsearchCV is used, and it tries
all the parameter combinations. In the second method, RandomsearchCV is used, which
chooses only a few random combinations out of all the available combinations.

Cross-validation is used to check the stability of the prediction model. In this work,
K-fold cross-validation is used to improve the regularization of the model, where K refers
to the number of partitions from the sample dataset [41]. Each time, the model fits the
training set and then evaluates the test data on the trained model. Finally, the average of all
the evaluation scores is used to analyze the overall method.

Performance Evaluation

The confusion matrix is used to visualize the binary classification and to calculate the
True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). The
accuracy of the classification of fuels is evaluated using Equation (12).

TP+ TN
TP+ TN+ FP+FN

Accuracy = (12)

3. Experimental Results and Discussion

Throughout this section, the details of the experiments in the proposed work and the
results on the synthesized dataset are discussed. It includes the experimental setup, dataset
information, environment, parameters, and evaluation metrics.

3.1. Synthesized Dataset

The initial samples were taken from a professional digital single lens reflex (DSLR)
Sony camera in the daytime with various illuminating conditions. To analyze the impor-
tance of the illumination parameter, the samples were collected based on the illumination
from direct sunlight, natural lighting inside a room and artificial lighting using a fluores-
cent bulb. The synthesized dataset was created using a mobile phone camera for different
real-time scenarios for the task of classifying fuels. It contains two classes: diesel and petrol.
This subsection describes the details of the synthesized dataset. The sample images from
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the synthesized dataset are shown in Figure 9. The total number of images in the datasets
is 2433:1515 images are from petrol, and 918 images are from diesel samples.

Figure 9. Sample images from the synthesized dataset, categorized by fuel type: the top three images
are of diesel samples, while the bottom three images are of petrol samples.

In order to improve the robustness of the models and to operate on imbalanced
datasets, we used data augmentation techniques, like flipping, scaling, and rota-
tion. These methods contribute to enhanced performance by reducing overfitting and
enhancing generalization.

All the images were captured in JPEG format under various challenging scenarios
such as static homogeneous background, outdoor, multi-view, different resolutions, and
different viewing angles.

3.2. Experimental Setup

The experiments were carried out on a system equipped with a core i3-10105 processor
and 8 gigabytes of RAM in the Windows 11 pro operating system. Python 3 program-
ming language was utilized to implement the ablation study, and several libraries were
employed, including pandas-1.0.5, numpy-1.17.3, scikit-learn-0.20, and OpenCV-3.1.0. The
proposed hybrid ALBP-MS-GLCM features were compared with the state-of-the-art feature
descriptors like LBP-only approach [27], GLCM-only approach [14], Hybrid LBP-GLCM
approach [15].

The proposed method involves several steps, including spatial normalization of input
images to a 224 x 224 pixel size and conversion of RGB images into gray-scale images.
DWT is then applied to each image, and features are extracted using a fusion of LBP
and GLCM features. The classification accuracy of six different models, including SVM,
RE KNN, DT, XGB, and LGBM,, is evaluated using GridSearchCV and RandomSearchCV
parameters with 10-fold cross-validation. The details of the hyperparameters for each ML
model are shown in Table 1. The 10-fold cross-validation visual representation is depicted
in Figure 10 for better understanding. Notably, in the 10-fold cross-validation approach,
the ten test predictions are averaged to derive the final result.
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Figure 10. Ten-fold cross-validation visual representation.

The values of precision, recall and F1 score are 0.9505, 0.9600, and 0.9552, respectively,

for the proposed approach applied on the synthesized dataset.

Deep learning technique ensemble upgraded, which is a combination of Upgraded
ResNet152V2, Upgraded InceptionResNetV2, and Upgraded EfficientNetB7 produced a

recall, precision and F1 score of 99.54, 99.69 and 99.62, respectively.

Table 1. Parameters used in GridSearchCV and RandomSearchCV and chosen hyperparameters for

each machine learning model.

ML Model Hyperparameters Values RandomSearchCV GridSearchCV
C [0.1, 10, 100, 1000] 0.1 0.1

SVM Gamma [1,0.1,0.01, 0.001] 0.1 0.1
Kernel [rbf, linear] rbf rbf
Max_depth [2, 3,5, 10, 20] 3 3

DT Min_leaf [5, 10, 20, 50] 20 20
Criterion ['Gini’, ‘Entropy’] Entropy Entropy
N_estimators [10, 50, 100] 50 50
Max_features [‘auto’, ‘log2’, ‘sqrt’]  sqrt sqrt

RF Bootstrap [‘True’, ‘False’] True True
Max_depth [3,5,6,7,8] 5 5
Min_sample_split [5, 6,7, 8] 7 8
Leaf_size [3,4,5,6,7,8,9] 6 6

K-NN N_neighbours [1,2,3,4,5,6,7] 4 4
Weights [‘uniform’, ‘“distance’] uniform uniform
Learning_rate [0.01, 0.1] 0.01 0.01
Max_depth [3,5,7,10] 7 7
Minchildweight [1,3,5] 3 3

XGB Subsample [0.5,0.7] 0.5 0.5
N_estimators [100, 200, 500] 200 100
Objective ['reg’, ‘squarederror’] squarederror squarederror
Max_features [7,8,9,10] 9 9
Max_depth [8, 10, 15] 10 10

LGBM Learning_rate [0.001, 0.01, 0.012] 0.01 0.012
Num_leaves [80, 100, 200] 100 100
N_estimators [200, 250] 250 250
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In the same way, we analyzed all six machine learning models listed above. The
confusion matrix of the proposed approach run on the synthesized dataset is shown
in Figure 11.

Confusion Matrix Heatmap

Actual Class
Diesel

Petrol

I
Diesel Petrol
Predicted Class

Figure 11. Confusion matrix of proposed approach applied on synthesized dataset.

The performance evaluation metric, i.e., classification accuracy of the ML models, is
shown in Tables 2 and 3. In this ablation study, LBP and GLCM descriptors were individ-
ually analyzed with the ML models and then the fusion of LBP and GLCM descriptors
without DWT transform was taken into consideration. Finally, the hybrid LBP and GLCM
descriptors with DWT components were considered for evaluation. As per the results in
Figures 12 and 13, the XGB model achieved better accuracy than the other classifiers.

Table 2. Classification accuracy using GridSearchCV parameters (in %) using 10-fold cross validation.

Classifiers LBP Only GLCM Only LBP & GLCM ALBP & MS-GLCM

SVM 714 76 80.5 92

RF 73.8 76.8 81.8 92.9
KNN 72 77 82 93.1
DT 72 774 82.4 92.3
XGB 78 80.5 85.4 97.3
LGBM 76 79.5 83 96.2

Table 3. Classification accuracy using RandomSearchCV parameters (in %) using 10-fold cross
validation.

Classifiers LBP Only GLCM Only LBP & GLCM ALBP & MS-GLCM

SVM 70.2 754 80.1 90.1
RF 72.5 759 80.5 92.5
KNN 71 76 81.4 92

DT 70.8 76.1 82.8 90.9
XGB 76 79.5 85 97.6
LGBM 75 78.2 83.9 95.7
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Classification Accuracy using GridSearchCV Parameters (10-fold Cross Validation)
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Figure 12. Classification accuracy using GridSearchCV parameters (10-fold Cross Validation).

Classification Accuracy using RandomSearchCV Parameters (10-fold Cross Validation)
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Figure 13. Classification Accuracy using RandomSearchCV Parameters (10-fold cross-validation).

4. Conclusions and Future Work

In this work, we performed an ablation study on fuel adulteration by integrating
different feature descriptors and modeled it with different ML algorithms.

To provide a more in-depth analysis, the hyperparameters of the ML models were
adjusted to fine tune the results based on grid search and random search. In this abla-
tion study, the XGB model achieved 97.6% accuracy using ALBP and MS-GLCM feature
descriptors on the synthesized dataset.

The data were acquired in a controlled environment, which may impact the generaliz-
ability of the ML models.

Future works are planned to include more challenging scenarios in a controlled
environment for image acquisition.
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