Machine Learning for Metal Oxide Gas Sensor Analysis
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Metal oxide semiconductors have picked up interest in the science community due to their application as a sensor. Since metal oxide * Due to COVID-19 restrictions, two datasets were taken from the
semiconductors are cheaper to produce and easier to carry compared to gas chromatography-mass spectrometry, many researchers have University of California Irvine, one pure gas and one mixed gas
focused on expanding their ability to distinguish VOC:s. It has been shown that an array of metal oxide sensors can be used to test a * Machine learning algorithms used were from the Python library
patient’s breath to detect 1f they have cancer. However, metal oxide sensors are still unable to distinguish different cancers from one Sci-Kit Learn alongside Numpy and Pandas.

another, such as lung cancer and breast cancer [1,2,3]. A proposed method 1s to quantify the concentrations of the gases in a patient’s * The dataset consisting of pure gases provided sensitivities

breath using a metal oxide sensor array, since 1t has been shown that each cancer has unique biomarkers. Pattern recognition such as
machine learning can prove to be effective in converting a raw signal to exact gas concentration [4]. We investigate the effectiveness of
various machine learning models such as principal component analysis (PCA), support vector regression (SVR), and random forest (RF).

For the first dataset of pure gas mixtures the PCA was able to
differentiate the gas by type.

(Rys/Ryir) of 16 metal oxide sensors exposed to a gas. Only the
first and second batches were used to avoid issues 1n sensor
recovery causing different values.

 PCA, SVR, and RF were applied to the first dataset. PCA was
conducted to visualize the qualitative ability to identify the gas
identity. SVR and RF were applied only to ammonia samples to
determine the quantitative ability to 1identify the gas
concentration. SVR and RF were then applied to predict ammonia
and toluene concentrations.

* A grid search was conducted to determine hyper parameters of

each algorithm for minimal root mean squared error.

Effectiveness of each algorithm was determined using a k-fold

cross validation (k=5).

* The dataset consisting of mixed gases consisted of an ethylene
and methane dataset and an ethylene and carbon monoxide
dataset. Concentrations of each were varied randomly for a 12-
hour time series.

* Feature extraction was conducted to take both the sensitivity and
resistance of each concentration variation.

 PCA was applied to determine if pure gas can be distinguished
from gas mixture.

When attempting to predict concentrations of both ammonia and
toluene, the models would predict that pure gas mixtures of
¢ o ammonia contained some toluene and vice versa. The overall
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: accuracy however was high with a mean RMSE of 14.413ppm and a
standard deviation of 15.472ppm for SVR and a mean RMSE of *
10.118ppm and standard deviation of 7.548ppm for RF. Another
issue that came up during both models was predicting values
outside of training data. When trained on only low concentration
sensitivities, both models were unable to predict the
concentrations of higher concentration samples.

However, to further expand on the success of PCA, | applied it to
another dataset with mixed gases as mentioned before. The model
was able to differentiate between mixed and pure quite well for the
mixture of methane and ethylene.

The SVR and RF models were successful if limited in scope on
predicting only concentrations of ammonia gas. Using k-fold cross
validation (k=5), SVR resulted in a mean root mean squared error

PCA on Varying Concentrations of Ethylene and Methane
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Conclusions

Principal component analysis 1s a valid model to use when analyzing the efficacy of sensor data and 1n 1dentifying the qualitative identity
of both pure and mixed gases. The pattern recognition portion of the project in identifying the quantitative amount of gases fell short,
however more work can be done by expanding the algorithms used to a machine learning model that could effectively extrapolate data
better. Perhaps a simpler regression model could be used (linear regression) or artificial neural networks could be explored to support a
better quantitative result. The 1ssue could also be solved by generating more data, and a more time conservative method of producing the
data could be to construct a computer-generated model to predict sensor readings.
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