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Carbon monoxide (CO) is a toxic, odorless gas commonly present in industrial processes and 

poses serious risks to occupational safety and health. This study proposes an optimized 

machine-learning-based approach to predict CO concentration using metal-oxide 

semiconductor (MOS) sensor arrays. The model was trained and evaluated on a public dataset 

comprising 650 time-series measurements from 14 thermally modulated MOS sensors, tested 

across CO concentrations ranging from 0 to 8.9 ppm under dynamic relative humidity (15%–

75%). To optimize computational efficiency and mitigate multicollinearity, a multi-method 

feature selection strategy that combines Random Forest importance, Recursive Feature 

Elimination (RFE), and Mutual Information (MI) was implemented, successfully isolating 

sensors R10, R11, and R13 as the most robust predictors. A Random Forest Regression model, 

optimized via grid search and validated through five-fold cross-validation, was subsequently 

developed. The proposed framework demonstrated high predictive accuracy, achieving an R² 

of 0.884, Root Mean Square Error (RMSE) of 2.189 ppm, Mean Absolute Error (MAE) of 1.215 

ppm, and Symmetric Mean Absolute Percentage Error (SMAPE) of 34.27%. These results 

highlight the potential of combining low-cost, feature-optimized MOS sensor arrays with 

ensemble machine learning for accurate, real-time gas monitoring. The framework provides a 

computationally efficient decision-support tool for the early detection of hazardous CO levels, 

contributing to safer process environments. 
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INTRODUCTION 

Carbon monoxide (CO) is a toxic, colorless, and odorless gas with 

numerous harmful effects. In chemical process industries, CO 

may emerge as a by-product of various reactions, such as 

methanol production and fossil fuel combustion [1]. High 

concentrations of CO pose significant safety risks not only to the 

working environment but also to the quality and safety of the 

resulting products [1]. In addition to its impact on occupational 

safety, prolonged exposure to low levels of CO has been shown 

to increase the risk of cardiovascular diseases, including heart 

attacks and strokes [2]. Furthermore, CO concentration is 

considered a potential biomarker for the early diagnosis of 

respiratory and neurodegenerative disorders [3]. Therefore, the 

development of CO detection technologies is essential to support 

the improvement of workplace safety, environmental monitoring, 

and public health.  

 

Gas Chromatography–Mass Spectrometry (GC–MS) has been 

widely employed for CO detection due to its high sensitivity and 

accuracy [3]. However, GC-MS-based detection has limitations, 

including high cost, long processing time, and unsuitability for 

real-time field monitoring [3]. These challenges highlight the 

need for the development of real-time CO detection systems. 

Various types of gas sensors have been developed to detect and 

quantify gases in industrial, environmental, and biomedical 

applications. Commonly used sensor types include Conducting 

Polymer (CP), Metal Oxide Semiconductor (MOS), Mixed 

Potential Solid Electrolyte (MPSE), Catalytic Metal (CM), and 

Quartz Crystal Microbalance (QCM) sensors. Each sensor type 

offers unique advantages and limitations depending on the 

operational environment and target gas, as shown in Table 1 [3]. 

For instance, CP sensors are known for their high sensitivity and 

fast response time but are often vulnerable to environmental 

interferences and require special calibration [4]. MPSE sensors 

function across a broad range of temperature and humidity 

conditions but can be mechanically fragile. CM sensors provide 

excellent sensitivity but are demanding in terms of sample purity 

and handling. QCM sensors offer rapid response and high 

accuracy but are relatively expensive and sensitive to 

environmental vibrations [5] [6]. Among these, MOS sensors are 
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widely adopted due to their low cost, high sensitivity, and fast 

response time. These sensors operate based on changes in 

electrical resistance upon exposure to target gas molecules, 

making them suitable for real-time detection. Although they 

require higher operating temperatures and have relatively high 

energy consumption, their ease of fabrication, miniaturization 

potential, and compatibility with digital systems make them an 

attractive choice for applications such as carbon monoxide (CO) 

detection in industrial settings. Therefore, this study adopts MOS 

sensors as the primary detection platform due to their practicality 

and established effectiveness in gas monitoring systems, 

especially CO detection 

Table 1. Comparison of characteristics, advantages, and 

limitations of various gas sensor types 

Ref Sensor 
Key 

Advantages 
Limitations/Disadvantages 

[3] Metal Oxide 

Semiconductor 

(MOS) 

Low cost; High 

sensitivity; Fast 

response; Easy 

fabrication 

High operating temperature; 

High energy consumption 

[4] Conducting 

Polymer (CP) 

High 

sensitivity; Fast 

response time 

Vulnerable to environmental 

interferences; Requires 

special calibration 

[3] Mixed 

Potential Solid 

Electrolyte 

(MPSE) 

Functions in 

broad 

temp/humidity 

ranges 

Mechanically fragile 

[3] Catalytic 

Metal (CM) 

Excellent 

sensitivity 

Demanding sample purity 

and handling requirements 

[5], 

[6] 

Quartz Crystal 

Microbalance 

(QCM) 

Rapid response; 

High accuracy 

Relatively expensive; 

Sensitive to environmental 

vibrations  

 

Recent advancements in machine learning (ML) have 

significantly enhanced the performance of gas detection systems. 

ML algorithms can model the non-linear, high-dimensional, and 

dynamic nature of sensor array responses. While previous studies 

have successfully applied techniques such as Support Vector 

Regression (SVR) and Artificial Neural Networks (ANNs) for 

gas classification and concentration estimation [7]. Most existing 

approaches utilize data from the entire, large-scale sensor array. 

This recent method often leads to high multicollinearity, 

increased computational overhead, and susceptibility to 

environmental noise, such as fluctuating humidity and 

temperature. Consequently, deploying these resource-heavy 

models for continuous, real-time process safety monitoring at the 

edge remains a significant research gap. 

 

To address this gap, this study proposes an optimized machine 

learning-based approach to predict CO concentrations. The 

novelty of this work lies in the development of a multi-method 

feature selection framework that combines Random Forest Mean 

Decrease in Impurity (MDI), Recursive Feature Elimination 

(RFE), and Mutual Information (MI) to isolate the most 

informative and robust subset of thermally modulated MOS 

sensors under dynamic environmental conditions. By 

systematically eliminating redundant features, the proposed 

framework not only maintains high predictive accuracy but also 

significantly reduces computational complexity. 

 

The model is designed to support process safety monitoring by 

enabling accurate, real-time estimation of CO levels in industrial 

environments. To ensure the validity and reproducibility of the 

study, a publicly available dataset developed by Javier Burgués 

et al. is employed [8], [9], [10]. This dataset contains time-series 

responses from 14 temperature-modulated MOS sensors exposed 

to dynamic mixtures of CO and humidity, along with 

environmental variables such as temperature, flow rate, and 

heater voltage. Its richness and real-world relevance provide a 

reliable foundation for training and evaluating the predictive 

model. 

METHODS 

 
Figure 1. Research Method 

Dataset Selection 

This study utilized a publicly available dataset developed by 

Javier Burgués et al. [8], [9], [10], which consists of time-series 

measurements recorded from a gas sensing platform exposed to 

controlled mixtures of carbon monoxide (CO) and humid air. The 

dataset includes responses from 14 temperature-modulated metal 

oxide semiconductor (MOS) sensors: seven units of FIGARO 

TGS 3870-A04 and seven units of FIS SB-500-12. The sensors 

were installed on a custom-designed electronic board and 

exposed to a dynamic environment where CO and humidity levels 

were varied under a controlled gas flow system. A temperature 

and humidity sensor (SHT75, Sensirion) was used as a reference 

inside the test chamber. The heater voltage of the MOS sensors 

was modulated in cycles between 0.2–0.9 V, following a 25-

second cycle as recommended by the manufacturer: 0.9 V for 5 s 

(high temperature), followed by 0.2 V for 20 s (low temperature), 

then repeating. To ensure response stability, sensors were pre-

heated for one week before data acquisition. 

 

Sensor resistance was recorded using voltage divider circuits with 

1 MΩ load resistors, and the output voltage was sampled using an 

Agilent HP34970A/34901A DAQ at 15-bit precision and 3.5 Hz 

sampling rate. Temperature variations during each experiment 

were kept below 3°C, while relative humidity values were 

controlled in the range of 15% to 75%, chosen randomly for each 

sample. The experimental design aimed to simulate real-world 

operating conditions and to estimate the limit of detection (LOD) 

for CO. Based on recommendations from the IUPAC and 

literature on LOD calibration, CO concentrations were varied 

from 0 to 9 ppm, with five calibration points selected: [0.0, 2.2, 

4.4, 6.7, 8.9 ppm]. Each concentration was tested in 10 

repetitions, and each repetition had a randomly assigned humidity 

level drawn from a uniform distribution between 15% and 70% 
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relative humidity. With 50 total conditions per day (5 

concentrations × 10 repetitions), repeated over 13 separate days, 

the dataset comprises 650 measurements in total. This setup 

allows modeling and prediction of CO concentrations in a 

complex environment with realistic variability. The rich temporal 

resolution and environmental diversity in this dataset make it 

highly suitable for training and evaluating machine learning 

models for gas sensing applications. 

Data Pre-Processing 

All data manipulation, preprocessing, feature selection, and 

machine learning modeling in this study were executed using 

Python within a Jupyter Notebook environment. The Scikit-learn 

library was utilized for building the machine learning pipeline, 

while data handling and visualization were performed using 

Pandas and Matplotlib. Due to the high-frequency and multi-

channel nature of the data, comprehensive preprocessing steps 

were applied to ensure signal quality and modeling reliability [7]. 

File Merging and Time Alignment 

The 13 daily measurement files were first merged into a single 

dataset. Time columns were standardized, and records were 

chronologically aligned to avoid overlaps or misordered samples 

caused by session-based acquisition resets. 

Noise Filtering 

To reduce high-frequency fluctuations caused by electrical noise 

and gas turbulence, a rolling average filter was applied to each 

sensor channel. A moving window of 10–20 samples (3–6 

seconds) was selected empirically to preserve signal shape while 

smoothing transients [11]. 

Downsampling 

To simplify model training and reduce computational load, the 

data were downsampled to 1 Hz using a time-averaging method. 

This preserved the underlying signal dynamics while reducing 

data redundancy and memory usage [3]. 

Outlier Handling 

In gas sensor datasets, outliers can arise from a variety of sources 

such as electrical noise, hardware instability, calibration drift, or 

external environmental disturbances. These outliers may 

significantly distort statistical distributions and degrade the 

performance of machine learning models if not properly handled 

[12], [13]. 

 

To systematically identify outliers, we used the Interquartile 

Range (IQR) method, which is robust to non-Gaussian 

distributions and well-suited for noisy sensor data. For each 

feature (sensor resistance, temperature, humidity, or heater 

voltage), the first quartile (Q1) and third quartile (Q3) were 

calculated, and the IQR was defined in Equation 1. 

 

𝐼𝑄𝑅 = 𝑄3 − 𝑄1 (1) 

 

Values lying outside the range as shown in Equation 2. 

 

[𝑄1 − 1.5 × 𝐼𝑄𝑅, 𝑄3 + 1.5 × 𝐼𝑄𝑅] (2) 

 

 

were considered outliers. These values were either: 

• Removed if they were isolated and not part of a stable 

sequence, or 

• Interpolated using linear or spline interpolation if 

surrounded by valid measurements within a short gap 

(e.g., <10 seconds), to preserve temporal continuity. 

This approach helps maintain data integrity while minimizing the 

influence of anomalies on model training. It is widely 

recommended in sensor data literature for preprocessing time 

series with unstable baselines or low-frequency spikes [11], [13]. 

Missing Data Imputation 

Missing data in the dataset was primarily caused by: 

• Communication delays during high-speed data 

acquisition, 

• Sensor warm-up phases, 

• Occasional disconnections or saturation in 

environmental sensors. 

To address this, short-duration missing values were interpolated 

linearly across time using surrounding data points. This technique 

assumes smooth signal transitions, which is generally valid for 

MOS sensor responses under slowly changing gas concentrations. 

For longer gaps (e.g., more than 60 consecutive seconds), data 

segments were excluded entirely to prevent the introduction of 

artificial trends or interpolation bias. This cutoff threshold was 

selected based on experimental cycle durations and the typical 

timescale of CO concentration changes. Preserving the temporal 

dynamics of sensor response is critical in gas sensing 

applications, especially under variable humidity and heating 

conditions. Linear interpolation remains a widely accepted 

method for imputation in gas sensor studies if gaps are short and 

the physical process remains smooth [13], [14]. 

Feature Construction and Standardization 

After preprocessing and cleaning, each data sample was 

structured into a feature vector composed of: 

• Sensor resistances (R1–R14): These are the raw 

resistance values (in MΩ) from the 14 MOS sensors. 

• Environmental parameters: Temperature (°C), Relative 

Humidity (%), and Heater Voltage (V). 

These features were used as input variables (independent 

variables) for the machine learning model, while CO 

concentration (ppm) served as the target output (dependent 

variable). To ensure that all features contribute equally to the 

learning process and are on a comparable scale, we applied z-

score standardization to each feature. This transformation centers 

each feature around zero mean and scales it based on its standard 

deviation. 

The z-score standardization is defined in Equation 3.  

 

𝑧 =
𝑥 − 𝜇

𝜎
 (3) 

 

Where, 

𝑥 is the original value of the feature, 

𝜇 is the mean of the feature values in the training set, 

𝜎 is the standard deviation of the feature in the training set, 

𝑧 is the standardized value. 
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This transformation ensures that all features contribute equally to 

the model, preventing any single feature with a large numeric 

scale (such as resistance values in MΩ) from disproportionately 

influencing the learning process. It also helps improve training 

stability and accuracy for algorithms that are sensitive to feature 

scaling (e.g., Random Forest, Support Vector Regression, or 

neural networks) [7]. 

 

The standardization parameters (𝜇 and 𝜎) were calculated using 

only the training set to avoid data leakage. These same values 

were then used to transform the corresponding features in the test 

set, maintaining consistency across evaluation stages. This 

feature scaling step is commonly recommended in preprocessing 

pipelines for gas sensor data and other industrial sensor systems 

where multivariate measurements differ in magnitude and 

variability [5], [13]. 

 

Why standardization is important: 

• Prevents features with larger numerical ranges (e.g., 

resistance in megaohms) from dominating the learning 

process. 

• Essential for algorithms sensitive to feature magnitude 

(e.g., distance-based methods or regularized regression). 

• Helps stabilize the optimization process and improve 

convergence in ensemble models like Random Forest and 

gradient boosting. 

In this study, standardization was crucial to balance the influence 

of sensor outputs and environmental factors in predicting CO 

concentration under varying operational conditions. 

Label Distribution Stratification 

In supervised machine learning, especially regression tasks 

involving real-world experimental data, it is crucial to ensure that 

the target variable (label) is evenly distributed between the 

training and testing datasets. In this study, the target label was the 

CO concentration (ppm), which was experimentally varied across 

a predefined range of values. Although the experimental design 

aimed to test five CO concentration levels (0.0, 2.2, 4.4, 6.7, 8.9 

ppm) uniformly with 10 repetitions each, real-world factors, such 

as transient delays, sensor saturation, or imperfect gas mixing, 

can introduce imbalanced or noisy label distributions over time. 

Without careful control, this can result in overrepresentation of 

some concentration levels in either the training or test set, 

potentially biasing the model and degrading its generalization 

performance. To address this, we employed label distribution 

stratification during the train-test splitting process. This technique 

ensures that the distribution of CO concentrations is preserved in 

both subsets, thereby maintaining representativeness across all 

measurement ranges. In our case, this was implemented using a 

stratified sampling strategy based on binned CO concentrations. 

More specifically: 

• The continuous CO concentration values were first 

discretized into bins (e.g., via quantiles or fixed-width 

intervals), 

• The dataset was then split using stratified sampling on these 

bins, preserving the relative frequency of each bin in both the 

training (80%) and testing (20%) datasets. 

This approach is beneficial because: 

• It minimizes sampling bias, particularly in small or 

imbalanced datasets, 

• It ensures the model is exposed to the full range of CO levels 

during training, 

• It enhances model robustness and fairness, especially for 

environmental sensing, where rare or extreme values (e.g., 

very low/high CO) are critical for safety. 

 

Recent studies explained that stratification is especially valuable 

when modeling sensor systems with non-linear response profiles 

or when evaluating performance across different calibration 

points [2], [13]. 

Feature Selection 

To identify the most relevant predictors of CO concentration, 

three feature selection techniques were applied, namely Random 

Forest Feature Importance, Recursive Feature Elimination, and 

Mutual Information. 

Random Forest Feature Importance, which ranks features 

based on impurity reduction. 

Random Forest (RF) is an ensemble learning algorithm that builds 

multiple decision trees during training and merges their outputs 

to improve predictive performance and reduce overfitting[15]. 

One of its key strengths is its ability to provide intrinsic feature 

importance measures, which quantify the contribution of each 

feature to the overall model performance. 

 

Mean Decrease in Impurity (MDI) 

This metric calculates how much each feature reduces the 

impurity (e.g., Gini index or variance) in a decision tree split. 

Features that consistently result in high information gain across 

trees are ranked higher. This method is computationally efficient 

and directly derived from the tree-building process. In recent 

research, MDI is especially useful in sensor-based systems where 

large multivariate inputs (e.g., 14 sensor channels) need to be 

ranked without requiring external models, so they used MDI to 

select the most relevant features for lithium-ion battery capacity 

estimation, successfully identifying the sensor signals most 

sensitive to capacity degradation [16]. 

 

Mean Decrease in Accuracy (MDA) 

This permutation-based method evaluates the drop in model 

accuracy when each feature is randomly shuffled. A large 

decrease implies that the feature was important for prediction. 

While more computationally intensive, MDA is more robust to 

bias, especially in datasets with correlated features [15]. Although 

not implemented in this study, other research also shows that 

using ensemble-averaged feature importance across multiple RF 

models with dropout or bootstrapped subsamples improves the 

reliability of the ranking [17]. 

Recursive Feature Elimination (RFE), which 

iteratively removes the least important features using 

linear regression. 

To identify the most relevant features for predicting CO 

concentration, this study employed Recursive Feature 

Elimination (RFE), a supervised wrapper-based technique that 

systematically removes irrelevant or redundant features by 

evaluating their contribution to model performance. RFE 

functions by training a regression model, specifically a Support 

Vector Regression (SVR) model with a linear kernel (C=1.0) used 



HERMIN KARTIKA SARI / JURNAL NASIONAL TEKNIK ELEKTRO - VOL. 15 NO. 1 (MARCH 2026) 

https://doi.org/10.25077/jnte.v15n1.1390.2026   21 

as the base estimator, on the entire set of input features. The 

elimination step size was set to 1, meaning the least important 

feature was removed iteratively during each cross-validation fold. 

The model evaluates the importance of each feature, and the least 

important feature is removed from the set. This process is 

repeated recursively until a predefined number of top-ranked 

features is retained. RFE is particularly useful in gas-sensing 

applications, where sensor signals often exhibit multicollinearity 

due to similar response characteristics under shared 

environmental conditions. However, conventional RFE may be 

biased when correlated features dominate the feature space, 

leading to the unintended exclusion of individually informative 

features. To address this limitation, advanced variants such as 

IRFS-SVR-RFE have been developed, as demonstrated by Xiong 

et al. (2024) [18], where features are first grouped based on 

correlation and then representative features are retained using a 

distance-based selection strategy. This approach enhances 

robustness and preserves critical but correlated information. 

Several studies across diverse domains have validated the 

effectiveness of RFE in improving model generalizability and 

reducing computational complexity, including the classification 

of cyberattacks in smart grid networks [19], partial charging 

analysis in lithium-ion batteries [20], hypothyroidism detection 

[21], and early dementia prediction using logistic regression 

enhanced with explainable artificial intelligence [22]. In the 

present study, RFE successfully reduced the original feature 

space of 17 variables by selecting a subset that preserved model 

accuracy while improving interpretability. 

Mutual Information (MI), which captures nonlinear 

dependencies between features and the target. 

Mutual Information (MI) is a powerful statistical measure used to 

evaluate the dependency between variables. In feature selection, 

MI quantifies the amount of information a given feature 

contributes to the target label or output variable. A high MI score 

between a feature and the label indicates that the feature is 

informative for prediction purposes. In traditional MI-based 

feature selection, features are ranked based on their individual 

mutual information values with respect to the class label. 

However, this approach may lead to the inclusion of redundant 

features if the inter-feature relationships are ignored. To 

overcome this, methods have been developed that consider both 

maximum relevance (high MI with the target) and minimum 

redundancy (low MI among selected features), often referred to 

as the mRMR (minimum Redundancy Maximum Relevance) 

criterion. 

 

Recent advancements integrate neighborhood-based or fuzzy 

logic-based estimations of mutual information to better capture 

uncertainty and structure in high-dimensional datasets. For 

example, Sun et al. (2025) introduced an Adaptive Fuzzy 

Neighborhood Mutual Information (AFNMI) technique that 

enhances multilabel feature selection by adjusting neighborhood 

radii adaptively using Euclidean distances and constructing fuzzy 

neighborhood granules [23]. This method not only computes MI 

between features and labels but also incorporates label correlation 

and conditional mutual information to refine selection decisions. 

Similarly, Chen et al. (2025) developed a Normalized Mutual 

Information (NMI) strategy for driving state recognition, 

improving feature interpretability while accounting for the 

distributional properties of features [24]. Moreover, clustering-

driven techniques such as Fuzzy C-means-based Weighted 

Neighborhood Mutual Information have been shown to enhance 

multi-label feature selection by evaluating feature relevance with 

respect to grouped label sets [23]. 

 

These methods demonstrate that incorporating adaptive, fuzzy, or 

normalized mutual information estimators can significantly 

improve the robustness and accuracy of feature selection 

strategies, especially in noisy, redundant, or multilabel data 

contexts. Features selected consistently across all methods were 

retained for final model training [13]. 

Machine Learning Model 

The final regression model for predicting CO concentration was 

developed using the Random Forest Regression algorithm. 

Random Forest is a widely adopted ensemble learning technique 

that builds a collection of decision trees and aggregates their 

outputs to improve generalization, reduce variance, and handle 

nonlinear relationships in data. This method is particularly robust 

for modeling noisy sensor data and has demonstrated superior 

performance in high-dimensional environments where traditional 

models may suffer from overfitting or instability. 

 

In this study, Random Forest was chosen due to its ability to rank 

feature importance, manage multicollinearity, and maintain 

performance even with partially redundant sensor signals. 

According to Heidari et al. (2023), Random Forest models are 

effective for feature selection and interpretation in complex 

environmental systems due to their built-in impurity-based 

ranking and ensemble averaging, and emphasize the utility of 

Random Forests combined with dropout and ensemble strategies 

to further stabilize predictions in the domain of fault detection and 

uncertainty modeling [17]. Moreover, as highlighted by Sin et al. 

(2025), Random Forest Regression has been successfully applied 

in scenarios requiring high robustness and generalization 

capability, including energy systems and battery health prediction 

[16].  

 

The model in this study was trained on 80% of the total dataset 

and validated on the remaining 20% using a five-fold cross-

validation strategy to minimize variance in performance 

estimation. To ensure rigorous optimization and reproducibility, 

hyperparameters were systematically tuned using a Grid Search 

method over a predefined parameter space. The search space 

encompassed: the number of trees (n_estimators) evaluated at 

[100, 300, 500, 700, 1000]; the maximum depth of the trees 

(max_depth) at [10, 15, 20, 25, 30, None]; and the maximum 

fraction of features to consider for splitting (max_features) at 

[0.5, 0.6, 0.7, 0.8, 1.0, 'sqrt']. The optimization objective was set 

to minimize the negative mean squared error (MSE) across the 

cross-validation folds [19]. This tuning process allowed the 

model to balance complexity and bias-variance trade-offs 

effectively. The final model performance was evaluated using 

standard regression metrics, and the feature importance scores 

were used to interpret the contribution of each sensor and 

environmental parameter to the prediction outcome. 
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Model Evaluation 

To evaluate the regression performance of machine learning 

models in estimating gas concentrations from sensor responses, 

the study employed six key statistical metrics: 

Coefficient of Determination (R²) 

R² explains the proportion of variance in the dependent variable 

that is predictable from the independent variables. A value close 

to 1 indicates a strong fit.  

 

𝑅2 =
 ∑ (𝑆𝑎𝑐𝑡,𝑖 − 𝑆𝑝𝑟𝑒,𝑖)2𝑁

𝑖=1

∑ (𝑆𝑎𝑐𝑡,𝑖 − 𝑆𝑎𝑐𝑡)2𝑁
𝑖=1

 (4) 

Root Mean Square Error (RMSE) 

RMSE quantifies the square root of the average squared 

differences between predicted and actual values. It penalizes 

larger errors more significantly than smaller ones, making it 

sensitive to outliers. A lower RMSE indicates higher predictive 

accuracy.  

 

𝑅𝑀𝑆𝐸 =  √
1

𝑁
∑(𝑆𝑝𝑟𝑒,𝑖 −

𝑁

𝑖=1

𝑆𝑎𝑐𝑡,𝑖)2 (5) 

 

Mean Absolute Error (MAE) 

MAE measures the average magnitude of absolute errors between 

predicted and actual values. It provides a straightforward 

interpretation of model error in the same unit as the output. 

 

 

𝑀𝐴𝐸 =  
1

𝑁
∑|𝑆𝑝𝑟𝑒,𝑖 − 𝑆𝑎𝑐𝑡,𝑖|

𝑁

𝑖=1

 (6) 

Symmetric Mean Absolute Percentage Error (SMAPE) 

SMAPE expresses the prediction accuracy as a percentage by 

normalizing the absolute error using the average of actual and 

predicted values. This metric is especially useful when dealing 

with values near zero. 

 

 

𝑆𝑀𝐴𝑃𝐸 =  
100%

𝑁
∑

|𝑆𝑝𝑟𝑒,𝑖 − 𝑆𝑎𝑐𝑡,𝑖|

(|𝑆𝑎𝑐𝑡,𝑖| + |𝑆𝑝𝑟𝑒,𝑖|)/2

𝑁

𝑖=1

 (7) 

 

 
 

Figure 2. Correlation Analysis Using Heatmap 
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RESULTS AND DISCUSSION 

Result 

Feature Correlation 

The correlation matrix analysis, as shown in Figure 2, revealed 

strong interdependencies among the MOS sensor features, 

particularly between sensors R8 and R14, which exhibited 

Pearson correlation coefficients exceeding 0.99. This high degree 

of multicollinearity is characteristic of sensor arrays using 

identical materials or operating conditions. While such 

consistency can ensure sensor robustness, it also introduces 

redundancy that can hinder model generalization and inflate 

variance during learning. Additionally, moderate negative 

correlations were observed between environmental variables 

(e.g., humidity and temperature) and sensor resistances, 

confirming the influence of ambient factors on sensor 

performance. This supports the inclusion of environmental 

parameters in the modeling pipeline. 

Sensor Sensitivity Analysis 

Sensor sensitivity analysis using linear regression coefficients, as 

depicted in Figure 3, highlights R10, R11, R13, and R7 as the 

most responsive sensors to variations in carbon monoxide (CO) 

concentrations. These sensors yielded the highest absolute 

coefficient magnitudes, indicating their dominant contribution to 

the predictive model. Such elevated weight values suggest that 

these specific MOS sensors are more effective in capturing the 

dynamic response to CO exposure, consistent with findings in 

prior studies involving thermally modulated MOS arrays [9]. 

In contrast, environmental variables such as heater voltage, 

temperature, and humidity, as well as sensors R12 and R14, 

exhibited comparatively low sensitivity. Although these features 

may not significantly influence the model independently, their 

inclusion remains essential to account for signal drift and ambient 

interferences. This aligns with best practices in multivariate 

sensor systems, where redundant or low-impact features still 

contribute to model stability and generalization. 

Feature Selection 

Table 2. Features Scores 

Sensor RF RFE Rank MI 

R1 (Mohm) 0.072690 1 0.008411 

R2 (Mohm) 0.052634 1 0.021211 

R3 (Mohm) 0.014352 1 0.018391 

R4 (Mohm) 0.015773 1 0.027249 

R5 (Mohm) 0.016010 1 0.025362 

R6 (Mohm) 0.009217 2 0.020275 

R7 (Mohm) 0.010406 2 0.023415 

R8 (Mohm) 0.023377 3 0.385337 

R9 (Mohm) 0.027454 3 0.166267 

R10 (Mohm) 0.116810 4 0.444709 

R11 (Mohm) 0.434807 4 0.552016 

R12 (Mohm) 0.022689 5 0.410680 

R13 (Mohm) 0.057557 5 0.422859 

R14 (Mohm) 0.015350 6 0.471055 

Temperature (°C)  0.008842 6 0.166267 

Humidity (%r.h.)  0.017821 7 0.628738 

Heater Voltage (V)  0.084210 7 0.003790 

Note: RF=Random Forest, RFE= Recursive Feature Elimination, 

MI=Mutual Information 

 

To identify the most relevant predictors of carbon monoxide (CO) 

concentration, three feature selection techniques were applied: 

Random Forest Feature Importance (RF), Recursive Feature 

Elimination (RFE), and Mutual Information (MI). These 

techniques provide complementary perspectives: RF ranks 

features based on their contribution to impurity reduction in 

decision trees, RFE recursively removes the least informative 

features using linear regression, and MI estimates the nonlinear 

dependency between each input variable and the target variable. 

Table 2 summarizes the feature scores across the three methods. 

For instance, Heater Voltage (V) exhibited the highest importance 

score in RF (0.894210), while R13, R10, and R11 were also 

consistently ranked among the top features across different 

methods, indicating their strong association with CO 

concentration. 

 

Figure 3. Sensor Sensitivity to CO 
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Table 3. Selected Features 

Sensor RF RFE Rank MI Votes 

R13 (Mohm)  True True True 3 

R10 (Mohm)  True True True 3 

R11 (Mohm)  True True True 3 

R14 (Mohm)  - - True 1 

R5 (Mohm) - True - 1 

Heater Voltage (V)  True - - 1 

Humidity (%r.h.)   False - True 1 

R7 (Mohm)  - True - 1 

R1 (Mohm)  True False - 1 

R12 (Mohm) False - False 0 

R2 (Mohm) False False - 0 

R8 (Mohm) False False False 0 

R6 (Mohm) - False - 0 

R4 (Mohm) - - False 0 

R9 (Mohm) False False False 0 

R3 (Mohm) - - - 0 

Temperature (°C) - - False 0 

Note: RF=Random Forest, RFE= Recursive Feature Elimination, 

MI=Mutual Information 

 

To synthesize the results, a voting-based summary table was 

constructed, as shown in Table. In this table, each feature was 

labeled as True if it appeared in the top 5 most important features 

for a given method, if it ranked within the top 6–10 was labeled 

as False, and “-” if it was excluded from the top 10 entirely. The 

Votes column aggregates how many times a feature was marked 

“True” across the three methods. Features such as R13, R10, and 

R11 received a perfect score of 3 votes, indicating that they were 

selected in the top 5 by all methods. This consensus reinforces 

their relevance for inclusion in the final model. Conversely, 

features like R12, R2, and Temperature (°C) received zero votes, 

as they were not ranked among the top 10 by any method, 

suggesting limited or inconsistent predictive value. These 

features can be reasonably excluded from model training to 

reduce complexity without sacrificing performance. This multi-

method feature selection approach enhances the robustness of the 

final predictor set by leveraging both linear and nonlinear 

relevance measures, thereby improving generalizability and 

reducing the risk of overfitting. 

 

Model Development Using Random Forest 

Following the hyperparameter tuning process described in the 

methodology, the optimal configuration for the Random Forest 

Regression model was identified. The parameters that yielded the 

best predictive performance during cross-validation are 

summarized in Table 4. 

 

Table 4. Hyperparameters of The Model Development Using 

Random Forest 

Hyperparameter Value 

max_depth  25 

max_features 0.8 

n_estimators 500 

random_state 42 

Model Evaluation 

The performance of the Random Forest Regression model was 

rigorously evaluated using multiple quantitative metrics, each 

offering a different lens into the model’s predictive behavior. As 

shown in Table 5, the error matrix reflects the predictive 

performance of the trained Random Forest Regression model for 

estimating CO concentration. The coefficient of determination 

(R²) is 0.884, indicating that approximately 88.4% of the variance 

in the target variable (CO concentration) can be explained by the 

selected input features. This demonstrates strong goodness-of-fit 

and suggests that the model effectively captures the underlying 

relationships in the data.  

Table 5. Model Evaluation  

Error Matrix Value 

𝑅2 0.884 

RMSE 2.189 

MAE 1.215 

SMAPE(%) 34.271% 

 

The Root Mean Square Error (RMSE) is 2.189, which quantifies 

the average magnitude of the residuals between the predicted and 

actual values. Lower RMSE values indicate better model 

performance, and in this context, the RMSE suggests moderate 

prediction error. The Mean Absolute Error (MAE) is 1.215, 

representing the average of the absolute differences between 

predicted and actual values. Compared to RMSE, MAE is less 

sensitive to outliers, and this value suggests the model provides 

reliable point estimates across most predictions. The Symmetric 

Mean Absolute Percentage Error (SMAPE), reported at 34.271%, 

measures relative prediction accuracy by comparing the absolute 

error to the average of the predicted and actual values. While 

SMAPE is particularly useful for percentage-based performance 

assessment, a value above 30% may indicate room for 

improvement in model calibration or feature selection, 

particularly under varying environmental conditions. 

Overall, these evaluation metrics indicate a reasonably accurate 

and stable model, though further refinements, such as noise 

filtering or advanced feature engineering, may help reduce error 

margins and improve generalization. 

Discussion 

The present study demonstrates the potential of metal oxide 

semiconductor (MOS) sensors combined with machine learning 

to predict carbon monoxide (CO) concentrations as a means to 

support process safety monitoring. The feature selection results, 

obtained using Random Forest Importance, Recursive Feature 

Elimination (RFE), and Mutual Information (MI), consistently 

identified sensors R13, R10, and R11 as the most influential 

predictors. This convergence across three distinct selection 

methods enhances confidence in the relevance of these sensors 

and justifies their inclusion in the final model [9]. The physical 

mechanism underlying this high sensitivity is rooted in the 

surface chemistry of the MOS sensing layer. When exposed to 

CO, a reducing gas, the molecules react with chemisorbed oxygen 

ions on the heated MOS surface, releasing trapped electrons back 

into the semiconductor's conduction band and causing a 

measurable drop in electrical resistance. The consistent selection 

of R10, R11, and R13 indicates that these sensors have optimal 

sensing-layer compositions or are positioned in temperature-

modulated phases that maximize the catalytic reaction. 

Further investigation using correlation analysis revealed a high 

degree of collinearity among resistance-based sensor signals, 

particularly among R1 through R10. Despite this 

multicollinearity, the use of ensemble methods such as Random 

Forest mitigates the risk of overfitting due to their inherent 
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robustness to redundant features [7]. Furthermore, the moderate 

negative correlation observed with environmental features is 

physically justified; water vapor (humidity) competes with 

oxygen for adsorption sites on the MOS surface, which typically 

dampens sensor sensitivity. By capturing these non-linear 

interactions, the model effectively compensates for 

environmental drift. 

 

The sensitivity analysis corroborated the importance of R7, R10, 

R11, and R13, which displayed the largest regression coefficients, 

aligning with the earlier feature ranking results. The model, 

trained with a Random Forest Regressor, achieved an R² score of 

0.884, with an RMSE of 2.189 and MAE of 1.215. To provide an 

analytical comparison, this predictive performance demonstrates 

a significant advantage over traditional linear calibration models, 

which frequently struggle to map the non-linear drift caused by 

humidity and temperature variations in MOS arrays. While 

baseline linear regression applied to raw sensor data often yields 

lower accuracy due to uncompensated cross-sensitivity and 

multicollinearity, the proposed Random Forest algorithm 

mitigates this by utilizing its ensemble structure to capture 

complex, multi-dimensional sensor interactions. Furthermore, 

compared to resource-intensive deep learning models, this RFE-

optimized Random Forest achieves highly competitive accuracy 

(R² = 0.884) while maintaining a lightweight computational 

architecture. This makes it highly viable for real-time edge 

computing and integration into existing Internet of Things (IoT) 

safety monitoring systems in process plants.  

 

However, the SMAPE value of 34.271% suggests a relatively 

higher variation in percentage error, which may be attributed to 

low-range CO concentrations or residual sensor drift effects that 

were not fully compensated during preprocessing [25]. Despite 

promising results, this study has several limitations. The use of 

public datasets restricts control over experimental variability, and 

the model was only validated under laboratory conditions. 

Additionally, environmental disturbances such as sensor aging, 

cross-sensitivity to other gases, or long-term drift were not 

addressed explicitly, potentially limiting the real-world 

applicability of the findings. 

CONCLUSIONS 

This study successfully presents an optimized data-driven 

framework for predicting carbon monoxide (CO) concentrations 

to enhance process safety monitoring using metal oxide 

semiconductor (MOS) gas sensors. By applying a robust multi-

method feature selection strategy that combines Random Forest 

importance ranking, Recursive Feature Elimination (RFE), and 

Mutual Information (MI), the original high-dimensional sensor 

array was systematically reduced to the three most informative 

predictors: sensors R10, R11, and R13. This quantifiable 

reduction in the feature space minimized computational 

complexity and mitigated multicollinearity without sacrificing 

predictive performance. Using this optimized subset, the 

developed Random Forest Regression model achieved a high 

coefficient of determination (𝑅2 =  0.884) alongside low 

residual errors (𝑅𝑀𝑆𝐸 =  2.189, 𝑀𝐴𝐸 =  1.215), 

demonstrating its capability to reliably estimate CO 

concentrations under variable environmental conditions. These 

measurable achievements underscore the viability of combining 

targeted subsets of MOS sensors with ensemble machine learning 

to create cost-effective, computationally lightweight gas-

monitoring systems. For future research directions, it is essential 

to validate this optimized model through real-time testing in 

actual industrial process environments. Subsequent work will 

focus on integrating this predictive machine learning framework 

into Internet of Things (IoT) monitoring architectures for 

continuous, edge-computing applications. Additionally, 

addressing long-term sensor degradation (drift) and extending the 

methodology to multi-gas detection scenarios will be critical next 

steps toward developing comprehensive, real-world early hazard 

detection systems for industrial safety. 
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NOMENCLATURE 

Meaning of symbols used in the equations and other symbols 

presented in your article must be presented in this section. 

 

CO meaning of Carbon Monoxide 

MOS meaning of Metal Oxide Semiconductor 

MI meaning of Mutual Information 

RF meaning of Random Forest 

RFE meaning of Recursive Feature Elimination 

RMSE meaning of Root Mean Square Error 

MAE meaning of Mean Absolute Error 

SMAPE meaning of Symmetric Mean Absolute 

Percentage Error 

𝑅2 meaning of Coefficient of Determination 

𝑉 meaning of Voltage 

℃ meaning of Degrees Celsius 
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APPENDICES 

Figure 4 shows the bar chart comparison of sensor feature importance using three selection methods, namely Mutual Information, Random 

Forest Importance, and Recursive Feature Elimination, highlighting the most relevant predictors of CO concentration. 

 
(a) 

 
(b) 

 
(c) 

Figure 4. The Bar Chart Comparison of sensor feature importance using three selection methods: (a) Rndom Forest Feature 

Importance, (b) Recursive Feature Elimination, and (c) Mutual Information 

  


