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Abstract—Detecting low-concentration malodorous gases of
down to single-digit ppm levels remains challenging due to
the weak and overlapping transient responses of metal oxide
semiconductor (MOS) sensors and limited, as well as imbalanced
datasets. In this work, we propose an all-in-one electronic nose
(E-nose) prototype and a multi-scale, one-dimensional convolu-
tional neural network (CNN) incorporating a temporal-shift and
depth dynamic aggregation (TS-DDA) module for robust odor
classification. The E-nose instrument adopts a modular design
comprising: 1) a sensing module with a 16-channel MOS sensor
array enclosed in an annular gas chamber validated through k-
w computational fluid dynamics (CFD) simulation for uniform
flow and rapid desorption (< 40 s residual washout); and (2)
a data-acquisition and control module, implemented on a single
custom printed circuit board (PCB), providing precise sampling,
pump and valve control. Additionally, the proposed MS-TS-
DDA network enhances temporal feature density and multi-depth
information fusion while maintaining low computational cost. A
controlled laboratory dataset consisting of 497 samples covering
eight types of low-concentration malodorous gases (0.5-60 ppm)
was collected and balanced via a temporal oversampling strategy
inspired by T-SMOTE. The proposed method achieves a mean
classification accuracy of 95.15 % under 5-fold cross-validation,
outperforming classical CNN baselines. These results indicate
that the proposed framework provides a compact, cost-effective
and robust solution for low-concentration odor detection under
resource-constrained conditions.

Index Terms—Electronic nose (E-nose), annular gas chamber,
computational fluid dynamics (CFD) simulation, convolutional
neural network (CNN), temporal shift-depth dynamic aggrega-
tion (TS-DDA), data augmentation, odor detection.

I. INTRODUCTION

ALODOROUS gases refer to volatile compounds that
stimulate human olfactory organs, causing unpleasant
smells and environmental harm. They are widely present in
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chemical industries, waste-treatment and livestock facilities,
and surrounding areas, posing serious environmental and
health hazards [1]. Common harmful components include
hydrogen sulfide (HsS), trimethylamine, methanethiol, and
styrene, which can cause respiratory irritation, neurotoxicity,
and systemic organ damage even at low concentrations [2],
[3]. With increasing public concern for air quality, the safety
risks associated with such malodorous pollutants have attracted
growing attention, making reliable and efficient odor detection
an essential part of environmental monitoring and pollution
control.

Olfactometry, such as the three-point comparison odor
bag method, is a widely employed technique for analyzing
air quality and quantifying malodorous intensity [4]. This
method relies on human panels to detect and compare diluted
odor samples against odor-free references, providing semi-
quantitative odor concentration measurements (e.g., odor units
per cubic meter, ou/m3). However, exposure to malodorous
pollutants during olfactometric testing poses health hazards,
including respiratory irritation, neurotoxic effects, and long-
term systemic toxicity [1].

For certain malodorous gases (e.g., hydrogen sulfide and
ammonia), spectrophotometric methods are conventionally
employed for qualitative and quantitative analysis by using
a spectrophotometer [5]. This method achieves low detec-
tion limits (e.g., gas absorption in reagent solutions) and
is widely adopted as a reference method in wastewater,
industrial emissions and air quality assessments. However,
it is time-consuming and labor-intensive, requiring extensive
sample pre-treatment. As for some other malodorous gases
(e.g., trimethylamine, methanethiol, dimethyl sulfide, dimethyl
disulfide, carbon disulfide, and styrene), gas chromatography-
mass spectrometry (GC-MS) is a prevalent analytical tech-
nique for both qualitative and quantitative detection [6]. GC-
MS separates and identifies volatile compounds with high
accuracy, yet its high cost and lack of portability limit field
applications, driving the adoption of electronic noses (E-
noses), which prioritize rapid detection, cost-efficiency, and
field applicability [7].

Some internationally influential E-nose systems such as
PEN3 and FOX series have been applied to the detection
of odor gases [8]. PEN3 is composed of 10 different metal-
oxide semiconductor (MOS) sensors with varying sensitivities
to different volatile organic compounds (VOCs), while FOX
series includes 12-18 MOS sensors. Both E-nose system are
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compact and battery-powered for field deployment, enabling
real-time monitoring and detection. However, the price of
these commercial E-noses is prohibitively expensive (i.e., more
than 50,000 dollars each), limiting their scalability in field
applications.

Some recent research on E-nose design has centered on gas
chambers to improve dispersion uniformity, purge efficiency,
cost efficiency and measurement repeatability. For instance,
Qian et al. [9] developed a multi-sensor system with a stepped
chamber to classify herbal medicines, while Wang et al [10].
designed and optimized a bionic gas chamber for Chinese
liquor recognition. Both chambers demonstrate the benefit of
modular design in enhancing portability and system stability.
However, such designs still suffer from limitations in gas-flow
distribution and chamber geometry. Conventional square or
stepped chambers often create turbulent airflow and stagnant
regions [9], leading to uneven gas dispersion across sensor
arrays and residual analyte accumulation in sharp corners.
The bionic chamber [10] requires at least 60 s to reduce the
residual concentration in all regions to below 10 %, indicating
relatively slow desorption and non-uniform gas exchange.
These effects degrade the response uniformity and recovery
speed of sensors. Therefore, a gas chamber with uniform flow
distribution and efficient desorption is essential to achieve
stable and repeatable E-nose measurements.

While an optimized gas chamber ensures more stable and
consistent sensor responses, the overall recognition accuracy
of an E-nose system ultimately depends on the effectiveness
of its data processing and classification algorithms. As the
sensing module transforms gas concentration variations into
multichannel temporal signals, robust pattern recognition mod-
els are required to extract discriminative temporal and cross-
sensor features for reliable odor identification. In contrast
to image or speech signal processing domains, electronic
nose systems analyze multichannel time-series signals aris-
ing from the dynamic responses of gas sensors to exposed
odors. For odor classification, traditional machine learning
methods, such as k-nearest neighbor (KNN) [11], support
vector machine (SVM) [12], and random forest (RF) [13],
have been widely used for odor classification. More recently,
deep-learning methods, particularly convolutional neural net-
works (CNNs) [14], have shown superior performance by
automatically extracting discriminative features and modeling
complex nonlinear relationships. Due to the one-dimensional
(1D) temporal characteristics of gas sensor signals, 1D-
CNN enables effective extraction of discriminative features
from sequential sensor measurements while preserving spatial-
temporal correlations between sensor channels. For example,
in [14]-[16] lightweight 1D-CNN architectures were proposed
to achieve high performance in various gas classification tasks.
To further improve extraction of distinct drift-invariant features
from E-nose response signals, and to enhance long-term gas-
recognition stability, Guo et al. [17] proposed an anti-drift gas-
detection algorithm based on a multiscale CNN, which was
evaluated on public E-nose datasets. However, conventional
CNNs struggle to capture long-term dependencies and to
model global temporal correlations in time-series E-nose data
due to the limited local receptive field. Zhu et al. [18] thus

introduced dilated convolutions in CO concentration prediction
to enlarge the receptive field without increasing model param-
eters, thereby enabling the network to establish connections
with a broader range of past time steps and capture long-
range temporal dependencies. MobileNet architectures [19]
introduced separable convolutions, which leverage depth-wise
and point-wise convolutions to reduce the parameter count
and computational cost of CNNs. Recently, Chen et al [20]
combined dilated and separable convolutions to extract the
temporal features of each signal and the correlations between
different sensors, achieving high performance on both public
and private datasets. Inspired by video-understanding frame-
works for temporal modeling, particularly DyFADet [21],
which employs temporal-shift operations to promote inter-
frame feature interaction at no extra computational cost, we
incorporate a similar strategy into our model for E-nose
time-series analysis. Furthermore, feature aggregation across
different network depths has recently attracted attention in
various time-series and lightweight vision models [22], as it
enables complementary information from shallow and deep
layers to be dynamically fused. Thereby, it enhances feature
representation and stability. However, to the best of our knowl-
edge, explicit depth-wise adaptive aggregation of shallow and
deep features has not been reported in E-nose applications.

Motivated by the limitations of conventional odor classifica-
tion approaches and E-nose systems, such as high costs, poor
gas distribution, and limited performance in low-concentration
scenarios, we propose an all-in-one, low-cost E-nose system,
which ensures uniform flow, rapid desorption, and stable multi-
channel signal collection, while the multi-scale temporal-shift
and depth dynamic aggregation (MS-TS-DDA) network en-
hances temporal feature learning and multi-depth information
fusion for accurate malodorous gas classification. The main
contributions in this work are summarized as follows:

1) A compact and portable E-nose prototype is proposed,
integrating a 16-channel MOS sensing module and a data
acquisition and control module, which are jointly implemented
on a single PCB. The system incorporates an annular gas
chamber validated through k-w computational fluid dynamics
(CFD) simulation to verify uniform flow distribution and rapid
gas exchange (< 40 s residual washout). The prototype has a
material cost of approximately $1500.

2) A low-concentration (0.5-60 ppm) malodorous gas
dataset is generated using the proposed E-nose system, com-
prising eight distinct malodorous gases and a total of 497
original samples under controlled laboratory conditions. The
training set is further augmented using a temporal oversam-
pling strategy to mitigate data imbalance.

3) A multi-scale 1D-CNN architecture with a temporal-
shift and depth dynamic aggregation (TS-DDA) module is
proposed, which addresses the limitations of conventional
CNN s in capturing long-range dependencies and fusing multi-
depth features. The performance of the MS-TS-DDA network
is demonstrated through structural optimization, ablation ex-
periments, and performance comparison with multiple classi-
fication methods.
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II. E-NOSE INSTRUMENT DESIGN

Considering a comprehensive set of factors including system
cost, physical size, gas sampling efficiency, cleaning perfor-
mance, and signal acquisition precision, we built an all-in-
one E-nose instrument prototype that integrates gas inlet/outlet
control, odor sensing, analog-to-digital signal conversion, and
data transmission to a mini industrial workstation for analysis.
Fig. 1(a) shows the photograph of the E-nose instrument
designed, which mainly consists of a sensing module and a
data acquisition and control module implemented on a single
PCB. Fig. 1(b) illustrates the schematic diagram of the sensing
module, and Fig. 1(c) presents the photograph of the hardware
architecture of the data acquisition and control board as well
as each sub-module diagram.

A. Sensing Module

The sensing module comprises an MOS sensor array, a
three-path gas flow system and a gas chamber as shown in
Fig. 1(b). The sensor array in this work consists of 16 MOS
sensors with partially overlapping sensitivity ranges, one tem-
perature sensor integrated within the gas chamber, and one am-
bient humidity-temperature (RH-T) sensor for environmental
monitoring, as shown in Table I with detailed information. The
selected gas sensors synergistically work to generate unique
“odor fingerprint” features for single or complex gas mixtures,
enabling pattern recognition capabilities [23]. The temperature
and RH-T sensors ensure stable operational conditions by
monitoring real-time thermal dynamics of the gas chamber
(maintained at 50 4 0.5 °C) and ambient environment (25 °C
controlled by air conditioner), with chamber heating wires
maintaining optimal temperature control.

The three-path gas flow system employs three solenoid
valves (Valves 1-3) to control the switching of the gas flow
directions. Solenoid valve 1 governs the reference air path,
supplying clean calibration gas to reset sensor baselines, while
Solenoid 2 regulates the sample inlet path, directing target
gases into the chamber for detection. The third valve manages
the exhaust pathway, expelling residual gases after measure-
ment cycles and mitigating the sensor drift. Flow dynamics
across these paths are precisely maintained through adjustable
flow restrictors (the throttle valve), which collaboratively reg-
ulate and monitor gas flow rates within a defined range (e.g.,
1.5-6 L/min). A vacuum pump serves as the system’s primary
power source, driving active gas exchange and enabling rapid
chamber purging to minimize cross-contamination. Table II
shows the state of the three solenoid valves under different
working phases, along with their corresponding flow rates and
durations.

The core innovative feature enabling rapid gas exchange lies
in the annular gas chamber as shown in Fig. 2(a), which adopts
a single-channel concentric configuration with an inward-
axial inlet and an outward-axial outlet to form a unidirec-
tional purge flow. This annular configuration allows for a
longer gas flow path to avoid sensor drift within a compact
footprint compared to linear designs, while simultaneously
accommodating a larger number of gas sensors around the
perimeter. To mitigate the dilution effect, our annular chamber

Mini Industrial

Workstation DAt Acquisition & Control PCB
SHTSS Interface

y

Thermostat & Gas Chamber

Target Air Inlet
Solenoid Valve 2

Power Switch

Vacuum Pump |
Solenoid Valve 3 Solenoid Valve 1

(a)

Annular Chamber

7 _DS18B20,

‘Gas Flow Direction

220V-36V Switch Power Supply

Exhaust Outlet

Vacuum Pump:

Flowmeter [QO]
Solenoid|

Valve3

Sensor Array |’

Throttle Valve
i1 Cooling
Fan
Heating
M Wire 36V
[ |
Solenoid Valve 2 1] H
Solenoid Valve 1
Sensing Module

(b)

Data Acquisition Module

| High-Precision v . S
5V al C:
- | LDO (Reference ac | Signal Conditioning

| Voltage) Circuit

DC-DC Modules ®

Human - Machine

Interface

Fig. 1. (a) Photos of the proposed E-nose instrument with dimensions 420mm
(width), 380mm (height) and 230mm (length). (b) Schematic diagram of the
sensing module. (c) Hardware architecture and detailed information.

minimizes internal volume by restricting gas flow to confined
spaces around each gas sensor. To further investigate the flow
condition inside the gas chamber and consider the presence
of gas sensors as the disturbance source, we employ a low-
Reynolds number k-w model based on COMSOL Multiphysics
to simulate the computational fluid domain inside the gas
chamber. Fig. 2(a) shows the flow field of the simulation. The
governing equations are as follow:

2
Y Yel 1o, Sp—0Lps (1)
ko ko

€

pluz-V)e=V- [(u
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TABLE I
SENSOR SPECIFIC INFORMATION

Sensor Index Model

1 TGS2600 Hydrogen, Carbon Monoxide
2-3 TGS2602 Ammonia, Hydrogen Sulfide, toluene
4-5 TGS2603 Amine, Sulfurous Odors

6 TGS2611 Alcohol, Methane, Natural Gas

Sensitivity to

7 TGS800 Carbon Monoxide, Methane, Isobutane
8 TGS813 Methane, Propane, Butane
9 TGS816 Methane, Propane, Butane
10 TGS821 Hydrogen
11 TGS822 Ethanol, Organic solvent vapors
12 TGS823 Ethanol, Carbon monoxide
13-14 TGS826 Ammonia
15-16 TGS832 Refrigerant gases

17 DS18B20 Temperature, +0.5°C

18 SHT85 Temperature, Humidity, 20~50 =£0.1°C,
20~80 £1.5°% RH
k3
pr = pCu—= fu(p, 11 k2 € L) 2

€

VG -VGo + 0,G2(V-VG2) = (1 +20,)Gs  (3)

where p represents the fluid density, uo the velocity vector, p
the molecular viscosity, up the turbulent viscosity, ko stands
for the turbulent kinetic energy, € the turbulent dissipation rate,
Py, the turbulent kinetic energy production term, o, represents
the turbulent Prandtl number for ¢, C, , C¢, and C,, = 0.09
are the model constants. f, is the Low-Reynolds number
correction function, and G the auxiliary scalar field. Sixteen
MOS sensors are uniformly arranged along the annular flow
channel. The inlet and outlet pipes possess a diameter of
approximately 3 mm.

Subsequently, the model was meshed using fluid dynamic
grid elements, with sizes ranging from 1.2 mm to 3.9 mm.
The inlet boundary condition was set to a flow rate of
2.5 x 107°m3/s for the target gases and 10 x 10~5m3/s
for purified dry air during the purge of the E-nose. The
outlet boundary condition was defined as a free stream with a
pressure of 0 Pa. To simulate the internal conditions of the gas
chamber, all other surfaces of the model were designated as
walls by default. The simulation time step was set to 1 s. CFD
simulations were conducted to analyze the gas dynamics in the
E-nose chamber, assuming an initial hydrogen sulfide (H»S)
concentration of 5 ppm. Fig. 2(b) illustrates the simulated flow
velocity distributions during clean air purging (6L/min), while
the simulation result of clean air purging, as shown in Fig. 2(c)
indicates that after 40 seconds of air injection, the residual
H,S concentration dropped less than 2 x 107 ppm and was
confined only to certain corners near the outlet region of the
gas chamber. Our simulation result further reveals that over
90% of the hydrogen sulfide in the gas chamber was flushed
out within 5 seconds. As shown in Fig. 3(a), we track the
time-dependent changes in the volume fraction of H»S at three
points within the chamber, the corresponding results are shown
in Fig. 3(b), it can be observed that the volume fractions at
all three points rapidly decreased to values below the sensor’s

o

Velocity (m/s)
1.2

0.05

(©)

Fig. 2. (a) Photos of the annular gas chamber (with the sensor array). (b)
Flow velocity distribution during clean air purging at 6L/min. (c) Distribution
of residual H2S concentration (ppm) after 40 seconds of clean air purging.

detection limit—well below 0.1 ppm, indicating that the HyS
had been completely purged.

TABLE I
THE STATE OF SOLENOID VALVES UNDER DIFFERENT
WORKING PHASES OF E-NOSE

Phase Solenoid Solenoid Solenoid Flow Duration(s)
Valve 1 Valve 2 Valve 3 rate(l/min)
Restoration On Off On 6.0 120
Equilibrium Off Off Off 0 5
Sampling  Off On Off 1.5 40
Purge On off On 6.0 60
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Fig. 3. (a) Flow field of the simulation and positions of the three monitoring
points. (b) Time-dependent H2S volume-fraction variations at the three
monitoring points.

B. Design of the Data Acquisition and Control Module

The data acquisition and control functionalities in this work
are implemented through a custom PCB, embedded software,
and a user interface program as shown before in Fig. 1(c).
This module handles gas sensor data collection, transmits it
to the host computer, and controls relay switching to operate
solenoid valves for workflow control. Finally, the system feeds
the acquired gas data into the detection model, providing real-
time feedback on malodorous gas detection and recognition.

1) Hardware design: The data acquisition module consists
of a driver circuit and a signal conditioning circuit integrated
on the designed PCB. The driver provides stable 5 V supplies
for the MOS sensors, heating elements, and environmental
sensors. Sixteen independent analog front-end (AFE) channels
convert the resistance changes of the gas sensors into voltage
signals through a divider configuration, followed by filtering
and buffering to improve signal quality. These signals are digi-
tized by a 24-bit ADC (AD7175), with single-point grounding
to minimize noise.

The control module includes DC-DC converters supporting
both 36V battery input and 220V AC through an external
adapter. At the core of the control architecture resides an ARM
STM32H730VBT6 microcontroller unit (MCU) for data trans-
mission and controlling peripherals. Specifically, the MCU
communicates with AD7175 via SPI to receive raw voltage

Human-machine Interface
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Create projects

Real-time display of Send |
data waveform |
[ Receive data from
True the PCB board
Check the data format
False True
Return error Execute Commands

Fig. 4. Flow chart of the software.
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eck Uart Interrupt
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data from the gas sensors, and interfaces with the DS18B20
temperature sensor using a one-wire protocol, as well as the
SHT85 humidity and temperature sensor via I?C. Then, all the
data are collected at a 10Hz rate and packaged into a 10-depth
first-in-first-out (FIFO) buffer and then transmitted to the PC
and Wi-Fi module through UART using Direct Memory Ac-
cess (DMA). Human-machine interaction is realized through
RS-485 communication, while GPIOs drive relays for external
peripherals such as fans, pumps, heaters, and solenoids.

Moreover, an ESP32 PICO-D4 is deployed as a co-processor
and Wi-Fi module to enable IoT capabilities and wireless
connectivity. The full circuit schematics are provided in the
Supplementary Material.

2) Software design: A lightweight human—machine inter-
face, developed with QT C++ on an industrial PC with a
touch screen, enables data logging, algorithm execution, and
real-time monitoring. Fig. 4 represents the flow chart of the
software proposed in this work.

For system reliability, a command-response verification
mechanism is implemented: When the host computer sends
relay control commands through the RS-485 human-machine
interface, the MCU processes these commands as external
interrupts, which then return the updated GPIO status to
the host for cross-checking. If a mismatch is detected, the
system halts operations instantly and triggers an error alert.
Simultaneously, all incoming sensor data packages undergo
protocol validation and checksum verification during unpack-
ing to ensure data integrity, maintaining reliability across both
control and measurement workflows.

III. METHOD

The preprocessed response signals from the E-nose instru-
ment are used as the input to the proposed MS-TS-DDA
network. As illustrated in Fig. 5, the network is composed of
L repeated MS-TS-DDA blocks, where each block contains a
multi-scale convolutional extractor, a temporal-shift and depth
dynamic aggregation (TS-DDA) module, and an anti-aliasing
pooling unit. Furthermore, an initial stem layer is applied
before the cascaded blocks, and a final classification head is
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Fig. 5. The proposed MS-TS-DDA framework for malodorous gas classification.

appended after the final block to produce the gas-category pre-
diction. The multi-scale convolutional extractor adopts depth-
wise separable convolutions combined with dilated kernels to
efficiently extract temporal features across different receptive
fields scales, allowing the network to capture the subtle, low-
concentration gas dynamics in a compact and effective manner.
Building upon the multi-scale convolutional features, the TS-
DDA module integrates two core mechanisms: a temporal-
shift dynamic aggregation (TSDA) mechanism that establishes
cross-time interactions with a very low parameter overhead,
and a depth dynamic aggregation (DDA) mechanism that
adaptively fuses multi-depth features through learned weights,
allowing the network to simultaneously model temporal de-
pendencies and depth-dependent feature coherently. To further
improve feature stability, an anti-aliasing pooling unit is in-
corporated to suppress high-frequency artifacts introduced by
down-sampling and to preserve the integrity of temporal pat-
terns. Finally, the aggregated representation is passed through
a global average pooling layer and a fully connected classifier
to generate the final classification results.

A. Stem Layer and Anti-aliasing Down-sampling Module

Given an E-nose signal X;, € R“*T as the input, where
C is the sensor channel and T is the time steps, a stem layer
consisting of a 1 x 7 convolution, batch normalization (BN),
and GeLU activation function is applied to down-sample the
input signals and expand the receptive field rapidly, following
common practices in residual network layers [24]. The output
of the stem layer F} can be expressed as:

Fy = GeLU (BN(Convy»7(X;n))) “4)

where Conviy7 denotes a 1-D convolution operation that
employs convolution kernels of size 1 x 7. After the stem

layer, an anti-aliasing pooling unit composed of a fixed low-
pass depth-wise filter followed by adaptive average pooling
(AAP) is applied to suppress high-frequency artifacts caused
by down-sampling [25]. This preserves coarse dynamic trends
while mitigating aliasing distortions. The anti-aliasing pooling
can be expressed as follows:

F, = AAP(DWConv pp(F})) (5)

where DWConvy pr is a fixed depth-wise convolution imple-
menting the low-pass filter [0.25, 0.5, 0.25], following the anti-
aliasing design BlurPool [25].

B. Multi-Scale Convolutional Extractor

The multi-scale convolutional extractor is designed to ex-
tract rich temporal features from the preprocessed E-nose
responses while keeping the model lightweight. To this end, we
adopt a multi-branch architecture built on depth-wise dilated
separable convolutions. Each branch captures gas-response
dynamics at a different temporal scale, and their outputs are
fused to form a compact yet expressive representation that
serves as the input to the subsequent TS-DDA module.

1) 1D Depth-wise Dilated Separable Convolution: To ef-
ficiently enlarge the temporal receptive field while keeping
the parameters low, depth-wise dilated separable convolution
is utilized in each branch of the multi-scale conventional
extractor. This technique separates the convolution process
into two stages: a depth-wise dilated convolution and a point-
wise convolution, as illustrated in Fig. 6. Firstly, a depth-wise
dilated convolution is applied with separated and dilated filters
to each input channel independently, thereby reducing the
computational cost and parameters and enlarging the receptive
field compared to traditional convolutions where filters are
applied across all channels simultaneously. Then a 1 x 1
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TABLE III
COMPARISON OF PARAMETERS, FLOPS AND RECEPTIVE FIELDS BETWEEN DIFFERENT 1D-CONVOLUTIONS.

Convolution type Parameter FLOPs (Computational Cost) Receptive Field
Traditional KCinCout KCinCoutT K
Depth-wise separable KCin 4 CinCout T KCinT + CinCout T K
Depth-wise dilated separable K Cjyy, + CinCoutT KCinT + Ci Cout T K+ (K-1)(D-1)

Depth-wise dilated convolution

Point-wise convolution

Output

Fig. 6. Depth-wise dilated separable convolution.

point-wise convolution is applied to the output of the depth-
wise dilated convolution to mix information across different
channels. This approach improves efficiency while maintain a
large receptive field, as shown in Table III, which compares the
parameter count, computational cost, and receptive field size
of traditional convolution, depth-wise separable convolution
and depth-wise dilated separable convolution, given the input
channel Cj,, output channel C,,;, kernel size 1 x K, dilation
rate of D and input signal length of 7. It can be observed
that depth-wise dilated separable convolution achieves a larger
receptive field compared with conventional methods while
maintaining fewer parameters.

2) Multi-Scale Local Feature Extraction: The local feature
extractor is composed of three parallel branches. Each branch
consists of a depth-wise dilated separable convolution with its
own kernel size and dilation rate, corresponding to different
effective receptive field [20]. In this way, the 1 x 1 convo-
Iution focuses on fine-grained local variations, middle-sized
convolution kernel emphasizes medium-range dynamics, and
the large kernel captures longer-term temporal dependencies
within a single gas exposure. The feature maps are then
concatenated along the channel dimension and projected by a
1x1 convolution, yielding a unified multi-scale representation.
The outputs of the three branches are denoted by F5_1, F5_o
and F5_3, which can be expressed as follows:

F3,1 = GeLLU (BN(COHlel(FQ))) (6)

Fy_y = GeLU (BN (PWConlel (DDWConv‘{ljg(F2 )))
@)

Fy_3 = GeLU (BN (PWConlel (DDWConvijg(Fg))))
(8)
where PWConv; 1 denotes the point-wise convolution and
DDWConv‘fX x denotes the depth-wise dilated convolution
that applies 1 x K kernels with dilation rate of d independently
to each channel. The branch outputs are then concatenated and
fused through a 1 x 1 convolution:

F4 = BN (COIIV1><1 (Concat (Fg_l,Fg_Q,Fg_g))) (9)

C. TS-DDA Module

Although the multi-scale convolutional extractor combined
with dilated convolution provides a rich set of multi-scale
temporal features and expands the receptive field without
increasing parameters, it still suffers two inherent limitations.
First, the receptive fields produced remain static; the kernel
sizes and dilation rates are fixed and cannot adapt to the vary-
ing temporal characteristics of different gas-response patterns.
Second, the extractor cannot jointly model temporal dependen-
cies together with the feature relationships that exist across
the outputs of successive convolutional blocks. To address
these limitations, we propose the TS-DDA module, which
introduces adaptive modeling along both dimensions. The
TSDA mechanism constructs flexible temporal dependencies
by mixing shifted and non-shifted feature paths. The DDA
mechanism further performs input-adaptive fusion between
the current block output and the features propagated from
previous blocks. The TS-DDA module jointly models temporal
dependencies and hierarchical feature relationships, thereby
complementing the static receptive fields of the multi-scale
convolutional extractor and improving overall performance.

1) Temporal-shift Dynamic Aggregation: The TSDA mod-
ule introduces input-adaptive temporal receptive fields by mix-
ing shifted and original feature paths. In this way, the proposed
TSDA enables the network to construct dynamic temporal
dependencies at negligible parameter cost. Fig. 7 illustrates
the structure of the TSDA module. Given an input feature map
f € REXT we first define a symmetric set of temporal offsets
AT = {-K,..,—1,0,1,..., K}. The collection of shifted
features is given by:

{FARY = (Shift(f, Ak)}, Ak e AT (10)
where Shift(-, Ak) is the shift operator, the empty positions
of the shifted features will be padded by all-zero tensors. To
adaptively fuse these shifted features, a set of dynamic weights
is generated from the global context of input feature f, layer
normalization (LN) along the channel dimension followed by
multilayer perceptron (MLP) and SoftMax activation function
to obtain the distribution weights of the shifted features. The
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Fig. 7. The proposed TSDA structure.

calculation can be expressed as:

Wi (Ak) = SoftMaxay (MLP(LN(f))), Ake AT (11)

In addition, a learnable scalar gate o(y:) € [0,1] is in-
troduced to control the strength of the dynamic fusion. The
effective weight for each offset Ak is defined as:

Wt(Ak) :J(’)/t)wt+1*0'(’)/t), AkE AT

and the final output of TSDA is computed as weighted
aggregation of all shifted branches:

Fi= Y Wi(AKFA9  Ake AT
AkKeEAT

12)

13)

where F, € RE*T has the same shape as the input feature f.

2) Depth Dynamic Aggregation: In order to dynami-
cally fuse features at different hierarchical block levels of
gas responses, the DDA module learn input-adaptive fusion
weights along the depth axis. As illustrated in Fig. 8, let
{fO .., fED )Y denote a set of feature maps extracted
from different hierarchical block levels of the network, where
each £ may have different temporal and channel dimensions.
To enable aggregation, these features are first aligned in both
the temporal and channel dimensions via adaptive average
pooling and 1 x 1 convolutions. Specifically,

FO = Convy g (AAP(f“))) eROXT [ =1, L—1 (14)

fO=r =1L (15)

where L is the number of depths levels participating in
DDA and f) denotes the feature from the current input.
To adaptively determine the importance of each depth level,

dynamic weights Wd(l) are computed form the current feature
).

Wa(l) = SoftMax, (MLP (LN(f<L>))) d=1,...L (16)

In addition, the learnable scalar gate o(v4) € [0, 1] is also
introduced to modulate the overall strength of dynamic depth
aggregation. The effective fusion weights are defined as:

Wd(l) :J(’Yd)Wd‘i’l*U(lyd)v l= 17"'7L

Finally, the aggregated depth representation is computed as:

a7

L
Fy=Y Wa)f®, (18)
=1
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f(l) —

oo .@... » Adaptive AvgPool - O

[y ...

ro
[e]

Wﬁﬁ—%«-—

o
(o}
©

Fig. 8. The proposed DDA structure.

where F; € R€*T has the same shape as each aligned feature
map. In this way, DDA performs input-adaptive selection
and weighting over multi-level features, effectively realizing
a dynamic receptive field along the hierarchical depth of the
network.

3) Unified Aggregation: Based on the above TSDA and
DDA designs, the proposed unified TS-DDA module jointly
aggregates temporal and hierarchical information from the
output of the multi-scale extractor. Let f¥ denote the fused
multi-scale feature of the current block, and {f(), ... f(E=11
be the aligned depth features obtained in the DDA branch.
For each depth level [ and each temporal offset Ak € AT,
we denote by f(:2K) the shifted variant of f() generated
by the TSDA branch. Given the temporal fusion weights
Wi(Ak) calculated by equation (12) and the hierarchical
fusion weights W, () calculated by equation (18), the unified
TS-DDA aggregation is formulated as:

L
F= 3D WAk W) A0

=1 AkeAT

19)

where F5 € RE*T has the same shape as F}. In this way, TS-
DDA applies temporally and hierarchically adaptive weighting
in a separable manner, yielding a dynamically aggregated
representation Fy. After that, an anti-aliasing down-sampling
and a local residual connection are employed to produce the
block output Fg, Specifically, the block input F5 is projected
by a 1x1 convolution and down-sampled by the same anti-
aliasing operator with Fj, followed with GeLU activation
function, the calculation process can be expressed as:

AAP(DWCOHVLPF (Fs))@ (20)
AAP (DWConvypr (Convyx1(F3)))

This output Fy is propagated to the following block or, for
the last stage, further fed into the classification head. The final
classification head consists of a global average pooling layer
that collapses the temporal dimension into a compact repre-
sentation, followed by a fully connected layer that produces
the final gas-category prediction.

Fs = GeLU (

D. Training Strategy and Data Augmentation

To alleviate the class imbalance and limited sample size in
the collected malodorous-gas dataset, a temporal oversampling
strategy inspired by the temporal prefix-truncation and near-
border sample generation mechanism of T-SMOTE [26] is
employed. We further adapt it to the multi-sensor time series
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E-nose signals by performing phase-aligned window interpola-
tion and physically constrained synthetic sequence generation
as detailed below.

1) Giving a training sequence X € R6*4%0 (16 sensor
channels, 400 time steps), it is divided into overlapping win-
dows with a length of 100 and a stride of 50 samples, which
produces 7 overlapping sub-windows per sequence, denoted
as Wi c R16X100.

2) For every pair of consecutive windows within the
same sample, multi-channel cross-correlations are applied
to estimate their relative temporal alignment. We search
an integer time shift A within a limited range: A €
[—Amazs Amaz)s Amaz = 8, which corresponds to +0.8 s
at 10 Hz. This range is sufficient to cover typical short-term
response delays without altering the global response pattern.
The multi-channel correlation score is defined as:

16 100
Score(A) = Z Z Wi(c) (t)WZ-(_‘C_)1 (t+A)

c=1t=1

2n

where Wi(c) (t) denotes the value of channel ¢ at time index
t in windows W;. Here, Score(A) is the sum of cross-
correlations over all channels. we first compute per-channel
temporal correlation and then sum them to obtain a joint multi-
channel alignment measure. The optimal shift A* is obtained
by maximizing the score:

A" = argmarAc—A o, Amas]SC0Te(A) (22)
then define the aligned neighbor window as:
Wit1 = shift(Wip1, A*) (23)

where shift(-, A*) denotes a temporal shift by A* along the
time axis with boundary padding of edge replication.

3) After alignment, a synthetic window is generated by
convex interpolation between W; and W,-H with a random
mixing coefficient:

Weym = (1 — )\)Wz + /\Wi+1 + ¢,

L)~ N <0, (o s (Wi(a))Q)

where A € U(0,1), and ¢ is channel-wise Gaussian noise. In
addition, to ensure physical plausibility, the synthesized win-
dows are further filtered using simple shape constraints derived
from empirical MOS sensor responses. In particular, synthetic
candidates exhibiting numerical abnormalities resulting from
interpolation or noise injection, negative response values,
excessive peak amplitudes, or unrealistically abrupt temporal
variations are discarded, ensuring that the synthetic windows
remain consistent with realistic sensor response dynamics.

4) The synthetic window Wy, is then reinserted into the
original sequence by replacing the corresponding temporal
region, yielding a synthetic sequence X € R6%400 that
preserves the original length and global structure while enrich-
ing transient patterns. The augmentation process is repeated
on multiple overlapping windows with different interpolation
factors. As a result, each augmented sample is a unique
composite trajectory assembled from multiple perturbed seg-
ments, rather than a simple variant of the original sample.

(24)

This procedure is also repeated for windows of all training
samples within each class and concentration bucket until the
number of samples in that bucket reaches a balanced target.
The temporal oversampling is applied only to the training set
in each 5-fold cross-validation split; validation and test sets
remain unchanged to avoid any data leakage.

E. Training Hyperparameters

During the proposed MS-TS-DDA network training, the
model parameters were optimized using the Adam optimizer
with an initial learning rate of 1 X 1073, and the cross-
entropy loss function was applied to calculate the training
error. A cosine annealing learning rate scheduler was adopted
to gradually decay the learning rate to 1x 10~ over the course
of training. The model is trained for 200 epochs with a batch
size of 32. All experiments were conducted on the same laptop
equipped with an Intel Core 19-13900HX CPU and an NVDIA
RTX 4060 GPU.

IV. EXPERIMENTS AND DISCUSSION
A. Datasets and Gas Information Visualization

The first step of the dataset construction is measuring the
eight types of malodorous gases with the proposed instrument.
Each sample measurement lasts 225 s at a sampling rate of
10 Hz and consists of four working phases, as summarized
in Table II. During the data collection process, only the equi-
librium, sampling, and purge phases were recorded, resulting
in 105 s of valid data per sample, while the restoration phase
was excluded. For dataset construction, only the 40 s time
window corresponding to the sampling phase was extracted
for subsequent model training and evaluation.

The dataset comprises multi-sensor time-series measure-
ments of 8 distinct gas species across 5 concentration levels
per gas. Each sample consists of 400-timestep signals (40 s
duration at 10 Hz sampling rate) recorded during the sampling
phase of the E-nose captured by 16 sensor channels, resulting
in a total of 497 samples. A summary of the dataset is provided
in Table IV. After extracting the sampling window, a baseline
correction step was applied. Specifically, the response signal
is computed as:

Vies =

— Vair (25)

gas

where V,..s denotes the baseline-corrected sensor response, and
Vgas 1s the raw voltage measured during the sampling phase,
and V,;, is the baseline voltage recorded during the purified-
air equilibrium phase. This operation ensures that the extracted
sequence reflects only the gas-induced variation.

In the context of MOS-based E-nose systems, volatile com-
pounds are typically detected at ppm and even sub-ppm levels,
which are generally regarded as low-concentration regimes
[27]. In this work, the target gas concentrations (0.5-60 ppm)
fall into this low-concentration range with over 90% of the
collected samples distributed below 5 ppm. In this case, the
sensor responses become relatively weak, while the noise and
drift effects are more observable.

Fig. 9(a) presents the PCA visualization of the original
E-nose dataset. The first two principal components explain
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only 24.72% and 8.39% of the total variance, respectively,
indicating that the intrinsic data structure is high-dimensional
and cannot be effectively represented by a low-dimensional
linear subspace. As can be observed, samples from different
gas categories are largely overlapped in the PCA space, and
the inter-class distances are generally small compared with
the intra-class variations. This phenomenon is particularly
pronounced under low-concentration conditions, where sensor
responses are weak and highly correlated across channels.
These observations suggest that simple global features or
linear projection-based methods are insufficient to discriminate
different gas types, thereby motivating the use of multi-
scale and dynamically adaptive temporal feature modeling in
subsequent analysis.

To further qualitatively illustrate the effect of the proposed
data augmentation strategy, Fig. 9(b) shows the t-SNE visual-
ization of the training samples from a representative fold. As
observed, the augmented samples are distributed around the
original samples of the same gas category, forming locally
expanded neighborhoods rather than isolated clusters. This
indicates that the proposed augmentation strategy preserves the
intrinsic class structure while increasing intra-class diversity.

TABLE IV
SAMPLE GAS CONCENTRATION RANGE AND QUANTITY

Class Gas composition Concentration range (ppm) Number
0 H2S (Hydrogen sulfide) 05,1,2,4,5 71
1 C3HgN (Trimethylamine) 05,1,2,4,5 52
2 CH4S (Methyl mercaptan) 0.5,1,2,4,5 70
3 C2HgS (Methyl sulfide) 05,1,2,4,5 63
4 C2HgS2 (Dimethyl disulfide) 05,1,2,4,5 55
5 CS3 (Carbon disulfide) 1,2,3,4,5 53
6 CgHg (Styrene) 05,1,2,4,5 61
7 C4H10O (N-butanol) 2,4,8, 125, 60 66

B. Optimal model structure analysis

To balance the trade-off between model complexity and
classification performance, a systematic grid search over the
number of MS-TS-DDA blocks L and the temporal shift rate
K is conducted. The number of blocks directly influence both
computational cost and the network’s capacity for hierarchical
feature extraction. Meanwhile, the shift rate K determines the
scope of temporal receptive fields formed by the TS-DDA
module. Therefore, the value of MS-TS-DDA blocks and the
temporal shift rate are set to 1, 2, 3, 4 and 5. Fig. 10 represents
the optimization results of the MS-TS-DDA network structure
under different number of MS-TS-DDA blocks and temporal
shift rate. When the block number L is set to 3 and the
temporal shift rate to 4, the MS-TS-DDA network achieves
the best accuracy, Fl-score and recall. In terms of the block
number, too few blocks fail to fully capture the hierarchical
and nonlinear gas features of low-concentration gas responses,
while too many blocks introduce redundant parameters and
the risk of overfitting. Additionally, a small shift rate K
enables the model to focus on short-term temporal variations,
whereas a large K allows it to incorporate longer temporal
dependencies. However, excessively large shifts may distort

PCA 2D Visualization

100 —T7

80

R 60 8
(o)) 5
™ o
© o0 *
N 0] 0, °
~N o, 3090 B
+ 8
S e’ ° 4
&
g 204 2 Su 4 S
o ° °
, ® 3
£ S80S ,8 °
(o] <
o ¥ ) () ;300% °
)
< [ ¥
O] & 7 et 2
e Pee %0 o
—20 2 (g ®
L +
1

404

-100 -50 150 200

6 SB 160
PCA Component 1: 24.72%

(a)

+ Augmented
o original

100

t-SNE Component 2
Class

-50

-100

=150 -100 =50 0

50
t-SNE Component 1

(b)

Fig. 9. (a) PCA dimension reduction of eight malodorous gases under low-
concentration. (b) t-SNE visualization of original and augmented training
samples from the first fold of the cross-validation.

local temporal alignment, thus affecting the classification
performance. For most shift rates, the overall classification
performance improves with increasing depth until reaching a
moderate number of blocks, after which deeper configuration
tend to yield reduced or unstable gains. Based on these results,
we identify the optimal structure as consisting of 3 blocks with
a temporal shift rate of 4.

C. Ablation Study

In the MS-TS-DDA network, the anti-aliasing pooling is
applied after the stem layer and within the MS-TS-DDA blocks
to suppress high-frequency artifacts during down-sampling.
The TSDA module is used to expand the temporal receptive
field and capture subtle temporal dependencies present in
low-ppm gas signals. In addition, the DDA module enhances
hierarchical feature fusion. To prove the importance of these
three mechanisms for improving the classification performance
of the network, ablation experiments are conducted. Table V
shows the quantitative results of the ablation experiments.
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Since the anti-aliasing pooling is a standard component, we
mainly focus on evaluating the contributions of the proposed
TSDA and DDA modules. Therefore, the ablation experiments
are divided into six cases. By comparing the classification
results for the baseline model, baseline combined with anti-
aliasing pooling, the variants that individually enable TSDA or
DDA module, TS-DDA, and finally the full model integrating
all three mechanisms, we demonstrate the contribution and ef-
fectiveness of each component. Relative to the baseline model,
enabling anti-aliasing pooling alone improves 2.91% in aver-
age accuracy, with only a marginal increase in parameters and
computational cost. Activating the TSDA module alone yields
the largest individual performance gain, improving average
classification accuracy by 4.47%, macro Fl-score by 4.47%,
and macro-recall by 4.14% while incurring only a negligible
increase in parameters (from 81.93K to 83.94K) and FLOPs
(from 9.23M to 9.49M). Similarly, compared to the baseline
model, enabling the DDA module alone improves average
accuracy by 3.88%, macro Fl-score by 3.88% and macro-
recall by 3.56% with a moderate increase in parameters and
FLOPs. When both the TSDA and DDA modules are activated
simultaneously, the network achieves improvements of 4.66%
in average accuracy, 4.48% in macro Fl-score and 4.26%
in macro-recall, demonstrating the complementary nature of
temporal and depth-wise dynamic aggregation. Moreover, with
the fusion of all three mechanisms, the MS-TS-DDA network
achieves the best performance, with an average accuracy
of 95.15%, an average macro Fl-score of 95.57%, and an
average macro-recall of 95.55% while maintaining a relatively
low computational cost of 105.32K parameters and 11.12M
FLOPs.

In addition to quantitative performance comparisons, we
further investigate how different ablation variants affect the
feature utilization behavior of the network through gradient-
weighted class activation mapping (Grad-CAM) to visualize
the gas information processed by three representative variants:
the baseline network with DDA, the baseline network with
TSDA and the full TS-DDA model, using the same sample
as input. Fig. 11 presents the visualization results of gas

features. The DDA model focuses on sparse and localized
important responses, emphasizing a limited number of sensor
channels at specific time instants because the DDA module
is designed to enhance cross-layer feature selection rather
than long-range dependencies. In contrast the TSDA variant
exhibits continuous important patterns along the temporal
dimension, demonstrating its ability to enlarge the receptive
field and capture long-term response dynamics. When both
mechanisms are jointly enabled, the resulting importance maps
become significantly more structured and interpretable. The
model focuses on a small subset of informative sensor channels
while maintaining continuous attention over extended temporal
regions, indicating the complementary effect of the DDA
and TSDA modules. In summary, the proposed MS-TS-DDA
network effectively highlights the long-range key features that
impact gas information classification performance, and its
effectiveness has been comprehensively validated.

Overall, the ablation results indicate that the TSDA module
contributes the largest individual improvement, while the DDA
module provides complementary hierarchical information fu-
sion. Their combination yields additional gains, confirming
that the proposed TSDA and DDA modules address different
aspects of feature modeling. The anti-aliasing pooling fur-
ther stabilizes temporal representations during down-sampling.
In summary, the proposed MS-TS-DDA network effectively
enhances temporal feature quality and dynamic aggregation
behavior.

D. Performance Comparison

To evaluate the performance advantages of the proposed
MS-TS-DDA network, we compare it with four categories
of representative classification methods, including traditional
machine-learning-based classifiers, classic convolutional neu-
ral networks, the classic network of transformer encoder,
and state-of-the-art gas information analysis models. The
machine-learning classifiers include Support Vector Machine
with an RBF kernel (SVM-RBF), Random Forest (RF), and K-
Nearest Neighbors (KNN, K=1). The CNN baselines consist of
1D-ResNet18 [24], 1D-DenseNetl121 [28], 1D-GoogLeNetV1
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TABLE V
COMPARISON RESULTS OF ABLATION EXPERIMENTS. (AVERAGE PERFORMANCE AND CORRESPONDING STANDARD
DEVIATIONS)
AA TSDA DDA  Accuracy (%) Macro Fl-score (%) Macro Recall (%) Params(K)  Flops(M)

90.29 + 3.50 90.62 + 3.35 90.99 + 3.22 81.93 9.23
i 93.20 + 2.94 93.44 + 2.87 93.67 + 2.70 83.85 9.52
Vv 94.76 + 0.78 95.09 + 0.90 95.13 +0.85 83.94 9.49

Vv 94.17 + 1.62 94.50 4+ 1.62 94.55 4+ 1.66 102.25 10.71

Vv Vv 94.95 + 1.88 95.10 +1.93 95.25 4+ 2.03 103.40 10.82

Vv Vv Vv 95.15 + 0.87 95.47 +0.93 95.55 +0.93 105.32 11.12

(@) (b) ©

Fig. 11. Visualization results of gas features by using Grad-CAM. (a) DDA only. (b) TSDA only. (c)Full TS-DDA model.
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Fig. 12. Comparison of model performance with and without data augmentation (DA) for the proposed MS-TS-DDA model, Random Forest, ResNet18,

GoogLeNetV1 and ModernTCN.

[29], TimesNet [30] and ModernTCN [31]. In addition, eight
representative state-of-the-art models reported in recent gas-
sensing literature are also included. The comparison results
are summarized in Table VI.

Due to the lack of a mechanism that jointly and adap-
tively enlarges the temporal receptive field and dynamically
aggregates cross-depth feature representations, the existing
state-of-the-art models—despite employing separable convo-
lutions, multi-branch architectures, temporal convolutions, or
transformer-style self-attention—struggle to effectively cap-
ture the subtle temporal dependencies and hierarchical non-
linear features present in low-ppm gas responses. As a result,
they fall short of achieving the same level of classification
performance as the proposed MS-TS-DDA network. Moreover,
the proposed method not only achieves the highest average
accuracy, F1-score, and recall, but also exhibits smaller perfor-
mance variances across folds, indicating improved robustness
and stability in low-concentration gas classification tasks.

To further investigate the impact of data augmentation
on different models, we compare the performance of our

proposed model with representative deep learning models, 1D-
ResNet18, 1D-GoogleNet-V1, ModernTCN, as well as the
best-performing machine learning model, Random Forest. It
can be observed from Fig. 12 that data augmentation consis-
tently improves the performance of all learning-based models,
demonstrating that the proposed data augmentation strategy
effectively enriches the training distribution and alleviates
data imbalance. When data augmentation is applied, the MS-
TS-DDA model achieves the highest score in all metrics,
with Random Forest performing slightly better than other
models. In contrast, without data augmentation, 1D-ResNet18
experiences the most observable performance degradation,
becoming the worst-performing model without data augmenta-
tion. Random Forest, 1D-GoogLeNet-V1, MordernTCN show
similar performance without data augmentation, indicating
their stronger robustness in handling limited and imbalanced
training data compared to 1D-ResNetl8. These observations
suggest that while data augmentation benefits all models, the
proposed MS-TS-DDA architecture is particularly effective
in exploiting the additional temporal diversity introduced by
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augmented samples.

TABLE VI
COMPARISON RESULTS WITH OTHER CLASSIFICATION
METHOD. (AVERAGE PERFORMANCE AND CORRESPONDING
STANDARD DEVIATIONS)

Method Accuracy (%) F1-score (%) Recall (%)
SVM-RBF 83.98 +2.09 84.68+1.81 85.10+£1.69
Random Forest 93.79 +0.48 94.024+0.42 94.10 £ 0.51
KNN (K=1) 91.65+2.92 92.11+2.71 92.16 £2.76
1D-ResNet18 91.75+2.09 91.904+2.09 91.80+ 2.31
1D-DenseNet121 91.17+2.55 91.524+2.57 91.68+2.51
1D-GoogLeNet-V1 93.01 +£1.55 93.26 +1.52 93.32+1.63
Transformer-Encoder  92.43 +3.27 92.74 +3.30 93.12 4+ 3.32
ModernTCN [31] 92.62+1.90 92.80+1.91 92.70+1.98
TimesNet [30] 92.04 +1.13 92.38+1.16 92.47+1.11
CNN-AE [14] 90.58 +1.23 91.454+2.23 91.58 +£2.03
MCNN [17] 92.04 +£3.10 92.07+3.12 92.12+ 3.06
1D-DNR [15] 91.84 +£3.28 92.21 +£3.21 92.23 £3.40
BM-Net [16] 90.87+1.90 91.244+1.86 91.15+1.93
TEA-CNN [32] 88.93+2.54 89.58 +2.49 89.77 £ 2.32
AKCA-Net [33] 87.96 +2.09 88.38 +2.10 88.43+2.05
GFAN-Net [34] 90.10 +£5.37 90.54 +5.04 90.50 £ 5.11
TETCN [35] 92.82+1.90 93.254+1.86 93.22+1.86
Ours 95.15+0.87 95.474+0.93 95.55+£0.93

V. CONCLUSION

In this work, we designed an all-in-one E-nose framework
that integrates instrument design, data augmentation, and deep
learning-based pattern recognition. Aiming to jointly address
the challenges of fast odor absorption and desorption, low-
concentration sensing, limited sample size and weakly discrim-
inative temporal responses, the proposed approach provides
an effective solution for malodorous gas classification under
practical conditions. The main conclusions of this study can
be summarized as follows:

1) An all-in-one instrument was developed, integrating a
multi-channel MOS sensor array, an annular gas chamber and
a data acquisition and control board. The annular chamber
design facilitates rapid and uniform gas exchange, while the
coordinated hardware-software control ensures stable signal
acquisition under low-ppm conditions. This integrated design
provides a reliable and repeatable sensing platform for subse-
quent data collection and gas recognition.

2) A low-concentration gas dataset was established based
on the developed instrument. The dataset comprised response
signals of eight categories of malodorous gases, forming a
challenging dataset characterized by weak responses, high
inter-class similarity, and class imbalance. To mitigate these is-
sues, a temporal oversampling strategy tailored to multi-sensor
time-series signals was proposed. By combining phase-aligned
window interpolation with physically constrained synthetic
sequence generation, the augmentation method effectively en-
riches the training distribution while preserving realistic sensor
response dynamics.

3) The MS-TS-DDA network was proposed for low-
concentration malodorous gas classification, which introduces
TSDA and DDA mechanisms to jointly enhance temporal
receptive fields and hierarchical feature fusion. Extensive

experiments, including data visualization, structure optimiza-
tion, ablation studies, performance comparisons with classi-
cal machine-learning methods, deep convolutional networks,
transformer-based models and recent SOTA gas sensing ap-
proaches, demonstrate that the proposed network achieves
superior accuracy, achieving an average accuracy of 95.15%,
Fl1-score of 95.47% and recall of 95.55% under 5-fold cross-
validation.

In summary, this work establishes a tightly coupled frame-
work that links instrument design, data augmentation, and dy-
namic feature modeling for low-ppm gas recognition. The pro-
posed approach not only improves classification performance
but also provides improved interpretability of learned features.
Future work will focus on larger-scale datasets with broader
concentration range and long-term sensor drift analysis.
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