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Abstract 

 

This study investigates whether compact and physically interpretable time-domain descriptors can support 

accurate low-concentration gas classification without relying on full multichannel waveforms. Using the 

Gas Sensor Array Low-Concentration dataset, each sample was transformed from raw sensor signals into 

120 descriptors that summarize baseline behavior, variability, transient dynamics, and response 

magnitude. Four classical learning pipelines were evaluated through repeated stratified 5-fold cross-

validation, supported by principal component analysis, descriptor ranking, sensor correlation analysis, and 

sensor subset experiments. The best-performing model, a radial support vector machine trained on the 

compact descriptor set, achieved a mean accuracy of 0.9456 and a macro-averaged F1 score of 0.9437 

across 100 test folds while using 75 times fewer inputs than the raw waveform representation. An 

important finding is that classification performance improved systematically with concentration: accuracy 

was 0.9067 at 50 ppb, increased to 0.9333 at 100 ppb, and reached 0.9967 at 200 ppb. Response mean and 

baseline mean emerged as the most informative descriptor families, while VOCS-P, 2M012, and MQ-137 

were the most discriminative sensors. Overall, the results show that compact and interpretable descriptors 

provide an efficient, reproducible, and practically useful benchmark for low-concentration gas 

classification in resource-constrained electronic nose systems. 

 

Keywords: classification, electronic nose, feature engineering, interpretability, low-concentration gas, 

sensor array, support vector machine 

 

 

1. Introduction 

 

Gas sensor arrays transform complex chemical 

environments into multichannel electrical response 

patterns and play a central role in electronic nose 

systems used for environmental monitoring, industrial 

process control, food quality evaluation, and breath-

based diagnostics [1–7]. In such applications, achieving 

high classification accuracy is essential; however, it is 

not sufficient on its own. Practical systems also require 

representations that are reproducible, computationally 

efficient, and interpretable enough to support sensor 

selection, system deployment, and operational 

reliability. 

 

A fundamental challenge in electronic nose data 

analysis arises from the structure of the data itself. Each 

observation is typically a multivariate time series 

composed of long response curves obtained from 

multiple sensors with partially overlapping sensitivities. 

When these high-dimensional raw waveforms are 

directly used for classification, the combination of 

dimensionality, inter-sensor redundancy, and limited 

sample size increases the likelihood of overfitting 

[4,5,8–13]. This issue becomes more critical at low-

concentration levels, where sensor responses are weak 

and class-discriminative patterns can be masked by 

baseline variations and noise [5,8,14–16]. 

 

Recent advances in machine learning and deep learning 

have improved performance in various sensor-based 

applications, including gas classification, human 

activity recognition, and odor descriptor prediction 

[6,7,14,17–22]. In electronic nose research, feature 

extraction, bioinspired preprocessing, classifier 

ensembles, and edge-oriented architectures have also 

been investigated to improve separability, robustness, 

and deployment feasibility [23–26]. Nevertheless, 

complex models are not always the most appropriate 

solution for compact datasets. When the number of 

samples is limited and data acquisition is costly, feature 
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engineering approaches remain valuable because they 

provide transparent representations that facilitate 

interpretation and enable direct analysis of the 

relationship between sensor response characteristics and 

classification performance [8,12,27–32]. 

 

The Gas Sensor Array Low-Concentration dataset 

introduced by Zhao et al. [16] provides a relevant 

benchmark for investigating this problem. The dataset 

contains high-dimensional waveform measurements 

from six volatile gases at concentrations as low as 50 

ppb, with a total of 90 samples. In the original study, 

strong performance was achieved using feature-

ensemble extreme learning machines constructed from 

downsampled signal representations and classifier 

aggregation [16]. A recent reproducible benchmark 

further revisited the same dataset using time-series 

classifiers and time-series-to-image convolutional 

neural networks, showing that high performance can 

also be obtained with more complex temporal 

representations [33]. While these results demonstrate 

that the dataset is discriminative, they do not directly 

address how much of this information can be preserved 

in a significantly reduced and physically interpretable 

feature space. 

 

1.1. Problem Definition and Contributions 

 

The problem addressed in this study is small-sample, 

high-dimensional low-concentration gas classification: 

can a 9000-point multichannel waveform be compressed 

into a small set of descriptors while retaining 

classification performance and exposing which sensors 

and response phases are informative? The novelty of the 

proposed approach is therefore not a new classifier 

architecture, but a deliberately compact and explainable 

time-domain feature benchmark that complements 

downsampled waveform ensembles, bioinspired 

preprocessing, multi-classifier systems, and recent time-

series benchmark models [16,23–26,33]. 

 

The main contributions are fourfold. First, each sample 

is represented by 120 fixed, physically meaningful 

descriptors derived from baseline and response 

segments, reducing the input dimensionality by a factor 

of 75. Second, four classical supervised learning 

pipelines are evaluated under repeated stratified cross-

validation to provide a reproducible benchmark. Third, 

descriptor-family ranking, sensor-level analysis, 

correlation analysis, and sensor subset experiments are 

used to interpret model behavior. Fourth, performance is 

analyzed separately across concentration levels to show 

how the compact representation behaves under the most 

challenging 50 ppb regime and at higher signal 

strengths. 

 

1.2. Paper Organization 

The remainder of the paper is organized as follows. 

Section 2 presents the dataset, descriptor extraction 

procedure, learning pipelines, validation protocol, and 

interpretability analyses. Section 3 reports gas–sensor 

response patterns, descriptor rankings, classification 

results, concentration-specific behavior, and sensor 

subset experiments. Section 4 concludes the study and 

outlines future directions related to drift robustness, 

concentration estimation, and confidence-aware real-

time decisions. 

 

2. Materials and Methods 

 

The analysis was performed using the Gas Sensor Array 

Low-Concentration dataset, which is provided in 

comma-separated format and was experimentally 

characterized by Zhao et al. [16]. In this study, 

measurements were obtained from a 10-channel metal 

oxide semiconductor sensor array operating at a 

sampling rate of 1 Hz, with 5 min of baseline 

acquisition, 10 min of gas exposure, and 15 min of 

desorption. The dataset includes 6 target gases—

ethanol, acetone, toluene, ethyl acetate, isopropanol, and 

n-hexane—measured at 3 concentration levels (50, 100, 

and 200 ppb), with 5 repeated measurements for each 

gas–concentration combination [16]. 

 

Table 1. Structure of the Gas Sensor Array Low-

Concentration dataset. 

Item Value 

Gas classes 6 

Concentration levels 3 (50, 100, 200 ppb) 

Replicates per gas-concentration pair 5 

Total samples 90 

Sensors 10 

Time points per sensor 900 

Raw features per sample 9000 

Compact descriptors per sample 120 

 

In the released dataset, each sample consists of a gas 

label, a concentration label, and 9000 sensor readings. 

After reshaping, each observation is represented as 10 

sensor channels with 900 time points per channel. 

Following the acquisition protocol, the first 300 points 

were treated as the baseline segment, while the 

remaining 600 points were considered as the response 

segment [16]. This formulation results in a balanced yet 

small-sample classification problem characterized by 

high dimensionality and substantial temporal and cross-

sensor redundancy. The overall structure of the dataset 

is summarized in Table 1. 

 

To address these challenges, the raw waveform 

representation was replaced by a compact time-domain 

descriptor set designed to preserve key signal 

characteristics while significantly reducing 
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dimensionality. For each sensor trace, the baseline 

segment, full response segment, and early, middle, and 

late portions of the response were summarized 

independently. A total of 12 descriptors were extracted 

per sensor, yielding 120 descriptors per sample across 

all channels. The definitions and interpretive roles of 

these descriptors are summarized in Table 2. This 

representation reduces the dimensionality of the input 

space by a factor of 75 relative to the original 

waveform, while maintaining physically interpretable 

features related to signal level, variability, transient 

behavior, and overall response magnitude. 

 

Table 2. Compact descriptor families extracted from each sensor trace. 

Descriptor Definition Interpretive role 

baseline mean Mean value of points 1-300 Nominal sensor level before gas injection 

baseline standard deviation Standard deviation of points 1-300 Baseline stability and noise 

response mean Mean value of points 301-900 Average response magnitude 

response standard deviation Standard deviation of points 301-900 Response variability 

peak delta Maximum response minus baseline mean Largest positive deviation 

trough delta Minimum response minus baseline mean Largest negative deviation 

early delta Mean of points 301-450 minus baseline mean Initial transient change 

mid delta Mean of points 451-750 minus baseline mean Intermediate regime 

late delta Mean of points 751-900 minus baseline mean Late or plateau behavior 

response area Integrated response relative to baseline Overall response burden 

early slope Early delta divided by early-window length Approximate onset rate 

recovery Late-window mean minus early-window mean Drift from early to late response 

 

The selected descriptor families were designed to retain 

both signed and unsigned information. Signed 

descriptors, such as peak delta, trough delta, and 

recovery, capture directional deviations from baseline, 

including cases where sensor responses decrease under 

gas exposure. In contrast, unsigned descriptors, such as 

standard deviation measures, characterize signal 

stability and variability. This combined representation 

was intentionally chosen because low-concentration gas 

recognition is often influenced by subtle baseline shifts 

and by differences in the temporal evolution of sensor 

responses [8,16]. 

 

Four supervised learning pipelines were evaluated to 

assess the effectiveness of the compact representation. 

The first pipeline used uniformly downsampled 

waveform data with a radial support vector machine and 

served as a baseline model. The remaining three 

pipelines employed the compact descriptor set in 

combination with logistic regression, a linear support 

vector machine, and a radial support vector machine, 

respectively. In all cases, feature standardization was 

applied exclusively within the training portion of each 

fold to prevent information leakage from the test data. 

Model performance was evaluated using 20 repetitions 

of stratified 5-fold cross-validation, resulting in a total 

of 100 test folds. For each fold and each model, 

classification accuracy and macro-averaged F1 score 

were computed. For the best-performing model, a 95% 

confidence interval was also estimated for the mean 

accuracy. Given that the dataset is class-balanced, 

accuracy and macro-averaged F1 score provide 

complementary and directly comparable measures of 

classification performance. 

 

In addition to predictive performance, several analyses 

were conducted to better understand model behavior 

and the contribution of individual features. Principal 

component analysis was used to visualize class 

separability in the standardized descriptor space. One-

way analysis of variance F-statistics were computed for 

each descriptor with respect to gas class, and the 

resulting scores were aggregated by descriptor family 

and by sensor to identify the most informative signal 

components. Correlation analysis of sensor-wise 

response shifts was performed to detect redundancy 

among channels and to identify sensors with 

complementary or opposing response patterns. 

Furthermore, sensor subset experiments were carried 

out by ranking sensors within each training fold and re-

evaluating the best-performing model using only the 

highest-ranked channels. This procedure was treated as 

a nested exploratory analysis rather than a separate 

benchmark model. 

 

All analyses were implemented in Python within a fully 

scripted pipeline to ensure reproducibility. Descriptor 

extraction, cross-validation, metric aggregation, and 

result generation were performed without manual 

intervention. This design choice is particularly 

important for small electronic nose datasets, which are 

susceptible to preprocessing inconsistencies, unintended 
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data leakage, and undocumented train–test splits. 

Accordingly, the study adopts a deliberately transparent 

and reproducible workflow in which all results are 

derived from fixed descriptor definitions and repeated 

cross-validation procedures. While this does not 

guarantee global optimality of the selected descriptors, 

it ensures that the benchmark can be reliably audited, 

extended, and compared with future approaches that 

may incorporate calibration transfer, drift compensation, 

or confidence-aware decision mechanisms. 

 

3. Results and Discussion 

 

The results are first examined from a descriptive 

perspective before evaluating classification 

performance, since the effectiveness of the compact 

descriptor representation depends on whether it 

preserves physically meaningful signal characteristics. 

Accordingly, the analysis begins with gas–sensor 

response patterns and their relationship to descriptor 

discriminability. 

 

As shown in Figure 1, the 6 gases do not activate the 10 

sensors uniformly. Ethanol and acetone produce the 

strongest positive responses on MQ-137, whereas 

toluene induces negative shifts on several channels, 

including TGS813, TGS822, and MQ-135. Ethyl acetate 

and isopropanol exhibit partially overlapping response 

patterns, particularly on TGS822 and MQ-135, 

suggesting a chemically consistent source of confusion. 

In addition, several channels display weak responses 

under the current operating conditions, indicating that 

not all sensors contribute equally to class 

discrimination. 

 

 
Figure 1. Mean response-window change relative to baseline for each gas-sensor pair. 

 

To further examine discriminative behavior, representative 

response curves for the most informative channels are 

presented in Figure 2, which focuses on VOCS-P, 2M012, 

and MQ-137. VOCS-P and 2M012 primarily separate 

gases through stable level differences, whereas MQ-137 

shows a pronounced transient increase for ethanol and 

acetone. This contrast explains why descriptors based on 

response magnitude and early-stage dynamics remain 

highly informative despite substantial dimensionality 

reduction. 

 
Figure 2. Mean response curves at 100 ppb for the three most discriminative sensors. The dashed line marks the start of the 

response window. 
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The relationship between sensors was further 

analyzed through correlation structure, as shown in Figure 

3. Several channels exhibit strong redundancy, with 

correlations close to 0.99 between TGS822 and MQ-135, 

and near-perfect correlation between 2M012 and VOCS-P. 

These results indicate that a significant portion of the 

discriminative information is duplicated across sensors. In 

contrast, 2SH12 shows negative correlations with multiple 

informative channels, suggesting a complementary but 

limited role. These findings explain why carefully selected 

sensor subsets can recover most of the full-array 

performance. 

 

The contribution of individual descriptor families is 

summarized in Figure 4, which shows that response mean 

and baseline mean dominate the discriminative ranking, 

with mean F-scores of 96.14 and 67.27, respectively. All 

remaining descriptor families cluster near or below 

approximately 11, indicating that the steady-state signal 

level is more informative than fine-grained waveform 

details for this dataset. Nevertheless, transient descriptors 

such as early slope and early delta remain relevant for 

distinguishing rapidly responding gases from slower or 

negatively responding classes. 

 

The most discriminative descriptors are listed in Table 3, 

which shows that top-ranked features are concentrated on 

VOCS-P, 2M012, and MQ-137. Response mean and 

baseline mean repeatedly appear among the highest-ranked 

features, confirming that classification is primarily driven 

by exposure-induced shifts combined with stable pre-

exposure offsets. This result is particularly important from 

an application perspective, as it favors computationally 

efficient descriptors suitable for embedded 

implementations. 

 

 
Figure 3. Correlation heatmap of sensor-wise mean response 

shifts across all 90 samples. 

 

 
Figure 4. Mean analysis-of-variance F score of each descriptor 

family, averaged across sensors

Table 3. 10 most discriminative compact descriptors according to one-way analysis of variance. 

Rank Sensor Descriptor F score 

1 VOCS-P response mean 353.27 

2 VOCS-P baseline mean 293.28 

3 2M012 response mean 285.97 

4 2M012 baseline mean 242.46 

5 MQ-137 response mean 131.59 

6 MQ-135 response mean 54.16 

7 TGS2603 response mean 51.03 

8 MQ-137 early slope 36.91 

9 MQ-137 early delta 36.91 

10 MQ-137 baseline mean 35.82 

 

The geometric structure of the descriptor space is 

visualized in Figure 5, where the first two principal 

components explain 60.7% of the variance. Several gases 

form well-separated clusters, while partial overlap is 

observed among oxygenated solvents. This structure 

indicates that the compact descriptor representation 

preserves most of the discriminative information, although 

perfect separation is not expected under low-signal 

conditions. 

 

Quantitative performance results are summarized in Table 

4 and further illustrated in Figure 6. The compact 

descriptor representation combined with a radial support 

vector machine achieves the best performance, with an 

accuracy of 0.9456 ± 0.0547 and a 95% confidence interval 

of [0.9347, 0.9564]. All descriptor-based models 

outperform the downsampled waveform baseline, 

demonstrating that compact, physically meaningful 

features are more effective than simple temporal 

decimation. Notably, the obtained performance is 

comparable to the 0.9444 accuracy reported by Zhao et al. 
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[16]. A recent reproducible benchmark on the same 

GSA-LC dataset reported 0.9578 ± 0.0433 accuracy with 

ROCKET [33], which is slightly higher, but that approach 

is based on transformed time-series kernels rather than a 

small set of physically interpretable descriptors. These 

comparisons suggest that most of the discriminative 

information can be preserved within a significantly reduced 

and interpretable feature space. 

 

 

 
Figure 5. Principal component projection; the first two 

components explain 60.7% of the variance. 

 

 

Figure 6. Accuracy distribution across 100 test folds for the 

compared pipelines. 

 

A more detailed understanding of model behavior is 

obtained from the confusion matrix in Figure 7. Ethanol 

and acetone are occasionally confused with each other, 

while ethyl acetate and isopropanol form a second 

confusion pair. Toluene exhibits the lowest recall, 

particularly due to misclassification at 100 ppb, whereas 

hexane is rarely misclassified except at the lowest signal 

levels. These patterns are consistent with the response 

characteristics observed in Figures 1 and 2. 

 

 

Figure 7. Row-normalized confusion matrix of the best-

performing compact descriptor model. 

 

Class-wise performance metrics are reported in Table 5, 

where toluene achieves perfect precision but lower recall 

(0.9167), indicating conservative classification behavior. 

Hexane and acetone yield the highest F1 scores, while 

ethanol, ethyl acetate, and isopropanol remain more prone 

to confusion. 

 

An important empirical finding of this study is the 

systematic improvement in classification performance with 

increasing concentration, as summarized in Table 6 and 

visualized in Figure 8. Accuracy increases from 0.9067 at 

50 ppb to 0.9333 at 100 ppb and reaches 0.9967 at 200 

ppb. 

 

 

 

Table 4. Repeated stratified five-fold cross-validation results for the compared pipelines. 

Model Dim. Accuracy Macro-F1 

Downsampled waveforms + radial support vector machine 150 0.8744 ± 0.0705 0.8695 ± 0.0761 

Compact descriptors + linear support vector machine 120 0.9017 ± 0.0646 0.8984 ± 0.0668 

Compact descriptors + logistic regression 120 0.9067 ± 0.0688 0.9044 ± 0.0705 

Compact descriptors + radial support vector machine 120 0.9456 ± 0.0547 0.9437 ± 0.0563 
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Table 5. Class-wise precision, recall, and F1 score aggregated from repeated cross-validation predictions of the best model. 

Gas Precision Recall F1 Support 

ethanol 0.9025 0.9567 0.9288 300 

acetone 0.9383 0.9633 0.9507 300 

toluene 1.0000 0.9167 0.9565 300 

ethyl acetate 0.9329 0.9267 0.9298 300 

isopropanol 0.9140 0.9567 0.9349 300 

hexane 0.9965 0.9533 0.9744 300 

 

Table 6. Concentration-specific performance of the best compact descriptor model. 

Concentration N Accuracy Macro-F1 

50 ppb 600 0.9067 0.9074 

100 ppb 600 0.9333 0.9336 

200 ppb 600 0.9967 0.9967 

 

Figure 8. Concentration-specific row-normalized confusion matrices for the best model. 

This trend demonstrates that classification performance is 

more limited under low-concentration conditions, whereas 

near-perfect discrimination is achieved at higher 

concentrations. Importantly, the errors observed at 50 ppb 

exhibit a structured pattern rather than random behavior, 

with ethanol and acetone being mutually confused, ethyl 

acetate occasionally misclassified as isopropanol, and 

hexane sometimes shifting toward alcohol-like classes. At 

200 ppb, however, the confusion matrix becomes nearly 

perfectly diagonal, indicating that the descriptor set 

effectively captures the relevant signal structure when 

sufficient signal strength is available. 

 
 

Figure 9. (a) Sensor ranking based on grouped analysis-of-variance scores. (b) Mean accuracy of the best classifier when only the top-

ranked sensors are retained within each training fold. 
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The effect of sensor selection is analyzed in Figure 9, 

which shows that VOCS-P, 2M012, and MQ-137 are 

consistently ranked as the most informative sensors. 

Performance increases rapidly as top-ranked sensors are 

added, reaching an accuracy of 0.9072 with 6 sensors, 

0.9422 with 8 sensors, and 0.9456 with all 10 sensors. 

The near-saturation after 8 sensors confirms that the 

array contains significant redundancy and suggests that 

reduced sensor configurations may be sufficient for 

practical implementations. 

From a real-world application perspective, the compact 

descriptor representation offers a substantial advantage 

by transforming a high-dimensional waveform 

classification problem into a computationally efficient 

and interpretable feature space. The descriptors can be 

computed from baseline and response windows, so an 

embedded device does not need to retain the complete 

9000-point waveform after feature extraction. The 

sensor ranking also provides a practical route for 

simplifying the array, reducing power consumption, and 

lowering maintenance cost. These properties are 

consistent with recent edge-oriented, low-power, and 

robustness-focused electronic nose developments 

[26,34,35]. However, deployment would require 

additional operational modules, including baseline 

stabilization, humidity and temperature monitoring, drift 

surveillance, periodic recalibration or transfer learning, 

and confidence-aware rejection of uncertain samples 

[35,36]. Thus, the proposed pipeline should be viewed 

as a lightweight decision layer that can be integrated 

into a broader real-time sensing workflow rather than as 

a complete field-deployment solution. 

Despite these advantages, several limitations should be 

noted. The dataset contains only 90 samples, which 

limits the generalizability of the results. In addition, the 

analysis is restricted to a single public dataset and does 

not address calibration transfer, long-term drift, 

humidity and temperature disturbances, or domain 

adaptation, which remain central challenges in deployed 

electronic nose systems [35,36]. The selected 

descriptors are intentionally simple and may not capture 

more complex temporal dynamics relevant to multi-

component gas mixtures. Furthermore, the current 

formulation treats each sample independently and does 

not exploit the temporal or longitudinal structure that 

may arise in real-world deployments. 

These limitations also clarify the contribution of the 

study as a benchmark. The results show that the dataset 

is not trivially separable at 50 ppb, yet a compact and 

interpretable descriptor set is sufficient to capture most 

of the available structure. This indicates that future 

improvements should focus on genuinely challenging 

aspects such as drift robustness, uncertainty estimation, 

and adaptation to changing environmental conditions, 

rather than solely increasing model complexity. 

Overall, the findings demonstrate that compact and 

physically interpretable descriptors provide a strong and 

reproducible baseline for low-concentration gas 

classification, while also offering practical insights for 

sensor selection and system design. 

 

 

4. Conclusion 

 

This benchmark study shows that a compact and 

interpretable time-domain representation can support 

strong low-concentration gas classification on the Gas 

Sensor Array Low-Concentration dataset. Compressing 

each sample from 9000 waveform values to 120 

descriptors still yielded a mean accuracy of 0.9456 and 

a macro-averaged F1 score of 0.9437 across 100 test 

folds. An important finding is that classification 

performance increased markedly with concentration as 

accuracy remained limited at 50 ppb (0.9067), improved 

at 100 ppb (0.9333), and became almost perfect at 200 

ppb (0.9967). The analysis also showed that response 

mean and baseline mean dominate the descriptor 

ranking, that the strongest signals are concentrated on 

VOCS-P, 2M012, and MQ-137, and that 8 carefully 

selected sensors nearly recover the full-array result. 

These findings make the compact descriptor set 

valuable not only as a reproducible benchmark, but also 

as a practical design aid for future lightweight electronic 

nose systems. Subsequent studies can build on this 

baseline by incorporating drift robustness, concentration 

estimation, and explicit confidence scoring for real-time 

sensor decisions. 
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