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ABSTRACT

Electronic noses (e-noses) have become a promising technology for
gas classification in environmental and industrial safety and smart
sensing. However, sensor noise, redundancy, drift, and partial sensor
failures usually impair performance and reduce reliability in practice.
Communication-wise, the multi-sensor array could be viewed as a dis-
tributed sensing and information transmission system, noise, sensor fail-
ures, and drift are considered channel impairments. To overcome these
issues, this paper presents a reliability-conscious, fault-tolerant e-nose
model built around a masked denoising autoencoder (MDAE) with prob-
abilistic classification. The approach is based on a masking process that
causes the model to learn strong latent representations that can be used
to recreate lost or corrupt sensor signals. These acquired representations
are then used to perform correct multi-class classification. The frame-
work was evaluated using an MQ gas sensor dataset containing 40,706
samples. After exact duplicate removal, 28,441 unique samples from five
valid gas classes were retained for leakage-controlled evaluation. The
proposed MDAE + calibrated Fusion SVM achieved 100.00% accuracy,
macro-F1 of 1.000, macro-AUC of 1.000, Brier score of 0.000015, NLL
of 0.002172, and ECE of 0.002167. These results confirm excellent clas-
sification and probability calibration. While some calibrated baselines
performed slightly better on Brier, the proposed framework successfully
integrates denoising reconstruction, latent feature learning, sensor fault
restoration, and sensor dropout and noise robustness in a novel man-
ner. The efficacy of the masking strategy and denoising architecture is
shown through ablation studies, and the stability and generalizability
of the proposed framework are verified through 5-fold cross-validation.
Furthermore, the robustness analysis shows that the proposed framework
performs very well even in the presence of sensor drops and maintains
around 72%-74% accuracy even in severe multi-sensor drops. It exhibits
graceful degradation under increasing Gaussian noise, corresponding to a
resilient communication system over increasingly degraded channels. The
importance of features based on permutation provides a key insight into
the importance of particular sensors and justifies the model’s learning abil-
ity in terms of redundancy awareness. Overall, the proposed framework
achieves high classification accuracy and demonstrates robustness, relia-
bility, interpretability, and fault tolerance, and can be applied to intelligent
sensing and communication-aware systems in practical applications.
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1 Introduction

In the field of gas detection and environmental studies, electronic noses (e-noses) have become
a valuable tool because they can mimic the human sense of smell by employing sensor arrays and
pattern recognition algorithms. The use of an Electronic nose device for the classification of bacteria
was found to be feasible in initial research by Dutta et al. [1], which serves as a basis for intelligent
sensing applications. Over the years, an e-nose has evolved from its original concept into an advanced
technology, with improvements in sensor design, data acquisition, and pattern recognition. The use of
electronic noses in various applications, such as food quality, environmental monitoring, and industrial
safety, was discussed in an in-depth overview by Wilson and Baietto [2]. Machine learning algorithms,
including support vector machines, have been extensively applied to solve gas identification problems;
e.g., Zhang et al. [3] designed a hybrid SVM framework to detect indoor air contaminants.

As more and more sensing environments are integrated with the IoT, current gas sensing platforms
have evolved into multivariable, large-scale sensor arrays. Potyrailo [4] highlighted the importance of
multivariable sensors in enabling ubiquitous gas monitoring in industrial and smart settings. On the
same note, sophisticated sensing methods, such as optoelectronic sensor arrays, have been proposed
to improve sensitivity and selectivity, as described by Li et al. [5].

Recent research has also increased the uses of e-nose systems. For example, Sanislav et al. [0]
recently conducted an extensive overview of e-nose applications in food quality and safety and noted
their practical relevance. Moreover, Yu et al. [7] discussed the shift toward sensor arrays for multi-
variate chemical analysis. More sophisticated hardware deployments, including biomimetic olfactory
chips, have also been suggested to enhance sensing abilities, as shown by Wang et al. [8]. Additionally,
Sun et al. [9] examined applications for detecting adulterants in meat, whereas Tasmurzayev et al. [10]
examined applications of IoT-based air quality sensors.

Electronic nose systems have also been successfully implemented in industrial and environmental
monitoring situations. For example, Han et al. [1 1] developed a gas-sensing system to monitor volatile
compounds in tea processing. Likewise, Wang et al. [12] reported that e-nose technology was used
to monitor wastewater treatment plants. Nevertheless, even with these developments, it is difficult to
apply e-nose systems in practice due to sensor limitations.

Sensor drift is one of the greatest problems in e-nose systems, leading to deterioration in model
performance over time. Hu et al. [13] explored gas recognition in the presence of sensor drift using
deep learning, demonstrating its greater adaptability than conventional approaches. Smoothing and
feature transformation are also suggested as signal preprocessing techniques that can enhance data
quality, as demonstrated by Wang et al. [14]. Furthermore, sensor-based detection systems have also
been considered in agriculture, which are discussed by Fundurulic et al. [15].

Multi-sensor data fusion techniques have been proposed to increase a system’s robustness. A
proposal for the adaptive weighting of a multi-sensor fusion strategy for condition monitoring
applications was presented by Zhao et al. [16]. Nonetheless, they generally assume a consistent sensor
input and do not explicitly consider sensor failures or missing data.

With the advent of deep learning, the ability of e-nose systems to learn complex patterns directly
from raw sensor data has greatly improved. Goodfellow et al. [1 7] developed the basic principles of deep
learning architectures that enable automatic feature extraction and improved generalization. Besides
prediction accuracy, recent studies have aimed to enhance model reliability through calibration and
uncertainty estimation.
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The neural networks have been investigated by Guo et al. [18], who showed that contemporary
deep models tend to be overconfident and need after-processing methods. Deep learning strategies,
such as Bayesian deep learning, have been proposed to estimate predictive uncertainty, as described
by Kendall and Gal [19]. The concept of dropout-based uncertainty estimation was proposed by
Gal and Ghahramani [20] as an approximate method to Bayesian inference. On the same note, deep
ensemble techniques have been shown to enhance predictive uncertainty estimation, as observed
by Lakshminarayanan et al. [21]. Abdar et al. [22] conducted a thorough review of methods for
quantifying uncertainty.

The selective prediction, also called classification with a reject option, was first proposed by
Chow [23] and has been studied extensively in the pattern recognition literature. It’s designed to
improve decision-making reliability by enabling a model to abstain from making predictions when it’s
unsure. More recently, Geifman and El-Yaniv [24] applied the same concept to deep neural networks
by developing a method for selective classification and later proposed SelectiveNet [25] for end-
to-end learning of prediction and selection functions. These methods have significantly advanced
the deployment of trustworthy Al to critical safety applications by reducing the risk of incorrect
predictions.

Although electronic nose systems and deep learning-based classification have made remarkable
progress, there are still several limitations:

e Most current researchers focus on classification accuracy but have little fault tolerance or
robustness. Sensor drift and noise are considered to some extent, but sensor dropout and failure
conditions are still mainly ignored.

e Current deep learning-based approaches do not explicitly include reconstruction processes for
distorted sensor data.

e Reliability methods focus on estimating uncertainty, and robustness is not considered alongside
fault restoration.

Although significant progress has been made in electronic nose systems, most prior work has
focused on increasing classification accuracy under normal operating conditions. Few efforts have
been made to simultaneously recover sensor corruption, fault tolerance, and prediction reliability in a
joint learning framework. Furthermore, from a communication point of view, multi-sensor arrays are
still underexploited, where sensor measurements can be considered as information streams corrupted
by channel-like impairments such as sensor outages, noise, and drift. Inspired by these limitations,
this work proposes a communication-aware masked denoising autoencoder framework capable of
restoring sensor signals, robustly learning representations, and reliably characterizing the gas.

From a communication systems perspective, the electronic nose can be viewed as a distributed
sensing and information transmission system. Every sensor is an information source that produces
a stream of measurements which characterize the gas environment. Like communication channels,
sensors can suffer from problems such as noise, drift, missing data, and hardware failures, which
can make the information sent inaccurate and affect decision-making. Thus, its key challenge is
to improve the reliability of the sensor information transmitted and recovered. Inspired by this
view, the proposed framework introduces principles of communication-aware learning and treats
sensor degradations as channel impairments, thereby facilitating the learning of apprisning fault-
resilient latent representations that can be reconstructed from degraded sensor information via masked
denoising autoencoding.
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In this paper, a new communication-aware masked denoising autoencoder (MDAE) framework is
proposed to address these challenges for reliability-aware, fault-tolerant gas classification in electronic
nose (ENoS) systems. The proposed method combines sensor restoration and latent representation
learning within a unified MDAE framework, followed by a calibrated linear SVM for probabilistic
classification. The major technical achievements of this work are outlined as follows:

e A communication-aware masked denoising autoencoder (MDAE) framework is developed in
which sensor noise, drift, missing measurements, and partial sensor failures are modeled as
communication-channel impairments. Through stochastic masking and denoising reconstruc-
tion, the framework learns fault-resilient latent representations that can recover corrupted or
missing sensor information.

e A fault-restorative learning mechanism is introduced that combines reconstruction-based
signal recovery with latent-feature-driven gas classification. The proposed framework explicitly
improves fault tolerance and reliability under sensor degradation conditions, whereas tradi-
tional autoencoder-based methods aim only at feature compression.

e The robustness and reliability of the algorithm are assessed comprehensively through ablation
studies, 5-fold cross-validation, sensor dropout analysis, noise injection analysis, computational
complexity analysis, and probabilistic calibration analysis. The results show that the proposed
method can provide highly reliable, well-calibrated classification and is robust even in poor
sensing environments.

2 Materials and Methods

2.1 Dataset Description

The proposed approach is tested on a publicly available MQ sensor dataset comprising 40,706
samples from six gas sensors (MQ-2, MQ-5, MQ-6, MQ-8, MQ-9, and MQ-135). Each sample is a
multivariate sensor response vector that is associated with varying gas exposure conditions. Before
model training, exact duplicate feature-label rows were removed to avoid possible data leakage. This
reduced the dataset from 40,706 samples to 28,442 unique samples. After de-duplication, Class 3
retained only one unique sample and was therefore excluded because it could not support strati-
fied train/validation/test splitting or cross-validation. The final leakage-controlled dataset contained
28,441 samples from five gas classes.

The dataset can be mathematically represented as in Eq. (1)
X € R¥ (1)
where:

e N is the number of samples
e d is the number of sensors (features)

The respective class labels are defined as given in Eq. (2):
yel{l,2,....c\" 2)
where C represents the number of gas classes.

The resulting leakage-controlled dataset exhibits a five-class distribution that is imbalanced but
sufficiently represented, suitable for supervised learning and statistical validation. Table | presents the
summary of the dataset.

https://www.scipedia.com/public/Rahman_2026 4


https://www.scipedia.com/public/Rahman_2026

S. Rahman,
A communication aware masked denoising autoencoder framework for reliability

S I P E D I A aware and fault tolerant gas classification in electronic nose systems,
Rev. int. métodos numér. calc. diseno ing. (2026). Vol.42, (6), 157

Table 1: Dataset summary

Property Value

Original samples 40,706

Unique samples after de-duplication 28,442

Final samples used 28,441

Removed duplicate rows 12,264

Final number of classes 5

Sensors used MQ-2, MQ-5, MQ-6, MQ-8, MQ-9, MQ-135

To ensure an unbiased evaluation, all subsequent train/validation/test partitions and cross-
validation experiments were performed exclusively on the de-duplicated dataset, thereby eliminating
exact feature-label overlap between data partitions.

2.2 Data Preprocessing
To improve numerical stability, accelerate network convergence, and ensure consistent feature
scaling, z-score normalization is applied to each sensor channel before model training, as defined
in (3). To prevent information leakage, the normalization parameters are estimated solely from the
training set and subsequently applied to the validation and test sets without modification.
By = M (3)
0;

where:
e 1, and o; denote the mean and standard deviation of the /™ sensor, respectively.

This normalization eliminates scale differences among sensor channels, improves optimization
stability, and prevents features with larger numerical ranges from dominating the learning process.

2.3 Masked Denoising Strategy
To simulate realistic sensor failures and measurement corruption, a stochastic masking mecha-
nism is introduced before feature learning. A binary mask matrix is determined as given in Eq. (4):

M ~ Bernoulli(1 — p) 4)

where p is the masking probability; in all experiments, the masking probability was fixed at p = 0.20,
indicating that 20% of sensor measurements were randomly masked during training. The masking
operation was applied together with Gaussian noise injection and random scaling perturbations
to emulate realistic sensor degradation conditions. Validation and testing were performed without
intentionally masking sensor channels, thereby ensuring an unbiased assessment of reconstruction
and classification performance.

The corrupted input is then generated as given in Eq. (5):
Xk = M O X )

where © denotes element-wise multiplication.
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The formulation also enables the model to learn even when there is sensor dropout and partial
data loss, as is common in actual e-nose systems.

2.4 Masked Denoising Autoencoder (MDAE)
The main element of the suggested framework is a denoising autoencoder, trained to restore the
original input from corrupted observations.

The encoder projects the corrupted input to a latent representation as shown in Eq. (6):

z = f,(Xpus) = 0 (W KXo + b.) (6)
The decoder recreates the original signal as given in Eq. (7):

X =g,(2) = 6(W,z+b,) @

where:

e zis the latent representation

e X is the reconstructed output

The corrupted inputs are masked sensor measurements, additive Gaussian noise, and multiplica-
tive random scaling perturbations, so that the network learns robust representations under various
conditions of sensor degradation during training. The objective for the reconstruction is formulated
in terms of Mean Squared Error (MSE) as presented in Eq. (8):

1 N
Ercc = N Z ||Xi - /\Xil|2 (8)
i=1

This loss guarantees that the model learns to extract the original sensor values from corrupted
inputs.

The masking probability directly controls the trade-off between reconstruction accuracy and
robustness. If a low masking probability is used, reconstruction accuracy would be high, but the
ability to withstand faults would be limited, as only a small proportion of the sensor information was
corrupted during training. However, a very high masking probability can result in the loss of significant
information, making reconstruction more challenging and impacting the quality of the latent features
and classification accuracy. Based on the experimental evaluation, a masking probability of 20% was
selected as an effective compromise, providing reliable signal restoration while maintaining robustness
against sensor dropouts, noise injection, and partial sensor failures

2.5 Latent and Reconstruction-Assisted Fusion Classification

The normalized sensor measurements, reconstructed sensor signals, and latent representations
learned by the MDAE are concatenated to form a unified fusion feature vector. This feature vector is
subsequently classified using a calibrated linear Support Vector Machine (SVM). The SVM decision
function is expressed as in Eq. (9):
s= W, F+ b, 9)
where

e F is fusion feature vector

e sis SVM decision scores
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The calibrated posterior probabilities are subsequently evaluated using standard probabilistic per-
formance measures including Negative Log-Likelihood (NLL), Brier Score, and Expected Calibration
Error (ECE). The corresponding cross-entropy formulation is expressed as in Eq. (10):

N
Ly = — Z ZYi.c log(¥:.) (10)
=1 =1

The raw SVM decision scores are converted into posterior probabilities using sigmoid (Platt)
calibration before probabilistic evaluation.

The proposed framework Overview is shown in Fig. I. The model consists of preprocessing,
masking-based corruption, denoising autoencoder reconstruction, latent feature extraction, and
classification. The detailed architecture of the proposed MDAE-based framework is shown in Fig. 2. It
demonstrates the masked input, encoder-decoder architecture, latent representation, and classification
layer. The architecture combines reconstruction and classification into a single framework. The
encoder is used to squeeze the input into a latent space, and the decoder is used to rebuild the signal.
The classifier is applied to the latent representation, making it robust.

Dataset (MQ Sensor Data)

Xy | X2 [ oo o X6

x1 | X2 oo || 3%

Data Preprocessing

211:%11 /01

!

Masking-Based Corruption

X1 My,
o (T
r

21

My,

Stochastic Masking
Probability p(M=0)=p

Masked Denoising Autoencoder (MDAE)

>
»>|
U
S

Reconstruction
(=] 2 [ [ ]
Classification Prediction
—> C —
= 8
L C

[ Missing or Noisy Data [ Gas Classification
Restoration

Figure 1: Overall flowchart of the proposed method
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Figure 2: Detailed architecture of the proposed MDAE-based framework

2.6 Experimental Setup

The dataset was partitioned into 69.9975% training, 14.9995% validation, and 15.0030% testing
subsets using stratified sampling, as summarized in Table 2. Stratified partitioning preserves the
class distribution across all subsets, ensuring that each gas category is proportionally represented in
the training, validation, and testing sets. This approach minimizes sampling bias and improves the
reliability of performance evaluation. Consequently, the relative proportions of all five gas classes
remain approximately unchanged across the three data partitions. Exact feature-label overlap was
verified after dataset partitioning. No duplicate feature-label pairs were observed between the training,
validation, and testing subsets, confirming complete leakage-free evaluation.

Table 2: Data split configuration

Set Samples Ratio

Training 19,908 69.9975%
Validation 4266 14.9995%
Testing 4267 15.0030%
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The initial MDAE framework was developed and validated in MATLAB. The final implemen-
tation, including probabilistic calibration, robustness analysis, leakage-controlled evaluation, cross-
validation, and repeated hold-out validation, was performed in Python (Anaconda) using PyTorch and
scikit-learn. A fixed random seed (42) was used throughout all experiments to ensure reproducible data
partitioning and model training. The proposed masked denoising autoencoder (MDAE) employed an
encoder architecture with 32 hidden neurons followed by a 16-neuron bottleneck layer and symmetric
decoder reconstruction layers. ReLU activation functions were used throughout the hidden layers.
The network was trained using the Adam optimizer with a learning rate of 0.001, a mini-batch size
of 256, L2 regularization of 1 x 107, and a maximum of 120 training epochs with early stopping
(patience = 20) based on validation loss. During training, a masking probability of 0.20 was applied,
along with Gaussian corruption noise (¢ = 0.05) and random signal scaling between 0.95 and
1.05, to simulate realistic sensor degradation conditions. For classification, the normalized sensor
measurements, reconstructed outputs, and latent representations were concatenated to form a fusion
feature vector, which was subsequently classified using a calibrated linear Fusion SVM with sigmoid
(Platt) probability calibration. All experiments were executed on a workstation equipped with an
NVIDIA RTX 5090 GPU and 64 GB RAM.

2.7 Ablation Study Design

To assess the impact of the individual component, the combinations as given in Table 3 are
explored:

Table 3: Ablation configurations

Model Description

A0 Raw features + SVM

Al Raw features + MLP

A2 Autoencoder + SVM

A3 Proposed MDAE + classifier

This experimental design separates the impact of reconstruction from that of masking.

2.8 Cross-Validation Strategy
To evaluate the stability and generalization capability of the proposed framework, 5-fold stratified
cross-validation was performed, as shown in Eq. (11):

=D (11)

Each fold was used once as the validation fold, while the remaining four were used for training.

The last performance is calculated as given in Eq. (12):

. I < .
Metric,,, = 3 Z Metric, (12)
k=1
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3 Results and Discussion
3.1 Dataset Characteristics and Sensor Relationships

The final class distribution of the leakage-controlled MQ sensor dataset is shown in Fig. 3 after
removing duplicates and the under-represented class. While the five gas classes are not perfectly bal-
anced, each class has enough samples to provide reliable supervised learning and stratified evaluation.
Removing duplicate observations reduces the risk of overly optimistic performance while preserving
the distribution of the remaining gas categories.

Class Distribution
T

8000

7000

6000

5000

4000

Count

3000

2000

1000

1 2 4 5

Figure 3: Class distribution of the MQ sensor dataset

The class imbalance lies between 0.02 and 0.30, which gives an idea of real-world conditions
to assess the performance of intelligent gas classification systems. The proposed masked denoising
autoencoder (MDAE) learns robust representations in the latent space across all sensor channels,
thereby mitigating the impact of redundancy, measurement noise, and partial sensor failures. As a
result, even with the different class frequencies, the learned feature representations are discriminative
for all gas categories.

Fig. 4 illustrates the Pearson correlation matrix for the six MQ gas sensors after preprocessing.
The correlation analysis provides insight into the redundancy and complementarity of the sensor
responses. Strong positive correlations are observed between certain sensor pairs, such as MQ-5
and MQ-6, indicating partially overlapping sensing characteristics. In contrast, weaker or negative
correlations are observed for pairs such as MQ-5 and MQ-9, suggesting that these sensors capture
complementary information about the gas environment. The coexistence of both correlated and
weakly correlated sensor channels justifies the proposed fusion strategy, which learns complementary
latent representations from multiple sensors to improve classification robustness and reduce sensitivity
to individual sensor failures or measurement noise.

The observed sensor diversity also supports the masking-based denoising strategy adopted in the
proposed MDAE, enabling the framework to recover useful latent information even when individual
sensor measurements are corrupted or unavailable.
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Figure 4: Sensor correlation matrix

3.2 Classification Performance

The classification performance of the proposed framework was first evaluated using the confu-
sion matrix shown in Fig. 5, which provides a class-wise assessment of prediction accuracy on the
independent leakage-controlled test set.

Proposed MDAE + Calibrated Fusion SVM
T T T

T T
1F 455 0 0 0 0 -
2F 0 .
E
Q
2 4r 0 7
£
=
5h 0 .
6F 0
1 1 1 1
1 2 4 5 6

Predicted Class

Figure 5: Confusion matrix of the proposed model demonstrating perfect classification performance
across all classes
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The independent de-duplicated test set consisted of 4267 samples. The proposed MDAE-based
fusion framework correctly classified every test sample, resulting in a confusion matrix with no off-
diagonal entries. Consequently, all five gas classes achieved 100% class-wise recognition accuracy,
indicating that no false positives or false negatives were observed under the leakage-controlled
evaluation protocol.

Fig. 6 presents the receiver operating characteristic (ROC) curves of the proposed framework.
All five gas classes achieved an area under the ROC curve (AUC) of 1.000, indicating perfect class
separability on the independent leakage-controlled test set. The ROC curves closely follow the upper-
left boundary, demonstrating excellent discriminative capability with negligible overlap among the
class distributions.

}{(())C Curves - Proposed MDAE + Fusion SVM

<
oo
)

0.6 1

o
~

—— Class 1 (AUC = 1.00)
e Class 2 (AUC = 1.00)
021 /" —— Class 4 (AUC = 1.00)
7 —— Class 5 (AUC = 1.00)
’ —— Class 6 (AUC = 1.00)

True Positive Rate (Positive label: 1)

0.0+~ | . . |
0.00 0.25 0.50 0.75 1.00
False Positive Rate (Positive label: 1)

Figure 6: ROC curves of the proposed model

The proposed fusion strategy is based on the assumption that multiple sensors share correlated
and weakly correlated sensor channels, suggesting that complementary latent representations can be
learned across sensors to make classification robust to the failure of any single sensor or measurement
noise. The perfect classification performance is largely due to the natural separability of the MQ sensor
dataset, enabled by leakage-controlled preprocessing and duplicate removal. Only five (1, 2, 4, 5, and
6) of the six gas classes in the final dataset had sufficient numbers of unique samples; Gas Class 3 had
only one sample left after de-duplication. The other classes show sufficiently different characteristics
of their sensor response, allowing for near-perfect discrimination in nominal operating conditions with
both the conventional classifiers and the proposed framework.

Thus, classification accuracy is not a good measure for distinguishing the proposed framework
from traditional machine learning approaches on this dataset. Rather, the key benefit of the proposed
MDAE framework is its ability to reconstruct corrupted sensor measurements, sustain reliable classi-
fication even in the presence of sensor degradation, provide well-calibrated probabilistic predictions,
and increase robustness to sensor dropouts and measurement noise. The benefits of these are further
illustrated in the ablation study, cross-validation, probability calibration analysis, and robustness
experiments discussed in the next sections.
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3.3 Ablation Study

The ablation study results are summarized in Figs. 7 and &, where the classification accuracy of
the configurations (A0-A3) tested is compared, and the probabilistic calibration of the configurations
tested is compared using the Brier Score in Fig. 8.

Ablation Study: Accuracy
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Figure 7: Ablation study: accuracy comparison
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Figure 8: Ablation study: brier score comparison

As observed in Fig. 7, all the analyzed configurations (A0-A3) yielded almost 100% classification
accuracy on the leakage-controlled MQ sensor data set. This observation verifies that the data set is
intrinsically well separated and that even common machine learning models can achieve very high
classification accuracy under nominal operating conditions. It is therefore not sufficient to rely solely
on classification accuracy to differentiate the proposed approach from simpler baseline approaches.
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It will be more informative to compare the quality of the predicted probabilities, as done in Fig. 8.
The proposed MDAE-based Fusion SVM has been calibrated using the sigmoid (Platt) calibration
method, and the resulting Brier Score, NLL, and ECE values are 0.000015, 0.002172, and 0.002167,
respectively, demonstrating high reliability of probabilistic predictions. The calibrated Random Forest
and MLP gave slightly lower Brier Scores; however, these models lack the ability to reconstruct, learn
latent features, restore sensors, or be robust to sensor loss and measurement noise.

The ablation study on the proposed framework therefore shows that the major benefit lies not in
classification accuracy, but in integrating all these steps—masking-based denoising, reconstruction-
assisted feature learning, probabilistic calibration, and fault-tolerant sensing—into a single frame-
work. Such capabilities are especially useful when considering realistic operating conditions in which
sensors degrade, as shown in the following robustness experiments.

The comparison also demonstrates that each of the suggested framework elements can provide
the necessary functionality, masking makes it more robust, reconstruction makes it more feature-rich,
and calibrated Fusion SVM provides more reliable probabilistic decisions.

3.4 Performance Validation
3.4.1 5-Fold Cross-Validation

The generalization ability of the proposed framework was tested using 5-fold stratified cross-
validation, and the resulting classification accuracy is shown in Fig. 9.

5-Fold Cross-Validation Accuracy
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Figure 9: 5-fold cross-validation accuracy

The proposed framework showed almost similar classification accuracy for all five folds with an
average accuracy of 1.000 4 0.000, as shown in Fig. 9. The small difference between the folds suggests
that the feature representations learned are robust with respect to the split of the training and validation
data sets and are not sensitive to the specific split.
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The results indicate that the proposed framework has achieved good generalization across all folds
and does not amplify the negative impact when the validation partition changes. This is because the
leakage-controlled MQ sensor set has a natural separability that is unlikely to be advantageous for
a train-test split. Additionally, there is no significant variation between the folds that would indicate
that overfitting to a particular fold is the cause of the results reported.

The proposed framework was observed to have consistently high Macro-F1 and Macro-AUC,
and excellent probabilistic calibration across all folds, as evidenced by the Brier Score, Negative Log
Likelihood (NLL), and Expected Calibration Error (ECE) reported in Table 4. All these results show
the robustness, stability, and repeatability of the proposed framework.

Table 4: Statistical validation of the proposed framework using 5-fold cross-validation

Metric Mean Standard deviation 95% Confidence interval
Accuracy 1.000000 0.000000 [1.000000, 1.000000]
Macro-F1 1.000000 0.000000 [1.000000, 1.000000]
Macro-AUC 1.000000 0.000000 [1.000000, 1.000000]
Brier score 0.000029 0.000013 [0.000013-0.000045]
NLL 0.002547 0.000230 [0.002261-0.002833]
ECE 0.002539 0.000227 [0.002257-0.002820]

3.4.2 Statistical Validation

The results from the 5-fold cross-validation experiments were used to assess the reliability, stability,
and generalization potential of the proposed framework through statistical validation. The mean,
standard deviation, and 95% confidence interval were calculated for each evaluation metric. A
confidence interval is the interval computed as shown in Eq. (13):

S
CI u(,:)_C:tZ n—-1""= 13

95% 0.975,n—1 ﬁ ( )
where X is the mean value, s is the standard deviation, n = 5 is the number of folds, and #,4;5,_, is the
critical value of Student’s z-distribution. The statistical validation is given in Table 4.

The statistical findings show good consistency across all folds of cross-validation. The stan-
dard deviation is zero for Accuracy, Macro-F1, and Macro-AUC, signifying that the classification
performance is the same for all folds. However, the MQ sensor dataset is highly separable post-
leakage-controlled preprocessing, which causes these measures to become saturated and thus not
distinguishable between competing methods. The Brier Score, Negative Log-Likelihood (NLL), and
Expected Calibration Error (ECE) are more informative, as they provide a measure of the quality
of the predicted probabilities beyond just the predicted class labels. The small standard deviations
and consistently low mean values of these calibration metrics for the proposed framework give further
evidence of the stability, reliability, and well-calibration of probabilistic predictions across the different
data partitions.

3.5 Reconstruction Capability
The restoration presentation is shown in Fig. 10.
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Figure 10: Input vs. reconstructed sensor patterns

The reconstructed signals have close resemblance to the original inputs in all the samples and
maintain the following:

e Amplitude patterns
e Relative sensor relationships
e Signal trends

This confirms that the masked denoising autoencoder can effectively learn the underlying data
distribution and reconstruct corrupted or missing signals.

3.6 Feature Importance Analysis
The permutation importance results are shown in Fig. 11.

From the permutation analysis, it is seen that MQ-135 and M Q-6 are most strongly influencing the
classification, and MQ-2 is least strongly influencing it. This establishes that the model uses redundant
sensor channels in addition to dominant ones for robust decision-making.

3.7 Robustness under Sensor Dropout
The robustness results under sensor failure are shown in Fig. 12.

When the individual sensors (MQ-2, MQ-5, MQ-6, MQ-8, or MQ-9) were dropped, the associated
performance drop was negligible. In moderate cases of MQ-135 dropping, degradation was moderate,
and the most severe cases of multi-sensor dropout lowered accuracy to about 72%-74%. The results
show that these systems can provide fault tolerance in the presence of single-sensor and severe multi-
sensor failures.
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Figure 11: Permutation importance of sensors
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Figure 12: Performance under sensor dropout scenarios

3.8 Robustness under Noise Injection
The performance under Gaussian noise is shown in Fig. 13.

At low and moderate noise levels up to 6 = 0.20, the proposed framework maintained nearly
perfect accuracy and macro-F1. Performance decreased gradually at higher perturbation levels,
reaching approximately 96% accuracy at 6 = 0.50. This confirms graceful degradation under severe
Sensor noise.
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Figure 13: Robustness under noise injection

The outcomes show that the proposed model not only improves classification accuracy but also
enhances reliability and fault tolerance, which are essential for the application of an e-nose system in
the real world.

The alternative interpretation of the robustness results is from a communication perspective. The
scenarios of Gaussian noise injection and sensor dropouts simulate channel impairments commonly
found in real-life distributed sensing networks. The proposed MDAE framework can correctly
classify data with high accuracy even in the presence of these disturbances, demonstrating its ability
to extract useful information from corrupted sensor data. Consequently, the proposed method
improves information reliability in a manner analogous to fault-resilient communication systems that
employ redundancy and error-recovery mechanisms to preserve data integrity under adverse channel
conditions.

3.9 Computational Complexity and Deployment Considerations

To evaluate practical deployability, the computational cost of the proposed MDAE framework was
compared with the baseline models used in the ablation study. The results are summarized in Table 5,
where both offline training cost and online inference latency are reported for all ablation-study models.
The raw ECOC-SVM model (A0) and raw MLP model (Al) have the lowest computational cost
because they operate directly on the normalized sensor features. The plain autoencoder-based model
(A2) introduces an additional representation learning stage and therefore requires longer training time.
The proposed MDAE model (A3) further incorporates stochastic masking, denoising reconstruction,
latent feature extraction, and reconstruction-assisted fusion. Consequently, a higher offline training
time is required compared with the baseline models.

However, the inference cost remains very low for all models. The proposed A3 model required
only 0.00258 ms per test sample, only slightly higher than A2 and still suitable for real-time gas
classification. The masking operation is used only during training and does not increase inference-
time complexity. Therefore, although the proposed method incurs higher offline training costs, its
deployment-time latency remains negligible for practical electronic noses and edge-based intelligent
sensing systems.
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Table 5: Computational complexity and deployment-time performance comparison of the evaluated
models

Model Main components Training Inference Inference time
time (s) time (s) per sample (ms)

A0 Raw linear SVM 3.247 0.0165 0.00387

Al Raw MLP 0.550 0.0200 0.00469

A2 Plain AE + Latent SVM 17.846 0.00652 0.00153

A3 Proposed MDAE + Fusion SVM 19.074 0.0110 0.00258

These results indicate that the proposed MDAE framework primarily increases offline training
cost, while maintaining a very low inference latency of only 0.00258 ms per sample. Therefore, the
method remains suitable for real-time electronic nose and intelligent sensing applications.

3.10 Comparison with Recent State-of-the-Art Methods

To further evaluate the effectiveness of the proposed framework, its performance was qualitatively
compared with recent state-of-the-art methods reported in the electronic nose and intelligent sensing
literature. Table 6 summarizes this comparison. Traditional machine learning approaches, such as the
hybrid SVM (VSVM) proposed by Zhang et al. [3], achieve excellent classification performance but do
not explicitly address sensor corruption, missing data, or fault recovery. Hu et al. [13] proposed a deep
learning method for sensor drift compensation that is robust to sensor drift but does not reconstruct
corrupted sensor measurements. Adaptive multi-sensor fusion methods, such as those proposed
by Zhao et al. [16], improve information integration but assume that valid sensor measurements
remain available. Reliability-oriented methods proposed by Guo et al. [18], Kendall and Gal [19],
and Lakshminarayanan et al. [21] mainly focus on probability calibration and uncertainty estimation
rather than sensor reconstruction or fault recovery. The proposed communication-aware MDAE
framework addresses the key limitations of existing electronic nose methods by jointly integrating
sensor reconstruction, robust latent representation learning, reliability-aware probabilistic classifica-
tion, and fault-tolerant gas classification within a unified architecture. Unlike previous approaches
that focus primarily on classification accuracy, sensor drift compensation, multi-sensor fusion, or
uncertainty estimation individually, the proposed framework combines these capabilities into a single
end-to-end solution. Experimental results demonstrate excellent classification performance (100%
accuracy and macro-AUC of 1.000), high-quality probability calibration (Brier score = 0.000015,
NLL = 0.002172, and ECE = 0.002167), and strong robustness under sensor dropout and Gaussian
noise. These characteristics make the proposed framework well-suited for reliable, intelligent sensing
and communication-aware electronic nose applications.

3.11 Comparison with Classical Machine Learning Baselines

To further evaluate the effectiveness of the proposed communication-aware masked denois-
ing autoencoder framework, additional experiments were conducted using several widely adopted
machine learning classifiers. The baseline methods selected are Random Forest (RF), Kernel Support
Vector Machine (Kernel SVM), Boosted Decision Trees (BDT), Multilayer Perceptron (MLP) and
ECOC-SVM. These are some of the most popular algorithms that are used for gas classification and
intelligent sensing. The comparative performance results on the test set are shown in Table 7.
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Table 6: Comparison with recent state-of-the-art electronic nose gas classification methods

Ref. Method Dataset/ Accuracy Fault Reliability Reconstruction
Scenario (%) tolerance analysis  capability
Zhang et al. [3] Hybrid SVM Indoor 95-98 No No No
contaminants
Huetal. [13] Deep learning Drift dataset  ~97 Partial No No
under sensor drift
Zhao et al. [16] Multi-sensor Pump High Partial  No No
fusion monitoring
Wang et al. [14] SG + Image Gas ~98 No No No
conversion recognition
Guo et al. [18] Calibration Generic DL N/A No Yes No
framework
Kendall and Gal [19] Bayesian DL Generic DL N/A No Yes No
Lakshminaray Deep ensemble Generic DL N/A No Yes No
anan et al. [21]
Proposed MDAE + Fusion MQ dataset 100 Yes Yes Yes
SVM

Table 7: Comparison with classical machine learning baselines

Model Accuracy Macro-F1 Macro- Sensor Fault Robustness
(%) AUC reconstruction  restoration  analysis

ECOC-SVM 100.00 1.000 1.000 No No No

MLP 100.00 1.000 1.000 No No No

Plain AE 4+ SVM 100.00 1.000 1.000 Limited Partial No

Kernel SVM (RBF) 100.00 1.000 1.000 No No No
Random forest 100.00 1.000 1.000 No No No
Boosted trees 100.00 1.000 1.000 No No No
Proposed MDAE + 100.00 1.000 1.000 Yes Yes Yes

Fusion SVM

The achieved results show that the separation between classes in the measurements collected from
the MQ sensor data set is very good, and all classical machine learning methods tested in the work
perform excellent classification. Although classification accuracy is important, it is not sufficient
to fully describe a model’s usefulness for practical deployment of an electronic nose. The proposed
communication-aware MDAE framework integrates masked denoising reconstruction, sensor fault
restoration, latent feature learning, probabilistic reliability assessment, sensor-dropout resilience, and
robustness evaluation under noise perturbations, features not included in traditional classifiers. As a
result, the proposed framework will offer greater robustness to sensor degradation and impairments
that are characterized by conditions similar to those of communication channels, while still achieving
high classification accuracy for gases. The proposed method has capabilities that make it more
appropriate for real-world intelligent sensing and communication-related electronic nose applications.
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3.12 External Validation on an Independent Dynamic Gas Mixture Dataset

To evaluate the generalizability of the proposed method, another validation study was conducted
on the publicly available Gas Sensor Array under Dynamic Gas Mixtures dataset. This dataset
contains dynamic gas-mixture measurements that are collected under different sensing conditions.
The dataset includes sensor measurements from various gas-sensor channels under ethylene—CO and
ethylene—methane mixture scenarios. In order to evaluate transferability, a balanced subset containing
100,000 samples (50,000 samples per mixture class) was constructed. The proposed methodology
has been followed in the same manner as the preprocessing pipeline. The results obtained are
summarized in Table 8. The proposed approach has yielded classification accuracy very close to the
optimum. It achieves an accuracy of 99.99%, precision of 99.99%, recall of 99.99%, macro-F1 score of
99.99%, and macro-AUC of 0.9999. The successful performance on this independent dataset provides
additional evidence that the proposed method is transferable beyond the original MQ sensor dataset.
The presented results demonstrate strong robustness and generalization across different gas-sensing
scenarios.

Table 8: External validation results on the dynamic gas mixture dataset

Metric Proposed MDAE framework
Accuracy (%) 99.99

Precision (%) 99.99

Recall (%) 99.99

Macro-F1 (%) 99.99

Macro-AUC 0.9999

Although the proposed method is performing well on both the MQ sensor dataset and the
independent Dynamic Gas Mixture dataset. However, the practical deployment will be an important
future research direction. Future work will focus on hardware-level implementation using real-time
electronic nose systems. Furthermore, extensive field testing under dynamic environmental conditions
will be conducted to further evaluate the robustness and practical applicability of the proposed
framework.

4 Conclusions

This paper presents a reliability-aware, fault-tolerant electronic nose (e-nose) framework based
on a communication-aware masked denoising autoencoder (MDAE) for robust gas classification.
The proposed framework addresses key limitations of conventional e-nose systems, including sensor
noise, redundancy, missing measurements, and partial sensor failures, by learning robust latent rep-
resentations through structured masking and denoising reconstruction. Experimental evaluation on
a leakage-controlled MQ sensor dataset demonstrated excellent classification performance, achieving
100.00% accuracy, a macro-AUC of 1.000, and outstanding probability calibration with a Brier score
0f0.000015, NLL 0f0.002172, and ECE of 0.002167. The ablation study confirmed the effectiveness of
the masking strategy, denoising reconstruction, and reconstruction-assisted feature learning, while the
5-fold cross-validation results demonstrated the stability and generalization capability of the proposed
framework across different data partitions. Robustness experiments further showed that the frame-
work maintained reliable classification performance under challenging conditions, including sensor
dropout and Gaussian noise injection, exhibiting graceful performance degradation under severe
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sensing impairments. In addition, the reconstruction capability enabled effective recovery of corrupted
sensor signals, thereby improving the overall system’s reliability and fault tolerance. Permutation-
based feature importance analysis also provided valuable insights into the contribution of individual
sensors, enhancing the interpretability of the proposed framework. Furthermore, external validation
on the independent Dynamic Gas Mixture dataset demonstrated that the proposed framework
maintained excellent classification performance across substantially different sensing environments
and gas-mixture conditions, providing additional evidence of its generalization capability. Overall,
the proposed communication-aware MDAE framework integrates sensor reconstruction, robust
latent representation learning, probability-calibrated classification, interpretability, and fault tolerance
within a unified architecture, making it well suited for reliable intelligent sensing and communication-
aware electronic nose applications. Future work will focus on real-time hardware implementation,
adaptive sensor calibration, and integration with edge-based intelligent sensing systems to further
enhance practical deployment in industrial and environmental monitoring applications.
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