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Abstract

Low-cost gas sensor arrays are attractive for mixed-gas monitoring, but deployment-
oriented modeling remains challenging because mixed-gas responses are nonlinear, cross-
sensitive, and strongly dependent on sensor dynamic states. Existing electronic-nose
models often rely on handcrafted response descriptors or generic sequential networks,
which may either compress transient response information or introduce unnecessary com-
putational cost. This work proposes SDRMixer, a lightweight sensor-specific framework for
mixed-gas concentration quantification. SDRMixer uses a parameter-free sparse dynamic
response encoding to organize the original sensor response, baseline-referenced excitation,
and smoothed response kinetics into a physically meaningful dynamic response field. A
compact temporal-feature mixer is then applied over fixed response-stage tokens for si-
multaneous multi-gas regression. To improve calibration coverage, a response-consistent
augmentation strategy is used during model training. The proposed framework is evalu-
ated on a previously reported mixed-gas sensor array dataset containing NO,, NHj3, CHy,
and CO, mixtures. Both augmentation-enriched calibration domain benchmarking and
original-measurement-based validation are conducted to assess prediction performance,
computational efficiency, and stability on measured calibration samples. The results show
that SDRMixer provides a good trade-off between accuracy and efficiency compared with
generic deep learning architectures and compact gas-sensing baselines. These findings indi-
cate that explicit dynamic response encoding combined with lightweight temporal-feature
mixing is an effective modeling strategy for compact mixed-gas quantification within the
investigated calibration domain.

Keywords: gas sensor array; mixed-gas quantification; electronic nose; lightweight neural
network; dynamic response

1. Introduction

Gas sensor arrays and electronic noses are widely adopted for environmental moni-
toring, industrial safety, indoor-air assessment, and breath analysis because they combine
compact sensing hardware with multivariate pattern recognition. However, their core
limitation lies in poor selectivity: metal-oxide semiconductor (MOS) and related chemire-
sistive gas sensors respond to several analytes, and their signals are further affected by
competitive adsorption, temperature and humidity [1,2]. Gas sensor arrays can address this
limitation by combining partially selective channels, including cross-sensitive nanowire
arrays and material-engineered orthogonal arrays [3,4]. Recent highly integrated and low-
power electronic noses further demonstrate the feasibility of compact array hardware [5].
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Nevertheless, cross-channel interference, device-to-device variation, and heavy calibration
overhead still pose major obstacles to practical field deployment. Beyond environmental
and industrial scenarios, mixed-gas analysis is also important in biomedical breath sensing,
where human exhaled breath contains complex volatile organic compound mixtures related
to physiological and pathological states. A recent review on machine-learning-assisted gas
sensor arrays has highlighted their potential for non-invasive medical diagnosis, including
respiratory, metabolic, hepatobiliary, gastrointestinal, and nervous-system diseases [6].
These applications further demonstrate that sensor array models must not only identify gas
patterns or disease classes, but also preserve concentration-dependent response informa-
tion when quantitative analysis is required. Therefore, mixed-gas concentration regression
is a more demanding task than multi-gas classification, because it requires continuous
multi-output estimation from overlapped and cross-sensitive sensor responses.

Accordingly, mixed-gas quantification requires the simultaneous estimation of mul-
tiple gas concentrations from heavily overlapped sensor responses. Early research re-
alized quantitative analysis of binary and ternary gas mixtures via thick-film sensor ar-
rays, tapped-delay response characterization, and traditional chemometric regression
algorithms [7,8]. Subsequent studies extended array-based sensing techniques to multicom-
ponent gas detection, indoor pollutant monitoring, and chemically complex mixtures such
as NO, NO,, C3Hg and NHj mixtures [9-11]. These studies established that array-level
information can support quantitative analysis, but they also showed that the mapping from
response to concentration depends strongly on the selected sensors, calibration mixtures,
and response descriptors.

A common strategy is to extract steady-state or handcrafted descriptors, such as
peak response, response slope, area, response time, and recovery time, and then apply
Partial Least Squares Regression, Support Vector Regression, stacking, broad learning,
or related chemometric models [10,12,13]. Such approaches feature low computational
complexity and perform well with limited calibration datasets. However, when the full
adsorption—desorption response trajectory is compressed into fixed handcrafted feature
sets, part of the transient kinetic information may be simplified or lost. This drawback
becomes particularly prominent in complex mixed-gas environments, where inter-channel
signal enhancement, suppression effects, and non-monotonic concentration-response re-
lationships are prevalent. Dynamic sensor responses provide an additional source of
chemical information. Previous tapped-delay models showed that temporal histories
improve concentration estimation in gas mixtures, while one-dimensional convolutional
analysis of sensor fluctuations demonstrated that time series structure can distinguish
binary mixtures [8,14]. Neural regression and 1D-Convolutional Neural Network (CNN)
methods have also been used for gas concentration analysis and mixture component
estimation [15,16]. These studies collectively confirm the value of transient response in-
formation for quantitative gas sensing. Recent chemiresistive electronic-nose studies also
analyzed dynamic resistance responses and calibration curves with statistical learning
methods such as PCA to discriminate single gases and gas mixtures, further supporting
the usefulness of transient response information in array-based gas analysis [17]. How-
ever, these studies mainly focus on gas or mixture discrimination, whereas simultaneous
mixed-gas concentration regression requires continuous multi-output estimation and a
more structured representation of concentration-dependent transient responses. Even so,
most existing methods either rely on manually engineered temporal features or adopt
generic sequence networks to implicitly learn baseline characteristics, response amplitude,
and kinetic properties, lacking explicit physical interpretability.

To address such limitations, more expressive neural models have therefore been
introduced for gas-array analysis. Neural networks have been used for mixture identi-
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fication, joint gas recognition and concentration estimation, hybrid 3D-CNN regression,
and optimized mixed-gas detection [18-21]. Temporal-convolutional models can improve
concentration prediction under changing conditions, and batch-uniform arrays combined
with deep learning have achieved high real-time multi-gas identification accuracy [22,23].
The primary strength of these deep models lies in their capability to model nonlinear
cross-channel interaction relationships. However, they suffer from inherent drawbacks:
excessive parameter volume, high computational overhead, and heavy reliance on large-
scale calibration data. Moreover, superior classification performance cannot be directly
transferred to the task of simultaneous multi-gas concentration regression.

Regardless of model architecture, calibration remains a critical bottleneck for prac-
tical gas sensor system deployment. Compared with exhaustive grid sampling strate-
gies, random-mixture calibration can more efficiently cover the concentration parame-
ter space [24], and state-of-the-art mixed-gas calibration schemes improve measurement
accuracy by constructing information-rich calibration sample sets [25]. Data augmen-
tation, interpolation, and extrapolation have also been explored to construct practical
concentration-prediction models [26], while transfer learning can reduce calibration time
between MOS sensor systems [27]. Nevertheless, synthetic and transferred calibration data
are inherently constrained by the original calibration domain, making model performance
vulnerable to sensor drift and unknown interfering gases in long-term field operation [28].

Based on the above analysis, this work identifies and addresses key practical gaps
in existing mixed-gas-sensing systems. A deployable multi-gas quantification model is
required to preserve physically meaningful transient response information, capture nonlin-
ear cross-channel interactions, deliver stable performance with limited calibrated samples,
and maintain a lightweight architecture for resource-constrained edge sensing devices.
Traditional compact chemometric models may not fully preserve transient kinetic informa-
tion when relying on compressed descriptors, while generic deep sequence models often
introduce redundant computational and data costs. Different from arbitrary long sequence
data, gas sensor responses exhibit structured patterns with distinguishable baseline states,
gas-induced excitation variations, and stable response/recovery kinetics, which provides a
solid physical foundation for targeted lightweight model design. This work proposes SDR-
Mixer, a lightweight sensor-customized framework for the simultaneous quantification of
NO,, NH3, CHy, and CO;. A parameter-free sparse dynamic response encoding (SDRE) ex-
poses the original response, baseline-referenced change, and smoothed kinetic component
before learning. A compact temporal-feature mixer then processes fixed response-stage
tokens for multi-gas regression. Response-consistent CalibGrad augmentation is used
to improve calibration coverage during training. On the four-gas sensor array dataset
reported by our previous work [29], under the augmentation-enriched calibration domain
benchmarking setting, SDRMixer achieves a normalized mean absolute error (MAE) of
0.0181 and an R? of 0.9872 with 48.7 k parameters and 1.00 M floating-point operations
(FLOPs) per sample. In addition, original-measurement-based validation using only the
110 experimental measurements further evaluates the stability of SDRMixer on real mea-
sured calibration samples. Therefore, this work comprehensively evaluated SDRMixer
from the perspectives of balancing accuracy and efficiency, as well as actual sample stability,
further demonstrating its practical potential for deployment-oriented mixed-gas-sensing
systems within the investigated calibration domain.

2. Data and Methods
2.1. Dataset Origin and Response Window

The mixed-gas dataset originates from our previously reported four-sensor array
measurements for the quantitative analysis of NO,, NH3, CHy, and CO, mixtures [29].
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The array consists of four partially selective metal-oxide sensing materials, namely In;O3-,
Pd-ZnO-, Au-SnO,-, and Pd-LaFeOs-based channels. These materials were selected accord-
ing to their nominal sensitivities to NOp, NH3, CHy, and CO,, respectively; however, they
are not intended to function as fully independent single-gas sensors under mixed-gas expo-
sure. As demonstrated in our previous work [29], under single-gas exposure, the selected
sensing materials exhibited good response characteristics toward their corresponding target
gases, confirming that the four sensing channels provide meaningful target-related gas
response information for the investigated gas system. During gas testing, the sensing
channels were operated at their respective working temperatures of 170 °C, 220 °C, 250 °C,
and 250 °C under 50% relative humidity. The concentration ranges were 0.1-10 ppm for
NO,, 0.1-50 ppm for NHj3, 50-5000 ppm for CHy, and 50-10,000 ppm for CO;. A total of
110 mixed-gas concentration combinations were measured using the customized sensor
array testing system. Each sample contains a four-component concentration label and
four corresponding transient response curves. Therefore, the input information used in
this work is a multi-channel dynamic response window rather than a single steady-state
response descriptor. The measured response windows are used as model inputs to simulta-
neously predict the concentrations of the four gases. Each window covers both the rising
response and recovery processes, and after normalization, each input sample is represented
as a4 x 180 response matrix. All data processing, model training, and visualization were
conducted using Python 3.10.13 (Python Software Foundation, Wilmington, DE, USA) and
PyTorch 2.8.0 (Meta Al, Menlo Park, CA, USA).

Figure 1 further demonstrates the inherent challenges of mixed-gas quantification.
Although our previous work confirmed that the selected gas-sensing materials exhibited
good single-gas responses toward their corresponding target gases [29], Figure 1b—e show
that their response become strongly coupled under mixed-gas exposure. Representative
mixture samples yield distinct response patterns across the four sensing channels, and
the response amplitude plots verify that the concentration of a displayed gas component
does not correspond to any independent single-channel response. Such cross-response
behavior increases the ambiguity of single-channel calibration, but also provides multi-
variate composition-dependent information at the array level. Therefore, the observed
cross-sensitive behavior does not contradict the target-oriented sensor selection; rather,
it reveals why the whole-array dynamic response should be modeled for mixed-gas con-
centration regression. These phenomena reveal that mixed-gas quantification cannot be
accurately achieved through independent single-gas calibration schemes or limited steady-
state feature descriptors. Therefore, a high-performance deployable model is required to
fully exploit cross-channel transient dynamic information while maintaining a compact,
lightweight architecture.

2.2. Calibration Gradient Response Augmentation

Controlled mixed-gas calibration is labor-intensive and time-consuming, while ex-
tensive collection of additional concentration combinations may also accelerate sensor
aging and degrade device stability. To expand effective calibration coverage, we adopt a
response-consistent data augmentation strategy, termed CalibGrad x 6. The core principle
is to introduce subtle perturbations to gas concentration labels and update the correspond-
ing sensor response curves along calibration-aware gradient directions learned from real
measured samples. In this manner, the augmented responses do not introduce meaningless
random noise but strictly conform to the local response variation trends inherent to the
sensor array system.
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Figure 1. Dynamic responses and cross-sensitivity of the four-sensor array under mixed-gas expo-
sure. (a) Normalized responses of the four sensing channels for ten representative gas mixtures.
(b—e) Mixed-gas response amplitude correlations of the four channels with CHy, CO,, NH3, and NO,
concentrations, respectively.

For practical implementation, a ridge-regression calibration model is first fitted to
correlate normalized gas concentrations with baseline-referenced response windows. For
each measured sample, minor concentration perturbations are sampled within gas-specific
constraint ranges. Relatively larger perturbation magnitudes are applied to CHy and
COg, as these two gases exhibit higher normalized prediction errors. The sensor response
window is subsequently adjusted according to the learned calibration gradient. Subtle
sensor-level variations, including baseline shift, gain jitter, and smooth noise, are further
incorporated to simulate realistic minor measurement fluctuations in practical scenarios.
The SDRE features are recomputed for all augmented data to ensure feature consistency.
The final dataset comprises 110 original samples and 660 augmented samples, resulting in
a total of 770 valid samples for model training.

2.3. Sparse Dynamic Response Encoding

Following the calibration dataset expansion, the remaining key challenge lies in effec-
tively encoding sensor response curves while fully preserving the dynamic characteristics
illustrated in Figure 1. Rather than relying solely on terminal steady-state response values
that discard transient information, the proposed SDRE module characterizes each sensor
response curve from three complementary perspectives:

D(X, Xo) = [x AX, X},

where X is the normalized response, AX = X — X is the baseline-referenced response
change, and X is a smoothed finite-difference curve. The first view preserves the absolute
sensor state, the second emphasizes gas-induced resistance change, and the third describes
response and recovery kinetics. For four sensors, SDRE yields 12 channels:

D e R,
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The construction of the SDRE response field is illustrated in Figure 2 using a rep-
resentative mixed-gas sample. Specifically, Figure 2a—c present the original normalized
response, baseline-referenced response change, and smoothed finite-difference response,
respectively, while Figure 2d integrates these three response views into the final 12-channel
SDRE response field. The original normalized response curves retain the absolute sensor
state, the baseline-referenced curves emphasize gas-induced response variations, and the
smoothed finite-difference curves highlight response and recovery kinetics. The resulting
12-channel response field provides a compact yet physically interpretable representation of
the complete transient sensing process.
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Figure 2. Sparse dynamic response encoding of a representative mixed-gas sample. (a) Original
normalized responses. (b) Baseline-referenced response changes. (c) Smoothed response differences.
(d) 12-channel SDRE response field. Dashed lines indicate gas exposure and recovery boundaries.

2.4. SDRMixer Architecture

As illustrated in Figure 3, the final modeling step maps the encoded SDRE response
field to four target gas concentrations through a compact neural network. SDRMixer
first condenses each full-length response curve into 12 fixed response-stage tokens, en-
abling compact representation of the complete exposure and recovery dynamics within a
shortened sequence. Each token is linearly projected into a 64-dimensional hidden space
and subsequently processed by two lightweight temporal-feature mixing blocks. These
blocks mix information along the response-stage direction and across SDRE channels, al-
lowing the model to use both time-dependent response shape and cross-sensor interaction.
The regression head combines the average response state, the strongest response state, and
the change between the first and last response-stage tokens to predict the four normalized
gas concentrations.
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Figure 3. Architecture of SDRMixer for mixed-gas quantification. SDRE response field is tokenized,
mixed by lightweight temporal-feature blocks, and mapped to four gas concentrations through a
compact regression head.

2.5. Evaluation Protocol

Two evaluation settings were used in this study. The first setting was an augmentation-
enriched calibration domain benchmarking protocol based on the CalibGrad x 6 dataset.
This setting was used for the SDRE ablation study, gas-wise prediction visualization, and
comparisons with lightweight and standard deep learning baselines. In this setting, all
compared models were trained and evaluated using the same augmented calibration
domain dataset, preprocessing procedure, cross-validation protocol, training schedule,
evaluation metrics, and comparable hyperparameter tuning process.

The second setting was an original-measurement-based validation protocol. In this
setting, only the 110 experimentally measured mixed-gas samples were used, without
CalibGrad-augmented samples. Five-fold cross-validation was performed on the original
experimental measurements, and the experiment was repeated with five random seeds
to assess result variability. This setting provides an additional conservative assessment of
SDRMixer based exclusively on real measured calibration samples.

3. Results

This section evaluates SDRMixer from four perspectives: the contribution of the
proposed response encoding, gas-specific prediction performance, accuracy—efficiency
trade-off against lightweight and standard deep learning baselines, and additional stability
assessment based on original experimental measurements. All compared models were
trained and evaluated using the same dataset, preprocessing procedure, cross-validation
protocol, training schedule, evaluation metrics, and comparable hyperparameter tuning
process. Gas concentration labels were normalized according to the predefined experimen-
tal concentration ranges of each gas.

3.1. SDRE Ablation

We further conduct ablation experiments to verify whether performance gains stem
from the proposed response encoding scheme or the mixer backbone alone. Table 1 com-
pares the model performance using raw responses, baseline-referenced responses, and
complete SDRE features, with the identical lightweight mixer architecture adopted consis-
tently across all groups. Raw-TSMixer achieves a normalized MAE of 0.0224. Incorporating
the baseline-referenced response cuts the MAE down to 0.0195. The full SDRE module
further lowers the MAE to 0.0181, with the computational cost maintained at merely 1.00 M
FLOPs per sample. This validates the first core design principle of our method: explicit
decoupling of the absolute sensor response, baseline-referenced excitation signal, and
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transient kinetic components as independent feature views delivers clear performance

improvements. Accordingly, SDRMixer is far more than a generic mixer module naively

applied to unprocessed raw sensor time series.

Table 1. Ablation study of SDRE components.

Model Input Representation =~ MAE R? Params fSI;?nI;sle
Raw-TSMixer X 0.0224 0.9803 49.1k 1.38 M
Delta-TSMixer [X, X — Xo] 0.0195 0.9851 494k 1.39M
SDRMixer [X, X — Xo, ViX] 0.0181 0.9872 48.7k 1.00 M

3.2. Task-Level SDRMixer Performance

Figure 4 analyzes the physical-unit prediction error distributions of SDRMixer. The

signed errors are centered near zero for all four gases, indicating no obvious systematic

bias. Figure 5 compares the predicted and measured concentrations in physical units,

where the predicted values are generally distributed close to the ideal one-to-one line. In
Figures 4 and 5, subplots (a—d) correspond to CHy, CO,, NH3, and NO,, respectively,
allowing the gas-wise prediction error distributions and true-versus-predicted regression

results to be compared under their different concentration scales. To provide a scale-aware

quantitative summary of the physical-unit errors, Table 2 further reports the gas-specific
concentration ranges, MAE, weighted mean absolute percentage error (WMAPE), and

R? values.
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Figure 4. Physical-unit prediction error distributions of SDRMixer for four gases: (a) CHy, (b) CO,,

(c) NH3, and (d) NO,. The y-axis represents the signed prediction error in ppm, and the dashed

horizontal line indicates zero error.
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Figure 5. True-versus-predicted concentration plots of SDRMixer for four gases: (a) CHy, (b) CO,,
(c) NHj3, and (d) NO;. The dashed diagonal line represents the ideal one-to-one prediction.

Table 2. Gas-specific concentration ranges and physical-unit prediction performance of SDRMixer.

Gas Range (ppm) MAE (ppm) WMAPE (%) R?

NO, 0.1-10 0.140 £ 0.009 2.38 £ 0.16 0.9912 £ 0.0016
NHj; 0.1-50 0.563 £ 0.025 3.114+0.12 0.9941 + 0.0010
CH,4 50.1-5000 98.6 + 4.8 6.98 + 0.27 0.9858 £ 0.0016
CO, 52.2-10,000 269.4 +16.2 9.19 £+ 0.63 0.9772 £ 0.0025

3.3. Comparison with Lightweight Neural Baselines

Table 3 compares SDRMixer with compact sequence models and the literature-style
lightweight gas sensor baselines, including the patch-based time series model Joint-
PatchTST [30] and the recurrent neural network baseline Small-long short-term mem-
ory (LSTM) [31]. All baseline models adopt resource-efficient architectures tailored for
embedded sensing scenarios; however, they rely on either generic sequence learning or
compressed handcrafted response summaries, failing to fully exploit the comprehensive
SDRE dynamic response field. SDRMixer achieves the lowest normalized MAE across
all lightweight comparison schemes. Representative literature-based lightweight models,
including Small-LSTM, Plain-1DCNN, and LeNet-GasCNN, maintain low computational
complexity but exhibit substantially inferior prediction accuracy. Under a comparable per-
sample FLOP budget, SDRMixer significantly outperforms the lightweight LSTM baseline,
reducing the normalized MAE from 0.0388 to 0.0181. This result validates the core conclu-
sion of this work: a compact sensing model can deliver superior quantification performance
only when its input representation and temporal mixing mechanism are explicitly tailored
to the intrinsic dynamic characteristics of gas sensor responses.
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Table 3. Comparison with lightweight baselines under the same evaluation setting.

Model R? MAE Params FLOPs
SDRMixer 0.9872 0.0181 48.7 k 1.00 M
JointPatchTST [30] 0.9803 0.0228 161.0 k 570M
Small-LSTM [31] 0.9304 0.0388 50k 1.11M
Plain-1DCNN 0.8308 0.0553 33k 0.90 M
LeNet-GasCNN 0.8228 0.0615 29k 0.35M

3.4. Comparison with Standard Deep Baselines

Table 4 compares SDRMixer with higher-capacity recurrent, temporal-convolutional,
attention-based, and Inception-style baselines, including LSTM [31], Inception-lite [32],
temporal-convolutional network (TCN) [33], Transformer [34], BiGRU [35] and gated
recurrent unit (GRU) [36]. Compared with Inception-lite, SDRMixer reduces the normalized
MAE from 0.0191 to 0.0181 while lowering per-sample FLOPs from 51.83 M to 1.00 M. When
benchmarked against TCN and Transformer models, SDRMixer achieves comparable or
improved prediction accuracy with drastically reduced computational consumption. This
outcome suggests that physically structured sensor response representations can reduce
the computational burden of downstream learning tasks while maintaining high prediction
accuracy within the augmented calibration domain benchmarking setting.

Table 4. Comparison with standard deep baselines under the same evaluation setting.

Model R? MAE Params FLOPs

SDRMixer 0.9872 0.0181 48.7 k 1.00 M

LSTM [31] 0.9787 0.0232 157.6 k 4944 M
Inception-lite [32] 0.9859 0.0191 161.8 k 51.83 M
TCN [33] 0.9835 0.0207 1104 k 36.42 M
Transformer [34] 0.9831 0.0204 230.5 k 4831 M
BiGRU [35] 0.9749 0.0245 123.8 k 37.19M
GRU [36] 0.9740 0.0246 123.8 k 37.19M

3.5. Validation on Original Experimental Measurements

To further evaluate the stability of SDRMixer on real measured calibration samples,
additional validation was conducted using only 110 original experimental measurements,
without incorporating any CalibGrad-augmented samples. Specifically, five-fold cross-
validation was performed on the original experimental dataset, and the entire experiment
was repeated with five random seeds to quantify result variability.

As summarized in Table 5, SDRMixer achieves an overall R? of 0.9272 + 0.0036
and a normalized MAE of 0.0397 £ 0.0024 in this validation scenario based solely on
original measurements. In contrast to the benchmark results obtained with augmented
calibration data, this validation yields a more conservative evaluation that relies exclusively
on real experimental measurements. The gas-specific quantitative results in Table 5 further
demonstrate that SDRMixer sustains reliable concentration regression performance for all
four target gases on the investigated sensor array dataset.
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Table 5. Validation performance of SDRMixer on original experimental measurements.
Gas Range (ppm)  MAE (ppm) WMAPE (%)  R?
NO; 0.1-10 0.285 + 0.055 474 + 091 0.9570 £ 0.0129
NH; 0.1-50 1.140 £ 0.122 6.11 = 0.65 0.9640 £ 0.0080
CHy 50.1-5000 266.1 +24.2 19.34 = 1.76 0.8872 £ 0.0166
CO, 52.2-10,000 5299 +71.2 18.40 £ 2.47 0.9007 £ 0.0273

4. Discussion

The results first confirm that mixed-gas quantification is fundamentally an array-
selectivity problem. Figure 1 shows that the response amplitude of an individual channel is
not uniquely determined by its nominal target concentration. This phenomenon aligns with
the well-recognized sensing mechanisms of chemiresistive gas sensors, in which competi-
tive adsorption, surface chemical reactions, catalytic effects, and heterointerface modulation
collectively distort the sensor response to individual gas components [1]. Although orthogo-
nal material engineering can alleviate response correlation across channels, fully decoupled
and independent sensing channels are difficult to sustain under varying concentration lev-
els, ambient humidity, and long-term aging interference [4]. Instead of relying on traditional
independent single-gas calibration strategies, SDRMixer explicitly models cross-sensitivity
as valuable multivariate feature information for accurate mixed-gas quantification.

This perspective also clarifies the relationship between the present SDRMixer frame-
work and our previous LDNN-based study using the same experimental dataset [29].
Although both studies are based on the same four-gas sensor array measurements, the
data representation and modeling objective are different. The previous work mainly used
compact response descriptors, such as steady-state response values, to construct a local
concentration regression model. In contrast, the present work directly uses the complete
normalized transient response window, including both the rising and recovery processes,
as the model input. This difference allows SDRMixer to exploit richer temporal response
information rather than relying only on limited response amplitude features. Moreover, the
previous LDNN strategy focused on local response-concentration fitting by selecting highly
correlated neighboring samples around each predicted point, whereas SDRMixer learns
a reusable lightweight mapping from full response windows to four gas concentrations.
Therefore, this work extends the previous local descriptor-based regression framework
to full-window dynamic response modeling, enabling unified and deployment-oriented
quantification of mixed gases.

SDRE ablation experiments further clarify the benefits of explicit physical response
structuring. The baseline raw-TSMixer yields a normalized MAE of 0.0224. Integrating the
baseline-referenced response component reduces the MAE to 0.0195, and further embed-
ding the kinetic feature component lowers the error to 0.0181. Previous tapped-delay-based
methods have validated the efficacy of temporal response information for ternary mix-
ture estimation, while time series fluctuation features combined with 1D-CNNs have
proven effective for binary mixture discrimination [8,14]. Neural regression studies also
corroborate that dynamic sensor transient responses carry rich concentration-dependent
information [14,15]. Distinct from these data-driven strategies that rely on parameterized
feature learning, SDRE decouples absolute response states, gas-induced signal variations,
and temporal kinetic characteristics without introducing any trainable parameters. The
consistent performance gains observed in ablation studies demonstrate that such physically
interpretable multi-view feature decomposition effectively reduces the learning burden
of the downstream mixer module. More importantly, the contribution of SDRMixer lies
in the coordinated design of dynamic response encoding, response-stage tokenization,
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and lightweight temporal-feature mixing. This design transforms raw transient sensor
curves into compact and physically meaningful response-stage representations, enabling
the model to capture baseline states, gas-induced variations, response/recovery kinetics,
and cross-channel interactions within a deployment-friendly architecture.

The comparison with existing models also illustrates the trade-off between accuracy
and efficiency related to sensors. Classical or shallow electronic-nose regressors are attrac-
tive because of their low cost and small-data suitability, but their performance depends
strongly on feature engineering [10,13]. Deep mixture models, including 3D-CNN-based
regression and general neural mixture-identification systems, can learn richer nonlinear in-
teractions [18,20]. TCN-based concentration prediction further demonstrates the benefit of
temporal receptive fields under varying conditions [22]. Notably, the proposed SDRMixer
achieves superior quantification accuracy over TCN, Transformer, recurrent networks, and
Inception-style baselines, while maintaining an extremely low computational cost of only
1.00 M FLOPs. This insight demonstrates that elaborate pre-structuring of sensor-specific
response components prior to temporal and cross-channel feature mixing outweighs the
benefits of blindly increasing model capacity.

Compact computational overhead is particularly critical for model deployment on
integrated, low-power gas-sensing hardware. Highly integrated electronic noses reduce
sensor-system size and power consumption, but an embedded inference model must fit
the remaining memory, latency, and energy budget [5]. Although the lightweight CNN
and LSTM baselines feature low parameter counts, they suffer from substantially higher
prediction errors, demonstrating that simply compressing generic neural architectures
cannot achieve reliable high-precision quantification. Differing from naive model shrinking
strategies, SDRMixer leverages fixed response-stage tokenization and a lightweight feature
mixing backbone, achieving a compact parameter scale of 48.7 k while completely pre-
serving full dynamic response characteristics. This well-balanced design shows potential
for edge online sensor nodes compared with purely boosting representation capability by
expanding sequence depth or stacking complex attention modules.

The augmentation results should be interpreted in the context of gas sensor calibration
rather than as evidence of independent experimental generalization. Random-mixture
calibration and optimized calibration schemes aim to cover multicomponent concentration
space with fewer measurements [24,25]. Data augmentation and interpolation can further
improve coverage and prediction speed, while transfer learning can reduce the calibration
required for related MOS sensors [26,27]. Under this setting, the out-of-fold prediction
results in Figure 5 demonstrate the ability of SDRMixer to learn concentration-dependent
response patterns within the calibrated mixed-gas response space. In addition, the original-
measurement-based validation in Section 3.5 provides supporting evidence that SDRMixer
can maintain stable regression performance on real measured calibration samples without
relying on augmented data. This result further demonstrates the potential of the proposed
dynamic response encoding and lightweight temporal-feature mixing strategy. Future
work will extend this calibration domain evaluation toward more practical deployment
scenarios, including newly prepared gas mixtures, multiple sensor batches, long-term drift,
controlled temperature and humidity perturbations, and additional interfering gases.

From the perspective of method applicability, SDRMixer should be regarded as a
sensor array response modeling framework rather than a material-specific model restricted
to the present In;O3-, Pd-ZnO-, Au-SnO;,-, and Pd-LaFeOs-based channels. The framework
itself does not require these exact sensing materials or the same four gas species. Instead,
its applicability relies on whether the selected sensor array can provide reproducible, dis-
tinguishable, and concentration-dependent transient response patterns within a calibrated
gas system. Under this premise, the SDRE module can organize the original response
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state, baseline-referenced response variation, and response/recovery kinetics, while the
lightweight mixer can learn nonlinear cross-channel relationships for multi-output concen-
tration regression. Therefore, SDRMixer may provide a transferable modeling strategy for
other partially selective mixed-gas sensor arrays. However, for a new gas system, the sensor
array still needs to be selected according to the target gases, experimentally calibrated, and
retrained or adapted using the corresponding response data.

Nevertheless, several inherent limitations at the sensor and system levels still need to
be addressed. Long-term sensor drift, ambient humidity and temperature fluctuations, gas
flow-rate variations, sensor replacement, and unseen interfering gases can substantially
shift sensor response distributions. Existing studies on drift compensation and open-
set recognition have demonstrated that fixed electronic-nose models generally require
periodic adaptive updates for stable performance [28]. Meanwhile, practical turbulent-
mixture monitoring further introduces unpredictable variability caused by realistic gas
transport dynamics. Although small-sample environmental compensation methods can
mitigate partial temperature and humidity interference, they cannot fully eliminate the
demand for external field validation. Future work will focus on comprehensive robustness
evaluations of SDRMixer under more practical scenarios, including unseen concentration
combinations, multiple sensor batches, controlled temperature and humidity perturbations,
long-term aging processes, and diverse interfering gas environments. These systematic
experiments will further evaluate whether the promising accuracy—-efficiency advantage
of SDRMixer can be generalized from the investigated calibration dataset to practical
long-term deployment applications.

5. Conclusions

This paper presents SDRMixer, a lightweight, sensor-customized framework for mixed-
gas concentration quantification within sensor array calibration datasets. The work starts
from a practical conflict in gas sensor deployment: mixed-gas responses are nonlinear and
cross-sensitive, but measured calibration samples are limited and deployment-oriented
models must remain compact. SDRMixer addresses this conflict by constructing an SDRE
response field [X, X — X, V;X] and applying compact temporal-feature mixing over fixed
response-stage tokens. Under the augmentation-enriched calibration domain benchmark-
ing setting, SDRMixer achieves a normalized MAE of 0.0181 and an R? of 0.9872 using only
48.7 k parameters and 1.00 M FLOPs. Comprehensive comparisons against conventional
deep architectures, generic lightweight sequence models, and compact gas-sensing models
demonstrate that SDRMixer delivers a good balance between accuracy and computational
efficiency. In addition, validation on original experimental measurements further supports
the stability and potential of SDRMixer on real measured calibration samples. These find-
ings indicate that explicit multi-dimensional dynamic response encoding is an effective
modeling strategy for mixed-gas quantification within the investigated calibration domain.
The compact parameter count and low computational cost suggest the potential of SDR-
Mixer for deployment-oriented sensor instruments; however, independent validation using
newly prepared gas mixtures, multiple sensor batches, long-term drift tests, environmental
perturbations, and interfering gases is still required before robust field deployment can
be claimed.
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