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ABSTRACT

Anomaly detection in mixed-gas data is a significant challenge for multisensor systems because
of their nonlinear characteristics, noise, environmental influences, and scarcity of anomalous
data. This study proposes an unsupervised deep-learning anomaly detection method. An
unsupervised Autoencoder model was employed to reconstruct two-dimensional image
representations of normal mixed-gas data, thereby eliminating the need for anomalous labels
during training. To simulate realistic abnormal conditions, anomalous samples were generated
using diverse and physically meaningful perturbation transformation methods. An adaptive
threshold based on the reconstruction error was used as the criterion for distinguishing between
normal and anomalous data points. The effectiveness of the proposed method was evaluated using
accuracy and Fl-score metrics, which achieved values of 0.97 and 0.92, respectively. The
experimental results demonstrate that the proposed approach can effectively learn the
characteristics of normal data and accurately detect anomalies in mixed gas datasets. This method
improves the safety, reliability, and intelligent monitoring capabilities of gas-sensor array systems
in practical applications.
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1. INTRODUCTION

In recent years, gas-sensing systems based on sensor arrays have attracted significant attention
owing to their wide range of applications in environmental monitoring, industrial safety, food
quality assessment, and biomedical diagnosis. By integrating multiple sensors with different
sensitivities, these systems can capture complex response patterns from various gases and gas
mixtures, thereby providing more comprehensive information than single-sensor systems [1].

However, under real operating conditions, the performance of these systems is often affected
by various factors, such as environmental noise, sensor drift, nonlinear responses, cross-sensitivity
among gases, and sensor faults [2]. In addition, abnormal conditions, such as sudden signal
fluctuations, severe noise, or out-of-distribution gas samples, may alter the data distribution,
leading to degraded accuracy and reliability of the prediction models [3]. Therefore, anomaly
detection has become an important task for improving the stability and reliability of intelligent
gas-sensing systems.

Traditional anomaly detection methods, such as PCA, one-class SVM, KNN, and DNN, have
been widely applied in gas-sensing applications [4]. However, these approaches often rely on
labeled abnormal data, whereas abnormal samples in real-world scenarios are rare, difficult to
collect, and highly diverse. Furthermore, many abnormal conditions may not appear during the
training phase, limiting the generalization capability of supervised learning methods.
Consequently, unsupervised learning approaches have emerged as a promising direction because
they can learn the intrinsic characteristics of normal data without requiring anomaly labels [5].
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Recently, Deep Learning techniques, particularly autoencoders, have demonstrated remarkable
effectiveness in unsupervised anomaly detection tasks [6]. Autoencoders can learn the latent
representations of normal data and reconstruct them with low reconstruction errors, whereas
abnormal samples generally produce larger reconstruction errors. Therefore, the reconstruction
error can be effectively used as a criterion to detect abnormal operating conditions.

Motivated by these advantages, this study proposes an unsupervised anomaly detection method
for sensor array data based on image representation and a Convolutional Autoencoder model.
Specifically, multidimensional sensor signals are transformed into image representations to exploit
the spatiotemporal feature learning capabilities of convolutional networks. The Autoencoder is
then trained using normal data, and anomalies are detected based on the reconstruction errors
combined with an adaptive threshold. In addition, several physically meaningful anomaly types,
including sensor noise, signal drift, sudden changes, local disturbances, and sensor faults, were
generated to simulate the real operating conditions. The experimental results demonstrate that the
proposed method can effectively detect abnormal conditions, thereby improving the stability and
reliability of e-nose systems in complex and unstable environments.

2. MATERIALS AND METHODS

2.1. Gas mixture dataset

The dataset used in this study was a publicly available gas sensor dataset obtained from the
UCI Machine Learning Repository. This dataset was first collected by Fonollosa et al. [7], and a
detailed description is provided in [8].
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Figure 1. Schematic of the gas mixture measurement system.

The dataset consisted of time-series measurements acquired from an array of 16 chemical
sensors manufactured by Figaro, Inc. (USA), including four different sensor types: TGS-2600,
TGS-2602, TGS-2610, and TGS-2620, with four sensors of each type. The experimental setup for
gas measurements using the multisensor gas array is shown in Figure 1. Clean air, methane (CHa),
and ethylene (C2H4) gases were controlled using mass flow controllers (MFCs) and mixed before
being injected into the sensor chamber. The sensor responses were continuously acquired and
transmitted to a computer for real-time monitoring and data storage, and the exhaust gases were
released through an outlet.

During data acquisition, the gas concentrations were not kept constant but dynamically varied
over time to simulate realistic environmental conditions, as shown in Figure 2. Specifically, the
concentration transitions occurred at random intervals ranging from 80 to 120 s, with the
concentration levels also randomly selected. The methane concentrations ranged from 0 to 296.67
ppm, and the ethylene concentrations varied from 0 to 20 ppm. The dataset contained 4,178,504
samples of methane—ethylene gas mixtures.
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Figure 2. Sensor resistance response to methane—ethylene gas mixtures.
2.2. Gas sensor array data converted into 2D grayscale images

The input data consisted of time-series signals acquired from a gas sensor array, where each
sample represented the collective response of all the sensors at a specific time under a particular
gas mixture condition. The sensor values were first normalized to the range of [0, 1] and then
linearly interpolated along the vertical axis to obtain a uniform width of 128 columns, thereby
ensuring consistent image dimensions across all the samples. Subsequently, the normalized values
were converted to an 8-bit grayscale (0-255) scale.

Each sensor column was replicated four times (16 x 4 = 64), and each temporal row was
duplicated twice (64 x 2 = 128). To simultaneously exploit the spatial correlations among the
sensor channels and the temporal dynamics of the signals, each sequence was transformed into a
two-dimensional grayscale image with a fixed resolution of 128 x 128. In the resulting image, the
vertical axis corresponds to the sensor indices, and the horizontal axis represents the temporal
evolution of the signal, as illustrated in Figure 3.
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Figure 3. Conversion of array sensor data into grayscale images.

To increase the dataset size and improve the generalization capability of the model, a sliding-
window technique with a window length of 6400 samples and a stride of 5 samples for each gas
mixture was applied, resulting in a five-fold data augmentation factor [9]. After completing the
preprocessing, data augmentation, and image transformation stages, the mixed-gas dataset
consisted of 1,625 normal methane—ethylene mixture images. 1,625 normal images were divided
into five subsets. Four subsets (1,300 images) were used for normal training, and the remaining
subset (325 images) was reserved for normal testing.
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2.3. Anomaly simulation on the dataset

The anomaly simulation process was designed to be physically and technically meaningful for
gas-sensing systems while ensuring diverse anomaly types. Anomalies were defined as data
samples that deviated from the distribution of normal data, representing faulty states or undesirable
operating conditions of the sensor-array system. The generated anomalies were intended to reflect
realistic failure mechanisms in gas-sensing systems, including measurement random noise, sensor
drift, random patch, abrupt changes, and sensor fault.

To improve realism, instead of using completely discrete transitions, the proposed approach
employs smooth transition regions based on a sigmoid function to preserve the physical continuity
of the signals and avoid generating obvious anomalies. In this study, anomalous data were
generated using a composite transformation function applied directly to each normal data sample.
Specifically, for each input signal image, one or multiple anomaly transformations were randomly
selected with varying anomaly severity levels and sequentially applied instead of introducing only
a single type of anomaly.

2.4. Network structure

The architecture of the convolutional Autoencoder is presented in Table 1. The encoder
compresses the input image into a 4 x 4 x § latent representation through four convolutional layers
and a max-pooling layer, whereas the decoder reconstructs the image to its original size (128 x
128 x 1) using upsampling and convolutional operations. ReLU and Sigmoid activation functions
were used in the hidden and output layers, respectively, and the network was optimized using the
MSE loss function.

Table 1. Autoencoder architecture.

Stage Layer Filters | Kernel Size | Stride | Activation | Output Shape
Input InputLayer - - - - 128x128x%1
Encoder Conv2D 32 5%5 2 ReLU 64x64x%32
Encoder Conv2D 16 5%5 2 ReLU 32x32x16
Encoder Conv2D 8 5%5 2 ReLU 16x16%8
Encoder Conv2D 8 5%5 2 ReLU 8x8x8
Encoder MaxPooling2D - 2x2 2 - 4x4x8
Latent Flatten i i i i 128
space
Decoder Reshape - - - - 4x4x8
Decoder UpSampling2D - 2x2 - - 8x8x8
Decoder Conv2D 8 5%5 1 ReLU 8x8x8
Decoder UpSampling2D - 2x2 - - 16x16x8
Decoder Conv2D 8 5%5 1 ReLU 16x16%8
Decoder UpSampling2D - 2x2 - - 32x32x8
Decoder Conv2D 16 5%5 1 ReLU 32x32x16
Decoder UpSampling2D - 2x2 - - 64x64x16
Decoder Conv2D 32 5%5 1 ReLU 64%x64x32
Decoder UpSampling2D - 2x2 - - 128x128%32
Output Conv2D 1 5%5 1 Sigmoid 128x128x%1

Figure 4 illustrates the anomaly detection framework based on a Deep Convolutional
Autoencoder for gas sensor data. First, the time-series signals from the sensor array were
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transformed into grayscale images with a resolution of 128 x 128 pixels. 1,300 images were used
for normal training. These images were then fed into the autoencoder network, consisting of an
Encoder and a Decoder, to learn the latent feature representations and reconstruct the input images.
The reconstruction error between the original and reconstructed images was calculated using the
Mean Squared Error (MSE). Finally, an adaptive threshold based on the mean (u), threshold
adjustment coefficient (o), and standard deviation (o) was applied to classify the samples as normal
or anomalous.

The threshold is determined from the normal training samples as (1):
Threshold Min = u, — ao,, Threshold Min = u, + ao, (1)

Where: pu., 0. mean and standard deviation of reconstruction errors between the original
images and the reconstructed images, respectively, a scaling factor.

128x128xl _______________ Z 128 x 128 x1

ﬂCDnvolu.tions ' Maxpool // Densc UUpsampling

CaE 7 el e T T T Recomstructed |
| Sensor Dala Olngma] Encoder Latent Decoder ReCtT)nstructed
: . o
| Time Series mage [ ————— 1| Space [—————- mage |
I |
I I I | I
|
I [ I

| I
[ I
I
I

|
|
|
|
|
|
|
<—
|
|
[
|
|
|
[
|
|
|
|
|
|
|
[
|
|
[
o
—
|
Z |
g | |
E |
|
R’
|
|
|
|

Reconstruction Error .| Adaptive Threshold
(MSE) Ht0.6

> Abnormal

Figure 4. Architecture of the deep convolutional autoencoder for anomaly detection.
3. RESULTS AND DISCUSSION

3.1. Training of the autoencoder model

Figure 5 illustrates the variation in the loss function for the training and validation sets over the
training epochs during the autoencoder training process. The model was trained in a stable manner,
converged rapidly, and achieved high predictive performance with low loss values that were
maintained throughout the training process.
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Figure 5. Learning curves of the autoencoder model.
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3.2. Mean squared deviation reconstruction error distribution

The Kernel Density Estimation (KDE) and Cumulative Distribution Function (CDF) plots
shown in Figure 6 demonstrate that normal samples exhibit low reconstruction errors with
concentrated distributions, whereas anomalous samples show significantly larger reconstruction
errors with broader distributions. The KDE curves clearly indicate the separation between normal
and anomalous data, whereas the CDF curves further confirm that anomalous samples accumulate
more slowly because of the higher reconstruction error values. These results demonstrate that the
proposed autoencoder model can effectively distinguish between normal and anomalous operating
conditions using an adaptive threshold based on the reconstruction errors.

Cumulative Distribution Function {CDF)

Distribution of Reconstruction Error {(KDE)
T T

T L0
Pp 1 KDE (ab_test) o
25 i i 1 KDE {norm_test) 0.8 ! i
i [ KDE (ab_train) = ’ b
20 i [ KDE {nhorm_train) ° o
2 E i ---- Mean Error (0.0680) §0.6 i —— CDF (ab_test)
§15 E i -==- Threshold Min {0.0075) v E — CDF (norm._test)
o E i -==- Threshold Max {0.1284) S04 i —— CDF (ab train)
1t i R —— CDF (norm_train)
E ! 6 0.2 E =-=-=- Mean Error (0.0680)
577 iy “h ---- Threshold Min (0.0075)
i | ---- Threshold Max (0.1284)
1

-0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 0.0 0.2 0.4 0.6 0.8 1.0
Reconstruction Error Reconstruction Error

Figure 6. KDE and CDF analyses of the reconstruction errors.
3.3. Anomaly detection using adaptive threshold

The 325 normal testing images were further augmented fivefold using sliding-window shifting,
resulting in 1,625 normal testing images. A total of 1,625 normal images were used in the anomaly
simulation. To obtain an anomaly ratio of 0.2, 406 abnormal images were generated. The
experimental evaluation demonstrated that a = 2.5 achieved the best trade-off between Precision
and Recall and yielded the highest F1-score among the tested values. The results in Tables 2 and
3 demonstrate that the anomaly detection model achieved high and stable performance. The
confusion matrix shows that the model correctly classified 1625 normal samples and 366 abnormal
samples, while only 20 false alarms and 40 missed anomalies were observed. These results indicate
that the model can effectively distinguish between normal and abnormal data.

In the classification report in Table 3, the normal class achieved a Precision, Recall, and F1-
score 0f 0.98, 0.99, and 0.98, respectively, demonstrating the highly accurate recognition of normal
samples. For the Abnormal class, the model obtained a precision of 0.95, recall of 0.90, and F1-
score of 0.92, indicating a strong anomaly detection capability despite a few missed abnormal
cases. Furthermore, the overall accuracy reached 97% with a Macro F1-score of 0.95, confirming
the effectiveness and robustness of the proposed anomaly detection approach.

Table 2. Confusion matrix.

Pred Normal Pred Abnormal
True Normal 1605 20
True Abnormal 40 366

The results indicate that the autoencoder model with adaptive thresholds outperforms the
machine learning methods, as shown in Table 4.

Table 5 shows that the proposed model achieved the best performance for noise and sensor
failure anomalies, both of which obtained perfect recall. Random patches were the most difficult
anomaly type to detect, whereas signal drift and abrupt changes achieved moderate detection
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performance. Overall, the results indicate that the model is more sensitive to severe signal
distortions than to localized anomalies.

Table 3. Classification report.

Precision Recall F1-score Support
Normal 0.98 0.99 0.98 1625
Abnormal 0.95 0.90 0.92 406
Accuracy 0.97 2031
Macro avg 0.96 0.94 0.95 2031
Weighted avg 0.97 0.97 0.97 2031
Table 4. Performance of anomaly detection models.
Model Precision Recall F1-score
Autoencoder 0.95 0.90 0.92
SVM 0.86 0.83 0.84
Random Forest 0.80 0.78 0.79
MLP 0.76 0.74 0.75
Table 5. Detection performance for different anomaly types.
Anomaly Type Number of Anomalies | Precision Recall F1-score
Random noise 86 1.00 1.00 1.00
Sensor fault 86 0.98 1.00 0.99
Random patch 85 0.85 0.77 0.81
Sensor drift 85 0.90 0.87 0.88
Abrupt change 64 0.86 0.84 0.85

4. CONCLUSIONS

This study proposed an unsupervised autoencoder-based anomaly detection method for mixed-
gas data acquired using gas sensor arrays. The proposed approach effectively learns the
characteristics of normal data through a signal reconstruction mechanism without requiring
anomalous labels during the training process, thereby addressing the challenge of insufficient
anomalous data in practical gas sensing systems. In addition, anomalous samples were generated
using diverse and physically meaningful perturbation mechanisms to simulate abnormal conditions
encountered in real-world environments. The experimental results demonstrated that the proposed
method achieved an accuracy of 97% and an Fl-score of 0.92, confirming its effectiveness in
detecting anomalies in nonlinear and highly noisy mixed-gas data. This study contributes to
improving the reliability, safety, and intelligent monitoring capabilities of multi-sensor gas-
sensing systems for practical applications. In future work, the proposed approach will be extended
to more complex mixed-gas datasets and integrated with advanced deep learning models to further
enhance its real-time applicability.
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TOM TAT

Phat hién bat thwdng trong hdn hop khi sir dung mang cam bién
dua trén hgc sau khong giam sat

Phat hién bat thirong trong dit liéu hon hop khi la mot thach thicc quan trong doi voi

cdc hé thong mdng cam bién do tinh phi luyen nhiéu, tic dong ciia moi truong va su thiéu
hut diF liéu bat thuong. Bdi bdo ndy dé xudt mot phwong phdp phat hién bat thuong dwa trén
hoc sau khong giam sat. M6 hinh Autoencoder duwoc sir dung dé hoc ddc trung biéu dién
danh hai chiéu cua dit liéu hon hop khi binh thirong thong qua co ché tdi tao tin hiéu dau vao
ma khéng yéu cau nhan bal thuong trong qud trinh huan luyén. Pé mé phong cdc diéu kién
bt thirong thiee té, cdc mau bat thuong dugc tgo ra bang cdc bién doi c6 y nghia vit 1y va
da dang. Nguong thich nghi dira trén sai sé tdi tao dwoc sir dung lam tiéu chi phdn biét giita
dit liéu binh thwong va bat thwong. Hiéu qud ciia phwong phdp dwoc déanh gid théng qua
cde chi s6 accuracy la 0.97 va Fl-score la 0.92. Két qua thiee nghiém cho thdy phwong phdp
dé xudt c6 kha nang hoc hiéu qua ddc trung cia dit liéu binh thirong va phat hién chinh xdc
cdc bat thwong trong dit liéu hon hop khi. Phwong phdp nay gép phan néng cao dg an todn,
tin c¢dy va kha nang gidm sdt thong minh cho cdc hé thong da cam bién khi trong cdc ing
dung thuc .

Tir khoa: Phat hién bt thuong; Hoc khong giam sat; Autoencoder; Mang cam bién khi.
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