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Abstract: Quantifying methane emissions is essential for meeting near-term climate goals and typically done
using methane concentrations measured downwind of the source. One major source of methane that is
important to observe and promptly remediate is fugitive emissions from oil and gas productions sites but
installing methane sensors at the thousands of sites within a production basin is expensive. In recent years,
relatively inexpensive metal oxide sensors have been used to measure methane concentrations at production
sites. Current methods used to calibrate metal oxide sensors have been shown to have significant shortcomings
resulting in limited confidence in methane concentrations generated by these sensors. To address this, we
investigate using machine learning (ML) to generate a model that converts metal oxide sensor output to
methane mixing ratios. To generate test data, two metal oxide sensors, TGS52600 and TGS2611, were collocated
with a trace methane analyzer downwind of controlled methane releases. Over the duration of the
measurements, the trace gas analyzer’s average methane mixing ratio was 2.40 ppm with a maximum of 147.6
ppm. The average calculated methane mixing ratios for the TGS2600 and TGS2611 using the ML algorithm
were 2.42 ppm and 2.40 ppm with maximum values of 105.9 ppm and 106.3 ppm, respectively. A comparison
of histograms generated using the analyzer and metal oxide sensors mixing ratios show overlap coefficients of
0.95 and 0.94 for the TGS2600 and TGS2611, respectively. Overall, our results showed there was a good
agreement between the ML derived metal oxide sensors” mixing ratios and those generated using the more
accurate trace gas analyzer. This suggests that the response of lower-cost sensors calibrated using ML could be
used to generate mixing ratios with precision and accuracy comparable to higher price trace methane analyzers.
This would improve confidence in low-cost sensors’ response, reduce the cost of sensor deploying, and allow
for timely and accurate tracking of methane emissions.

Keywords: methane; quantification; metal-oxide; sensor; calibration; machine learning

1. Introduction

Methane (CHs), a gas with a global warming potential 25 times greater than carbon dioxide, has
increased in atmospheric composition by a factor of three since preindustrial times largely due to
changes in emissions from anthropogenic activities [1,2]. Nearly all countries globally have entered
treaties or agreements to reduce methane emissions but it has recently been suggested that methods
used to quantify methane emissions are insufficiently precise to measure emission reduction of
mitigation strategies [3-6].

Measuring methane emissions from oil and gas production activities has been the focus of many
studies since the 1990s [7-12]. Recently, approaches have developed from survey methods, where
short-duration measurements are made by instruments mounted on a mobile platform [13-15], to
continuous monitoring approaches, where measurements are made by instrumentation fixed in
location [6,16-18]. The advantage of continuous monitors is that observations are more likely to
detect the short-duration, large-emission events that are typical of oil and gas emission distributions
and are essential to capture if realistic emissions estimates are to be generated [19,20]. Typically, on-
site continuous monitoring systems comprise of several (minimum of four) methane
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measurement/meteorological instrumentation installed at fixed points around the site coupled with
a dispersion model to infer a rate of emission [6,21,22]. One difficulty in designing a continuous
monitoring system that is to be installed at the fence line of an oil and gas production site is the choice
of methane measurement instrumentation. Methane sensing technologies include metal oxide
sensors ($15 per sensor), integrated infra-red sensors ($300 per sensor), tunable diode laser absorption
spectrometers ($1000 per sensor) and optical cavity instrumentation (> $10,000 per sensor). As there
are thousands of productions sites across the US alone, costly (> $1,000) methane measurement
systems are prohibitively expensive to deploy at every site therefore metal oxide sensors are currently
being widely deployed across oil and gas production sites across the US [6,22].

As metal oxide sensors are being widely distributed to measure near-background methane
concentrations in air (typically below 100 ppm), many studies have described methods of calibration,
deployment and response, however, most studies report that these sensors are sensitive to
temperature and relative humidity and required individual calibration [17,23-30]. Typical metal
oxide sensor models used in these studies are the Taguchi Gas Sensors (TGS) 2600 and 2611 models
produced by Figaro Engineering Inc. (Osaka, Japan). TGS2600 uses a tin-dioxide (SnO2) sensing
layer that reacts with the detected gases. The detection mechanism relies on the change in electrical
conductivity through the SnO: in presence of methane which is a reducing gas. Absorbance of oxygen
molecules occurs on the surface of SnOz forming O* ions leading to electron capture that creates a
depletion layer at the surface of the SnO:increasing its resistance [23,24]. Methane interacts with the
adsorbed oxygen ions releasing the trapped electrons back into the SnO2conduction band, decreasing
its resistance. The change in resistance is proportional to the concentration of CHs. The TGS2611 has
the same operation basis as the TGS2600 but has been optimized for methane detection by the
integration of a heating element to maintain optimal temperature for methane detection and features
a filter material that selectively permits methane to reach the sensing element while blocking other
gases [23,24].

Studies using Figaro TGS sensors have measured the resistance change across the metal oxide
strip to infer changes in concentration. It is assumed the metal oxide sensor has a relatively constant
resistance in clean air (Ro, {2) which becomes lower in the presence of methane (Rs, () and the ratio
of these resistances gives a measure of the methane mixing ratio in air. The resistance of the metal
oxide sensor is also affected by the air temperature (Ts, °C) and relative humidity (rH, %) and the
ratio of resistance can be corrected to account for these factors using an empirically derived algorithm
(Equation (1)) [25].

()  =12.(0.024 +0.0072.1H + 0.0246.T,) 1)

Ro/ corr Ro

The temperature and humidity corrected ratio of Rs and Ro is then typically converted to a
methane mixing ratio using a sensor-specific calibration algorithm [25,30]. As they perform badly
in low relative humidity, less than 40% RH [30], the TGS sensors are typically calibrated by comparing
(Rs/Ro)eorr to methane mixing ratios measured using a sub-ppm reference instrument measuring
methane contemporaneously. An algorithm is then generated to translate (Rs/Ro)corr to a calibrated
mixing ratio ([CH4l). Published algorithms have been linear, power functions and exponential
functions [17,23,25,26,30,31] and there is not a good current understanding of differences between
individual sensors’ response to changing methane concentrations apart from possible differences in
manufacturing [17].

Nested within the conversion from measured data to a calibrated methane mixing ratio are
several potential sources of uncertainty: 1. The size of the measured resistance (Rs) appears to be
highly variable between individual sensors and through trial and error, we have found that the
output of some of the sensors in near background mixing ratios (< 10 ppm)- the methane signal has
become almost indistinguishable from the noise; 2. The calculation of [CH4Jw is heavily dependent
on determining a value for the TGS resistance in clean air, Ro; 3. Given the variability in response of
sensors to changes in methane concentration, it seems questionable that all sensors would respond
equally to changes in relative humidity and temperature (as defined in Equation 1) especially in
sensors with low signal to noise ratios. Overall, these uncertainties raise concerns about the
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historical methods for converting signals from TGS methane sensors to a calibrated methane mixing
ratio.

One alternative approach could be to use a novel machine learning approach that accounts for
low signal to noise ratios and differences in sensor response to relative humidity and temperature
changes. Recent developments in machine learning algorithms have transformed sensor calibration
and enhanced their reliability in environmental monitoring [32]. One example of machine learning is
the Random Forest (RF) Regressor developed by Leo Breiman in 2001. Random Forest is an ensemble
machine learning model [35], which implies that the model is built by the combination of predictions
from multiple simpler models[33]. Random Forest uses a collection of decision trees which are the
models that split the data into branches based on the input features to make a prediction. Training
the RF regression model involves presenting the model with the input variables (metal oxide sensors’
resistances, temperature and relative humidity) that are passed through multiple decision trees and
the output aggregation predict the target variable (in this case the trace gas analyzer CHs
concentrations).

To investigate this, we will use two TGS sensors with low signal to noise ratio and report on the
RF machine learning approach to generating calibrated methane mixing ratios. Specifically, we will
1. Collect Rs values from low-response TGS2600 and TGS2611 sensors contemporaneously with a sub-
ppm methane analyzer; 2. Generate calibrations curves using (a) the traditional method (presented
above) and (b) RF machine learning approach; and 3. compare the calibrated methane mixing ratios
reported by the TGS2600 and TGS2611 to the methane analyzer to generate an understanding of
sensor type response, bias and drift over time. Ultimately, we aim to provide evidence to
understand if the RF machine learning approach can generate better calibration algorithms than
currently used methods.

2. Materials and Methods
2.1. Methane measurement

2.1.1. Figaro TGS sensors

Both the TGS 2600 and 2611 sensors were connected to a Raspberry Pi 4 (London, UK) via an
ADS1115 16-Bit analog to digital converter, with an inclusion of DHT22 temperature and humidity
sensor. The Raspberry Pi was powered by a 5V 3A USB-C power supply adapter and the sensors
were powered by the Raspberry pi’s MaxLinear MxL7704 regulator. The TGS 2600, 2611 and DHT22
were connected to the A0, A1 and A2 pin of the module, respectively. The sensors sampled at a height
of 2m. A python script was used to enable continuous reading of data at 1s intervals. The script
leveraged the Inter-Integrated Circuit (I2C) communication protocol to interface with the ADS1115,
deploying the Adafruit ADS1x15 library for data acquisition. The acquired data was timestamped
and written to daily individual files.
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Figure 1. System architecture of the Figaro TGS2600 and Figaro TGS2611 metal oxide sensors.

2.1.2. Reference instrument — Aeris MIRA Ultra Mobile LDS

The Aeris Technologies, Inc. (Hayward, CA, USA) Ultra is a mid-infrared laser absorption
analyzer [34]. This instrument integrates a laser absorption spectrometer operating in the mid-
infrared spectrum achieving simultaneous quantification of methane between 10 ppb and 10,000 ppm
and ethane between 1 ppb and 1,000 ppm. [34]. The device operates at standard rates of 1 or 2 Hz,
with an option to increase it to 10 Hz. For these experiments, the instrument was set to measure at
5Hz.

2.2. Controlled methane release experiments

Controlled methane release experiments were conducted at Colorado State University’s
Methane Emission Technology evaluation Center (METEC) in Fort Collins, CO between March 1%,
2024, and 2 May 2024. Natural gas of a known composition was released from single and multiple
above-ground points on well heads, separators and tanks on Pads 4 and 5 at emissions rates of
between 0.005 and 8 kg CHs h' (Figure 2). The TGS sensors and the inlet to the Aeris Sentinel
analyzer were collocated (40.60° N, 105.14° W) on the north-west of the site at 2m above ground level.
During the deployment period, the external temperatures ranged from -22°C in the early weeks of
deployment to 30°C in the later stages.
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Figure 2. Field layout of the METEC site in Fort Collins with the measurement location on the north
of the site. .

2.3. Eugster and Kling (2012) metal oxide sensor calibration

A calibration following published methods [25,30] was performed on a subset of the TGS52600
and TGS2611 data collected during the controlled release experiments. As described above, the
voltage measured across the high tolerance resistor was recorded every second and used to calculate
the resistance of the metal oxide strip normalized. This resistance (Rs) was then normalized against
the resistance of the metal oxide strip in background methane (Ro) and corrected for temperature and
relative humidity (Equation (1)). The (R+/Ro)cr was plotted against a subset of the contemporaneous
methane mixing ratios measured by the Aeris sentinel to generate a calibration algorithm. This
algorithm was then used to generate calibrated mixing ratios ([CH4Ju) for every measurement.

2.4. Machine learning calibration

2.4.1. Data Preprocessing

In this study, Random Forest (RF) algorithm was used to predict methane concentrations from
the TGS sensor outputs, temperature and relative humidity measured by the DHT22. In RF algorithm,
a group decision trees acts as flowcharts where the internal nodes represent decisions made on
features and branches representing the decision outcome, and the leaf nodes being the final
prediction (Figure 3). The first step in RF is the creation of subsets of the original dataset, where
data is drawn with replacement from the original dataset. This approach reduces overfitting by
enabling each tree to be created with different subsets of data and minimizes the correlation between
the trees without increasing the variance[33]. The second stage randomly selects a subset of features
to construct decision trees, and this ensures diverse trees since not all trees make the same splits and
prevents similarity between trees. By generating a diverse and uncorrelated group of trees, this
process helps to minimize predictive errors, ultimately producing a stronger and more reliable final
prediction. To make a prediction, the individual tree outputs are aggregated and hence a prediction
is made.


https://doi.org/10.20944/preprints202408.2111.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 August 2024 doi:10.20944/preprints202408.2111.v1

Stagel:

Bootstrap Stage2: Model Stage3: Stageé4:
sampling Training Prediction Aggregation
Training Zu O
Subset 1 -
— ¢
O 5
'S
°_5 Training O Split node 5 - QN -
E Subset 2 O - o m-
3 i
'On o O Leaf node J P § % |
: cemm T 58| =
— " - 77 3 3
Training - = ]
Subset t 3
- ¢
O :
<
. O
¢
= SR et

Figure 3. Graphical Representation of Random Forest (RF) regression process.

The data from the two methane sensors and the DHT22 were compiled in one file. Since the data
was collected synchronously from all sensors, each timestamp corresponded to a complete set of
sensor readings, hence eliminating the need for imputation and guaranteed that there were no
missing data points. The data gathering script also ensured that all sensor signals were availed before
being written to the main file, but introduced few extra seconds delay in cases where the DHT22
sensor signals were not received. This approach guaranteed the completeness of the datasets. With
the collocated reference instrument (Aeris MIRA) sampling at a higher frequency than the metal
oxide sensor, the Aeris data was averaged to 1s for comparison with the metal oxide sensors’ data.
From the merged datafile, 10% of the data was picked at random, without replacement and without
repetition, and used to train and test the RF model using the steps highlighted in the model training
section.

2.4.2. Model Training

Google Colab environment was employed as the primary environment for training, saving and
making predictions using the model. This environment provided an ideal Graphical Processing Unit
(GPU) to efficiently handle the dataset and run the Random Forest Regressor model. Within the
environment, pandas library was used for data manipulation and analysis, Scikit-Lean library for
machine learning tools, Joblib library for object serialization and matplotlib for visualizations. The
RF model input data was split into training and testing using 80-20 criteria, and the split was done
randomly to eliminate bias and ensure a well representation of the data distribution. The trained
random forest regressor model was stored and used to calculate mixing ratios based on the metal
oxide and DHT22 temperature and humidity outputs.

2.4.4. Model Evaluation Metrics

Methane mixing ratios calculated using the ML approach were compared to mixing ratios
measured by the Aeris Ultra analyzer output using the coefficient of determination (R?) of the linear
regression between the data, the mean absolute error (MAE), the mean squared error (MSE), the root
mean squared error (RMSE), the mean absolute percentage error (MAPE) and the explained variance
score. The feature importance, which is the measure of how each input variable contributes to the
model prediction, was also evaluated for the ML calculated data. Feature importance is determined
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by evaluating the reduction in impurity (measure of how mixed or uncertain the target variable is
within a node) at each node, regulated by the probability of reaching that node [35]. The node
probability is the number of nodes reaching that node divided by the total number of samples. The
higher the value the more important the feature, and higher values indicate greater feature
importance. Histograms of measured and modelled mixing ratio data, comprising of 0.2 ppm bins
truncated at < 2ppm and >5 ppm, were compared using the overlap coefficient to investigate the
overlap of data.

3. Results

Methane mixing ratios observed by the Aeris Ultra analyzer ranged from background (2ppm)
to 147.6 ppm (Figure 4). Throughout the experiment, the temperature varied with large diurnal cycles
from a maximum of 27 °C to a minimum of -5 °C with relative humidity cycling similarly between a
maximum of 91% and minimum of 18%.

Aeris
o
140 ° O Aeris CH4 (ppm)
120
g 8
E 100 E °
s
g
3 80 $ 8
5 8 ® 2 j .
o 60 5 £ )
2 I o
2 L g 2 Ro i g o 2
] ke 1 ] | g i
o
2 8 s KB q 'l o 08 og i
of  Wai B 1 LIBENAN fo dWaocii oo diill A Y |
2024-03-01 2024-03-08 2024-03-15 2024-03-22 TGSZGO@Z*D‘FOl 2024-04-08 2024-04-15 2024-04-22
80 2 O Predicted CH4 (ppm) - TGS2600
o
60 E

TGS2600 CH4 (ppm)
N
&
B

g
pooom o

a
8
&
mE%n om g o

0 g
E g8 -DEDE EE D
A MR R TS : N S ™

2024-03-01 2024-03-08 2024-03-15 2024-03-22 TGS2617024-04-01 2024-04-08 2024-04-15 2024-04-22

®
&

0 Predicted CH4 (ppm) - TGS2611

N
3

g
<

g 9
g
coaso 9o B o
=
>

H
) 1y I
gso 24 9 <>'<><>o »?52 - o 3
§20 goéo o o 8§ o ‘Ab@ﬁ{)ﬁjg Qgi 08 0, 8 o0 g& Iy Y
0 Wi i flablddt BEB 8. % o o0 b o | A N
e iEy*t 2 T Y - $ Y ) (")
2

2024-03-01 024-03-08 2024-03-15 2024-03-22 2024-04-01 2024-04-08 2024-04-15 2024-04-22

Figure 4. Time series of methane mixing ratios measured by the Aeris Sentinel (top panel), methane
mixing ratios calculated using the TGS2600 sensor measurement with a calibration curve generated
using machine learning (middle panel) and methane mixing ratios calculated using the TGS2611

sensor measurement with a calibration curve generated using machine learning (bottom panel).
3.1. Eugster and Kling (2012) calibration method

3.1.1. Calibration curves

Previous studies describing the use of metal oxide sensors to measure methane concentrations
in air have reported either linear or exponential relationships between (Rs/Ro)crr and methane mixing
ratios measured by a trace methane analyzer [17,23-26,30,31,36]. Unlike these studies, the TGS
sensors used in this study did not respond in the same way and there was no discernible relationship
between (Rs/Ro) cor and methane mixing ratio with R? of 0.0016 and 0.0016 for the TGS2600 and
TGS2611, respectively (Figures 5A and 5B).
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Figure 5. Data used to generate a calibration curve following the methods of Eugster and Kling (2012)
for the A) TGS2600 and B) the TGS2611. (Rs/Ro)corr plotted on the x-axis and methane mixing ratios
measured using the Aeris Sentinel on the y-axis.

It was later discovered that the resistor used to form the Wheatstone bridge with the TGS sensors
was 20 times larger than suggested by other studies [25,30] and resulted in a very small signal to noise
ratio that had not been observed by the other studies. This meant that the data reported by the TGS
sensors used in this study could not be calibrated using the methods described by other papers.
When the calibration algorithms were used to calculate the methane mixing ratio and compared
against the measurement data for the rest of the campaign (March 12% to May 2, 2024) the
correlation is zero (Figures 6A and 6B).
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Figure 6. Calculated mixing ratios ([CH4]cat) using the Eugster and Kling (2012) method (y-axis),
plotted against methane mixing ratios measured by the Aeris Sentinel (x-axis) for A) the TGS2600 and
B) the TGS2611.

3.2. Machine learning methods

A time series plot of the RF predicted methane concentrations showed a similar pattern to the
actual measured concentrations from the Aeris analyzer (Figure 4). The model demonstrated a high
sensitivity to the minor variations in input features enabling noticeable concentration levels with
slight changes in sensor and environmental readings. The average measured concentration for the
Aeris analyzer (during the measurement period) was 2.40 ppm with a maximum of 147.6 ppm
compared to the average calculated mixing ratios of 2.42 ppm and 2.40 ppm with a maximum value
of 105.9 ppm and 106.3 ppm for the TGS2600 and TGS2611, respectively. The gradient of the
regression between the measured mixing ratios and those calculated from the TGS2600 data was 0.71
with an R? of 0.28, while the gradient for the TGS52611 was 0.69 and R? of 0.25.

The Mean Squared Error values of 2.20 for the TGS2600 and 2.28 for the TGS2611 shows the
presence of extensive prediction errors, with RMSE values of 1.48 ppm and 1.51 ppm suggesting that
typical concentration prediction errors were around these figures (Table 1). The Mean Absolute
Percentage Error suggests that the model's predictions were, on average, off by approximately 9.66%
and 10.76% from the actual values for the TGS52600 and 2611, respectively. Finally, the Explained
Variance Scores, indicated that the model accounted for about 28% and 25% of the variance in CH4
concentrations, for TGS2600 and TGS2611 respectively.

Table 1. Performance metrics for the mixing ratios generated using the TGS52600 data with the RF
algorithm (TGS2600-RF) and mixing ratios generated using the TGS2611 data with the RF algorithm
(TGS2611-RF) when compared to measured mixing ratios.

Metric TGS2600-RF TGS2611-RF

R-squared (R?) 0.28 0.25
Mean Absolute Error (MAE) 0.33 0.36
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10
Mean Squared Error (MSE) 2.19 2.28
Root Mean Squared Error (RMSE) 1.48 1.51
Mean Absolute Percentage Error (MAPE) 9.66 10.76
Explained Variance Score 0.28 0.25

The relative contribution of each feature was also assessed and from these, TGS52600 feature
importance scores indicate that the relative humidity feature is the most influential, accounting for
approximately 35.8% of the model's predictive power, the sensor resistance at 33.5% and temperature
at 30.7%. In the case of the TGS2611, humidity again emerges as the most significant feature,
contributing 39.5% to the model's predictions, while the resistance accounts for 32.1% and
temperature contributes 28.4%. The consistent significance of humidity across both sensor models
suggests its critical role in the accuracy of sensor measurements.

Histograms, comprising of 17 0.2 ppm bins truncated at < 2ppm and >5 ppm (Figure 7), show all
data sets are heavily right skewed. Comparisons using the overlap coefficient, also known as
Szymkiewicz-Simpson coefficient, show an overlap between the measured mixing ratios and those
mixing ratios generated by TGS2600 and TGS2611 of 0.95 and 0.94, respectively. This means that the
measured mixing ratios and mixing ratios generated by TGS2600 has 95% of distribution overlapping
whereas with TGS2611, it is 94%.

400000 400000 400000
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300000 300000 300000
250000 250000 250000
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150000 150000 150000
100000 100000 100000
50000 50000 50000
. | | Bm—.— ||
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Figure 7. Histograms, comprising of 15 0.2 ppm bins truncated at < 2ppm and >5 ppm, for the

measured mixing ratios (left pane), of the mixing ratios calculated using the TGS52600 data with the
RF algorithm (center pane) and mixing ratios calculated using the TGS2611 data with the RF
algorithm (right pane).

4. Discussion

This study reports the response of two metal oxide sensors, Figaro TG52600 and TGS2611, to
methane emissions at Colorado State University’s METEC site between March 1st and May 2nd, 2024.
Methane mixing ratios observed by the reference analyzer ranged from background to 119 ppm
(Figure 5A), while both TGS sensors response showed diurnal variation in response to changes in
temperature and relative humidity but no obvious response to changes in methane mixing ratio.
When the TGS response data collected during the first two weeks were used to generate calibration
curves following published methods [25,30], there was no correlation between the calculated mixing
ratios and the measured mixing ratios (Figures 6A and 6B). A set of training data were then used
with the Random Forest machine learning algorithm using the resistance, temperature and relative
humidity data to map to the measured reference methane mixing ratio data. These algorithms were
then populated with TG52600 and TGS2611 data from the remainder of the measurement period to
calculate methane mixing ratios.
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4.1. Random Forest calibration versus Linear Regression calibration

The random forest algorithm performed better than the linear regression model. The R? for the
linear regression model for TGS2600 and TGS2611 are 0.002 and 0.002, respectively, compared to the
R?obtained by the RF model, 0.28 and 0.25, respectively (Table 1). This can be attributed to the ability
of the RF algorithm to capture non-linear and convoluted interrelations between the sensor outputs
and the target variable. In addition, the ability of the RF model to implement bootstrapping and
feature randomness reduces the risk of overfitting while allowing the model to popularize better to
new datasets.

4.2. Influence of humidity & temperature

The signal-to-noise ratio of the metal oxide data was too low for previously used calibration
methods to be employed. The sensors were deployed through periods of low and high temperatures
and also at high fluctuation in humidity. Therefore, the RF algorithm was able to identify the
underlying complex relationship between the sensor resistances and the variable conditions that the
sensors were exposed to. Humidity was found to be the most influential factor for both sensors, and
this could be as a result of formation of a layer of water molecules on the sensing element altering the
sensors response greatly. There might have also been a calibration drift in the sensor due to prolonged
exposure to humidity especially in the early stages, and the model weighted the humidity data more
heavily on the predictions. The quality of methane mixing ratio data calculated using the machine
learning derived algorithms is similar to those reported previously even though there was a much
lower signal-to-noise ratio of input data. Eugster and Kling (2012) reported a R? between modeled
and measured data between 1.85 and 1.00 ppm of 0.19 [25], while this study reports an R? over the
same range of mixing ratios of 0.13. Collier-Oxandale et al. (2018) reported an RMSE of 0.38 for
mixing ratios between 2 and 7 ppm of 0.38 [37], while this study reports an RMSE of 1.35. Riddick
et al. (2020a) reported an accuracy of + 0.01 ppm between 1.85 and 5.85 ppm while this study reports
an accuracy of + 0.24 ppm.

4.3. Summary

This study provides evidence that machine learning approaches could be used to generate
sensor calibration algorithms to better constrain methane mixing ratios measured using low-cost
methane sensors. Practically, this would mean that machine learning could be used to derive
algorithms to better define complex relationships between sensor outputs and environmental
conditions to enable better calibration and improve the metal oxides sensor’s accuracy. The main
advantages of using machine learning algorithms for generating calibration algorithms is they can
model complex relationships between sensor outputs and environmental conditions, and they reduce
the effects of overfitting by using multiple trees. The shortcomings are that with larger datasets, the
computational costs increase significantly and that the model interaction between the features are
less interpretable as compared to simpler models like linear regression. The development of
machine learning algorithms is increasing exponentially, and it is expected that in the future the
model can perform better even with less training data while being less affected by noise or sensor
anomalies.

5. Conclusions

This study investigated the use of a machine learning model to calibrate poor quality low-cost,
metal oxide sensor data to generate representative methane mixing ratio data. Currently, calibration
of metal oxide sensors requires a sensor output with a high signal-to-noise ratio. The high
importance of humidity in both TGS2600 and TGS2611 sensors underscores the importance of
environmental variability when developing predictive models for gas detection.

Our results also showed that the machine learning derived mixing ratios were as good as those
reported by other studies using better signal-to-noise ratio data. Here we suggest that, with
advances in machine learning, the response of lower-cost sensors could be used to generate mixing
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ratios with precision and accuracy comparable to higher price trace methane analyzers. This would
improve low-cost sensors’ response, give more confidence to calculated emissions and reduce the
uncertainty in greenhouse gas emission inventories.
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