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Abstract

Introduction: This investigation presents a rigorous experimental evaluation of a low-cost electronic nose
(E-nose) framework, coupled with multivariate chemometric and supervised machine learning algorithms
specifically Principal Component Analysis (PCA), Random Forest (RF), and Artificial Neural Networks
(ANN) for the identification and discrimination of agricultural biofuel blends. The primary objective is to
critically appraise the operational validity and physical limitations of static metal-oxide semiconductor
sensing for fuel quality assurance, thereby establishing an empirical baseline to prevent publication bias and
guide the robust deployment of bio-based renewable fuels in compression ignition engines.

Materials and Methods: An electronic nose system comprising an array of eight commercial metal-oxide
semiconductor (MOS) gas sensors (MQ series: MQ2, MQ3, MQ5, MQ8, MQ9, MQ135, MQ137, and
MQ138) was developed and evaluated across 15 distinct fuel classes, including neat fossil diesel (D100),
waste cooking oil biodiesel (B100), fusel oil (F100), and their corresponding binary and ternary blends. A
strictly balanced dataset of 225 experimental trials was established and partitioned into a training set (n=150)
and an independent test set (n=75, with 5 replicates per class). Static steady-state voltage equilibrium
responses were acquired and standardized. Data structure and variance distribution were explored using
unsupervised Principal Component Analysis (PCA), while supervised multi-class classification and
hyperparameter tuning were conducted using Random Forest (RF) and a Multilayer Perceptron Artificial
Neural Network (ANN/MLP, 8-4-15 architecture). Sensor contribution was quantitatively assessed via Mean
Decrease in Impurity (MDI), and dimensional sensitivity was examined by contrasting the full eight-sensor
array with an optimized four-sensor subset.

Results and Discussion: Unsupervised exploratory analysis showed that although the first two principal
components captured 74.96% of the cumulative variance (PC1: 46.10% and PC2: 28.86%), extensive spatial
cluster overlap persisted across all 15 fuel treatments without clear class-separation boundaries. Supervised
classification on the independent test set yielded poor discrimination, with RF and ANN attaining overall test
accuracies of only 6.67% (95% ClI: [2.88%, 14.68%]) and 8.00% (95% CI: [3.72%, 16.37%]), and Cohen’s
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kappa coefficients of k=0.0000 and k=0.0143, respectively. Both models converged near the theoretical
random chance baseline (1/15%6.67%), with McNemar’s test confirming no statistically significant
performance difference (p=1.0000). Random Forest feature importance showed a homogeneous impurity
reduction across the array (MDI ranging narrowly from 0.1008 for MQ9 to 0.1465 for MQ8), indicating
pronounced sensor cross-sensitivity and strong collinearity. Furthermore, pruning the array to four sensors
marginally altered RF and ANN test accuracies to 10.67% and 5.33%, respectively, demonstrating the
adverse impact of collinear dimensions (curse of dimensionality) under small sample constraints and
confirming that scalar equilibrium signals lack the kinetic resolution required to decouple highly overlapping
volatile organic compound profiles.

Conclusio:nThe findings show that low-cost MOS electronic nose systems relying solely on steady-state
equilibrium readings cannot achieve granular 15-class discrimination among chemically proximate diesel,
biodiesel, and fusel oil blends, and machine learning complexity cannot compensate for baseline
informational deficits. Consequently, future developments must shift from scalar static signals to dynamic
transient-response profiling, sensor temperature modulation, and continuous chemometric regression
modeling to establish dependable, real-time quality-control protocols in biofuel refining.
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Table (1) Representative Studies on the Integration of Sensing and Analytical Techniques with
Machine Learning

Analytical Approach method Study Scope and Objective Reference
QDA, SVM, and ANN Electronic nose equipped  Identification and classification of Kakaei et
with MOS sensor in some fossil fuel adulteration al. (2025)
products
ANN, RSM Electronic nose equipped Different blends of diesel and Mahmaodi et
with MOS sensor biodiesel fuels al. (2022)
SVM Electronic nose Engine Lubrication Oil Quality Adelkhani
and
Daneshkhah
(2025)
ANN Electronic nose Classification and identification of ~ Karami et
essential oils al. (2020)
SVM/PLS NIR spectroscopy High-accuracy analysis of alcohol- Liu et
diesel blend al. (2026)
PCR and PLSR GC-MS Predict blend level of multiple- Shirley et
feedstock biodiesels al. (2026)
ANN experimental data Estimation of Properties of Doicin et

Petrodiesel—Biodiesel Mixtures al. (2025)

1- Metal Oxide Semiconductor
2- Acrtificial Neural Network

3- Electronic nose

4- Principal Component Analysis
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Table (2) Matrix of laboratory values for different fuel compositions (volume percentage).

Diesel (D) Biodiesel (B) Fusel oil (F) Fuels
100 0 0 D100
0 100 0 B100
0 0 100 F100
95 5 0 D95B5
90 10 0 D90B10
80 20 0 D80B20
70 30 0 D70B30
95 0 5 D95F5
90 0 10 D90F10
80 0 20 D80F20
70 0 30 D70F30
90 5 5 D90B5F5
80 10 10 D80B10F10
70 10 20 D70B10F20
70 20 10 D70B20F10

Table (3) Physicochemical properties of diesel, biodiesel and fusel oil fuels.

Standard Flash cetane calorific Pouring viscosity Density Component
test point  Number value point  (mmz/s) (kg/m3)
method © (MJ/Kg) ©

ASTM 65 52.2 42.72 -9 25 837 Diesel
D4052 /

EN ISO

12185

ASTM 150 52.2 39.76 3 5.5 894 Biodiesel
D93 /EN

1ISO 2719

ASTM 26 42 29.5 5 3.88 840 Fusel oil
D445 /

EN ISO

3104

Table (4) Specifications of the selected sensors in the electronic nose system.

Sensor Sensor type Diagnostic gases
number
1 MQ2 Natural gas, butane, propane, methane, alcohol, hydrogen, smoke
2 MQ3 Alcohol, benzene
3 MQ5 Natural gas, city gas, alcohol, cooking steam, carbon monoxide,
4 MQ8 Natural gas, alcohol, carbon monoxide
5 MQ9 Methane, carbon monoxide, natural gas
6 MQ135 Benzene, ammonia, carbon dioxide, carbon monoxide, alcohol
7 MQ137 Ammonia
8 MQ138 Alcohol, benzene, ammonia, dioxide, carbon monoxide
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1- L2 Regularization

2- Early Stopping
3-n-estimators

4- bootstrap

5- feature importance

6- precision

7- recall

8- Hyperparameter Tuning
9- Overfitting
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Table (5) Technical specifications and optimized hyperparameter values for the Random Forest and
MLP models.

Model Name Tuned/Set Value Determination Method / Technical Rationale

Hyperparameter / Technical

Specification in Research

Random Number of trees 100 Selected through optimization over a candidate
Forest (RF) (n_estimators) range; the range was not specified.

Random Maximum tree depth 10 Limits tree complexity to help control overfitting.
Forest (RF) (max_depth)

Random Minimum samples required 2 Standard default value.
Forest (RF) to split a node

(min_samples_split)

Random Minimum samples required at 1 Standard default value.

Forest (RF) a leaf node
(min_samples_leaf)

Random Number of features sqrt Standard classification setting; the square root of the

Forest (RF) considered at each split total number of features is considered at each split.
(max_features)

Random Split-quality criterion Gini Uses Gini impurity to evaluate candidate splits.
Forest (RF) (criterion)

Random Random seed (random_state) 42 Ensures reproducibility of experimental results.
Forest (RF)
MLP / ANN Network architecture (input- 8-32-16-15 Eight input units, two hidden layers with 32 and 16

to-output layers) units, and 15 output units.
MLP/ANN Hidden-layer activation RelLU Provides a nonlinear activation and supports efficient
function convergence.
MLP /ANN Output-layer activation Softmax Produces a probability distribution over the 15 target
function classes.
MLP/ANN Optimizer Adam Uses adaptive estimates of first- and second-order
moments.
MLP / ANN Initial learning rate 0.001 Fixed baseline learning rate selected to support
(learning_rate) stable convergence.
MLP / ANN Batch size (batch_size) 16 Small mini-batches are used for training.
MLP/ANN  Maximum number of training 200 Sets the upper limit on the number of training
epochs (epochs) epochs.
MLP / ANN Early stopping Active Monitors validation performance to help prevent
overfitting.
MLP / ANN Loss function Categorical cross-  Measures classification error across multiple classes.
entropy

MLP / ANN Random seed (seed / 42 Promotes consistent random initialization of weights

random_state)

and reproducible results.
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Table (6) Relative responses of the eight metal-oxide semiconductor (MOS) sensor array across pure
diesel, biodiesel, fusel oil, and their ternary/binary blends =15 per class, total n=225); data are
presented as mean +standard deviation.

MQ2 MQ3 MQ137 MQ135 MQ138 MQ8 MQ5 MQ9 Blends

2.54+0.78 1.65+0.24 7.10+5.32 1.04+0.17 9.20+3.93  1.40+0.22 2.41+0.87 4.37+1.25 B100
2.69+1.00 156033 6.42+451 1.05+0.17 9.12+3.89 1.69+1.01 2.62+1.30 4.24+1.48 D100
2.82+1.15 1944029 9.95+5.84 1.14+0.21 12.78+6.41 1.66+0.82 2.48+1.25 4.79+152 D70B10F20
2.66+0.80 2.00+0.34 9.20+5.47 1.10+0.18 10.49+5.52 1.62+0.78 2.21+0.73 4.51+1.12 D70B20F10
2.57+0.65 1.78+0.25 7.61+4.82 1.07+0.14 10.04+3.92 1.44+0.23 2.22+0.56 4.41+1.13 D70B30
2.69+0.85 1.88+0.27 9.09+5.59 1.10+0.19 11.79#5.79 1.45+0.16 2.33+0.72 4.64+1.20 D70F30
2.55+0.65 1.92+0.28 9.44+6.05 1.09+0.18 11.60+5.72 1.42+0.18 2.20+0.53 4.52+1.09 D80B10F10
2.80+1.00 1.76+0.25 8.68+6.01 1.10+0.22 11.23+#6.23 1.53+0.47 2.47+0.79 4.49+1.10 D80B20
2.73+1.02 1.88+0.26 9.27+5.60 1.10+0.16 12.78+7.08 1.44+0.33 2.39+0.96 4.57+1.27 D80F20
2.72#0.81 1744025 6.79+4.93 1.04+0.16 9.01+3.54 1.45+0.21 2.36+0.81 4.42+1.20 D90B10
2.56+0.67 1.90+0.28 9.03+5.47 1.09+0.19 12.25#6.45 1.38+0.15 2.21+0.54 4.51+1.12 D90B5F5
2.56+0.68 1.85+0.25 8.36+5.55 1.09+0.16 10.00+5.18 1.41+0.18 2.20+0.59 4.53+1.18 D90F10
2.65+0.86 1.72+0.26 7.23+5.04 1.06+0.20 9.05+3.21  1.40+0.25 2.47+0.82 4.36+1.12 D95B5
2.62+0.63 1.82+0.26 8.32+5.12 1.07+0.15 11.124#535 1.43+0.23 2.28+0.56 4.43+1.10 D95F5
2.59+1.10 1.69+0.26 7.11+550 1.06+0.16 9.69+4.30 1.38+0.29 2.57+1.43 4.37+1.35 F100
2.65+0.84 1.81+0.29 8.24+534 1.08+0.17 10.684#5.24 1.47+0.45 2.36+0.86 4.48+1.19 (n=225)

1- One-Way ANOVA
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Table (7) One-Way ANOVA Results and Effect Sizes across Gas Sensors.

n

Sensor response
H

n

Sensor response

F- p- Effect Size
Sensor Primary Target Gas Afactween  Afwinn  Statistic  value D)
MQ-2 Flammable gases / 14 210 1.84 0.034 0.109
Hydrocarbons
MQ-3 Alcohol vapors 14 210 2.61 0.001 0.148
MQ-5 Natural gas / LPG 14 210 1.42 0.146 0.086
MQ-8 Hydrogen gas (H5) 14 210 1.15 0.315 0.071
MQ-9 Carbon monoxide / 14 210 2.18 0.008 0.127
Hydrocarbons
MQ- Air quality / Ammonia / 14 210 1.76 0.046 0.105
135 Benzene
MQ- Volatile organic compounds 14 210 2.45 0.003 0.140
138 (VOCs)
MQ-  Ammonia / Basic organic gases 14 210 1.95 0.022 0.115
137
Figure 1. Sensor response profiles (mean * SD) across fuel classes
(a) MQ9 (b) MQ5 (c) MQ8 (d) MQ138

by

e
@

—
|
Sensor response
w
Sensor response
&
=
=
_—
Sensor response
=
e —

o 0.0 o
aaaaaaaaaa s
SSSFFieississis FEFFFeiseaisdis SIfSffiFsiissis TEETFieFiFidsis
F8585885548¢59 SFESFEFEFETS §888Fe8ag898 FEFEsEEFHIS
& e & 8 & & g8 & & & &
(e) MQ135 (f) MQ137 (g) MQ3 (h) MQ2
16 24 4
I 12 18 } ‘ 3
B 2 i3
g g g
[ 1 p
5 8 512 52
2 2 z
H 3 H
a 0.6 1
0 0.0 o
nnnnnnnn
FEffGES5855555¢ SEFFEETEsiciss FIf5FESFEEisdie FEfFFETFEFsgise
§5858g8585549 8855585459 88855584545 FEE5F 8 §49
&4 & & 4 & & & ) &

Fuel class | Bars: mean; error bars: sample SD | n =15 per class; N = 225 | Panel y-axis scales differ
Figure (1)Response profiles of the metal-oxide semiconductor sensor array (MQ9, MQ5, MQ8, MQ138,
MQ135, MQ137, MQ3, and MQ?2) across 15 fuel classes and blends; bars represent class means and

error bars denote sample standard deviations (n=15 per class, total N=225; individual y-axis scales
differ across panels).
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Table (8)Individual explained variance and cumulative variance proportions for the principal

components (PC1-PC8) obtained from PCA on standardized e-nose sensor responses using the
training dataset (N=150).

Cumulative Variance Explained Variance (/) Component
(%) (%)

47.47 47.47 PC1

74.96 27.49 PC2

86.99 12.03 PC3

92.75 5.76 PC4

96.57 3.82 PC5

98.74 217 PC6

99.63 0.89 PC7

100.00 0.37 PC8

100 Cumulative

80 1
é 40 A
20
O m

1 2 3 4 5 6 7 8
Principal component

Figure (2)Scree plot showing the explained variance of each principal component (bars) and the

cumulative variance (line) obtained from PCA on standardized responses of the eight-sensor array in
the training dataset (N=150).
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PCA scores: standardized training data (n=150)
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Figure (3) PCA score plot of standardized training data (n=150); the horizontal and vertical axes

represent PC1 (47.47%) and PC2 (27.49%) of total variance, and each point corresponds to one
experimental replicate of the 15 fuel classes.

Table (9)Optimal hyperparameters of the classifier models following grid search with 5-fold stratified
cross-validation.

Optimal hyperparameters

Model

n_estimators = 200, max_depth = None,
¢min_samples_split = 5, max_features = 'sqrt’

hidden_layer_sizes = (32,), alpha = 0.001,
learning_rate_init = 0.001

Random Forest

Multilayer Perceptron (MLP)
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RF: test confusion matrix (n=75)

3.0
B100 1 0 ] 0 ] 0 1 ] 0 ] ] 0 ] 0
D100 1 0 0 [ ] 0 1 o 0 0 o 0 0 0

D70B10F20 [} 0 0 1 0 o 1 0 1 o [ 0 [ [ 2.5
D70B20F10 1 0 0 0 0 L] 1 0 o o 0 0 0 0
D70B30 a 1 o [ 0 a o 0 o o [ 1 1 0
2.0
D70F30 1 0 a o 1 o 1 o L] o o o o o
DBOB10F10 o 0 0 1 1 L} 0 o - o 0 0 0 0

DB0B20 1 1 1 o 0 a

Actual class

D80F20 a 1 o o 0 o

D90B10 b o il [ o

1
[}
[}

1.0
DI0B5F5 4 1 0 0 1 0 o 0 o 1 o [ 0 o 0
D90F10 1 o o o o a o o 1 o o o o 1
DBSBS- ’ ’ ’ ’ ‘ ’
D95F5 1 o o o - a 1

[} o o [}

F100 J o 0 ) a
—0.0

s
£

0 0 1 o [ 0 o 0

o
=
°
o

oy 5y

o
&
)
g

Dg,
s

o i~ S e
§ & &
§ § 5 &
Q 9 Q ‘g’

Predicted class
Figure (4) Confusion matrix heatmap of the (RF) classifier on the independent test datasetfor
the 15-class classification; rows represent actual fuel classes and columns denote predicted
classes, with cell values indicating sample counts.
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Table (10) Per-class classification performance metrics (Precision, Recall, and F1-score) of Random

Forest (RF) and Artificial Neural Network (ANN) classifiers evaluated on the independent test dataset
(n=75, 5 replicates per class).

ANN-F1 ANN-R ANN-P RF-F1 RF-R RF-P Labels of
the dataset
0.0000 0.0000 0.0000 0.1176 0.2000 0.0833 B100
0.0000 0.0000 0.0000 0.2857 0.6000 0.1875 D100
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 D70B10F20
0.3333 0.2000 1.0000 0.0000 0.0000 0.0000 D70B20F10
0.1538 0.2000 0.1250 0.0000 0.0000 0.0000 D70B30
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 D70F30
0.0000 0.0000 0.0000 0.1176 0.2000 0.0833 D80B10F10
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 D80B20
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 D80F20
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 D90B10
0.1935 0.6000 0.1154 0.0000 0.0000 0.0000 D90B5F5
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 D90F10
0.1000 0.2000 0.0667 0.0000 0.0000 0.0000 D95B5
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 D95F5
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 F100
ANN: test confusion matrix (n=75)
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Figure(5)Confusion matrix heatmap of the Artificial Neural Network (ANN/MLP with 8-4-15

architecture) on the independent test dataset for the 15-class fuel classification; rows represent actual
fuel classes and columns denote predicted classes, with cell values indicating sample counts.
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Table (11) Importance coefficients of sensor characteristics.

Importance Type of the sensor
0.1465 MQ8
0.1354 MQ3
0.1345 MQ138
0.1238 MQ2
0.1237 MQ135
0.1212 MQ5
0.1142 MQ137

0.1008 MQ9
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Figure (6) Feature importance ranking of the eight gas sensors within the E-nose array based on
the Mean Decrease in Impurity (MDI) index in the Random Forest model.

Table (12)Overall performance comparison of Random Forest (RF) and Multilayer Perceptron

(ANN/MLP) classifiers based on Overall Accuracy and Macro F1-score evaluated on the independent
test dataset (n=75) under two sensor array configurations: selected subset (4 sensors: MQ3, MQ9,
MQ137, MQ138) versus full array (8 sensors).

F1 Accuracy F1 Accuracy Model
(eight sensors) (eight sensors) (four sensors) (four sensors)
0,0347 0/0667 0/,0681 0/1067 Random forest
0,0520 0,008 0,008 0/0533 MLP
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