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Abstract

We employ machine learning models to decode the composition of unknown gas mixtures from the output
of an array of four electrochemical sensors. The sensors use metal oxide electrodes paired with a ceramic
electrolyte, yttria-stabilized zirconia (YSZ), to produce voltage responses to the presence of gases in
complex mixtures. The voltages from the sensor array serve as inputs to a machine learning pipeline
which first carries out multi-class classification of mixtures into types based on which gases are present at
non-zero concentrations, and subsequently predicts gas concentrations given the mixture type. Thus, our
model is able to take a single reading from the sensor array in response to gas mixtures involving NO,
NO,, C3Hg, and NHs, and output a highly accurate prediction of which gases are present in the mixture
and the concentrations of each constituent gas. Our computational framework can be easily expanded to
include additional gases and additional mixture types, allowing it to be used in numerous automotive,
industrial and environmental monitoring settings.

I. INTRODUCTION

As emissions standards tighten and pollution from vehicle exhaust comes under increasing scrutiny,
the need to regulate and control vehicular emission gases intensifies. For this to be done effectively,
accurate real-time measurements of exhaust gases are needed. Modern vehicles are also equipped
with complex after-treatment systems such as NOy (i.e., NO and NO,) storage catalysts [1],
ammonia selective catalytic NOy reduction [2]], or soot filters [3], all of which need some method
of exhaust gas monitoring and control. While the technology used for on-board diagnostic
(OBD) systems in spark-ignition vehicles is able to monitor gas concentrations continuously
and precisely, similar technology for lean-burn engine platforms lags and there are currently no
commercially available sensors for quantitative monitoring of non-methane hydrocarbons (NMHC)
in automobiles [4-6].

Sensor array systems need to be selective, sensitive and able to operate under a wide range
of gas concentrations in order to monitor exhaust gases continuously and accurately. However,
achieving all these criteria simultaneously while keeping sensor cost and size low, and durability
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and stability high is a technological challenge [7]. For example, increasing sensor selectivity to a
single gas in the mixture implies that the number of sensors has to at least equal the number of
gases being measured. Such an approach quickly becomes impractical as gas mixtures increase in
complexity. We have previously shown that we can use cross-sensitivity of sensors in an array
to detect multiple gases simultaneously, explaining the output of the sensor arrays in terms of
models based on the electrochemistry of mixed-potential sensors or biophysical mechanisms of
receptor-ligand interactions in cellular contexts [8-11]. Here we propose a novel computational
framework which utilizes voltage data from a four-sensor array to infer concentrations of the gases
NH3, C3Hg, and NOy. Our framework, which uses a combination of support vector machines
(SVMs) and Gaussian process regression (GPR), accurately predicts the presence of these gases
and their concentrations in an extensive set of mixtures which mimic lean-burn engine exhaust.
Our approach can be scaled straightforwardly to identify increasingly complex gas mixtures, and
can accommodate many types of gas or liquid mixtures found in various laboratory or industrial
settings.

II. MATERIALS AND METHODS

i. Sensor Design

Mixed-potential electrochemical sensors (MPES) are electrochemical devices that develop a non-
Nernstian potential due to differences in the redox kinetics of various gas species at each elec-
trode/electrolyte gas interface [12,(13]. In order to address historical MPES shortcoming such as
drift and reproducibility, the patented Los Alamos National Laboratory (LANL) sensor design
incorporates dense electrodes and a porous electrolyte built on a single piece of planar, dense
ceramic tape [[14/15]. The use of dense electrodes minimizes the deleterious heterogeneous catalysis
that leads to reduced sensor response. Additionally, the increased morphological stability of
dense electrodes yields a robust electrochemical interface, increasing lifetime durability [16]. For
example, we have observed drift-free response with respect to NO, NO,, C3Hg, C3Hg and NHj3 for
1000 hours of operation of our AuPd | YSZ | Pt sensors [17].

Because the MPES response depends on kinetics, the mixed-potential response towards a
specific gas can be tuned to varying extents by the electrode composition and operating tem-
perature. LANL MPES devices consist of a solid electrolyte (3 mol% yttria-stabilized zirconia
(YSZ)), a Pt pseudo-reference electrode with higher redox reaction rates for oxygen reduction,
and AuPd or La0.85r0.2CrO3 (LSCrO) working electrode with redox reaction rates substantially
different from those at the Pt electrode. The choice of working electrode material depends on
the gas sensing requirements [18]. We have shown that an AuPd |YSZ | Pt sensor showed unique
selectivity towards NH3 in a mixed gas environment where no interference from mixtures of NO,,
NO, CO and C3Hg was observed in standard diesel engine exhaust conditions [17]. However,
when NH3 was not present, the sensor showed some sensitivity to the other analyte species, which
could lead to false positives in the practical application of the device.

Similarly, LSCrO | YSZ | Pt sensors fabricated by LANL have demonstrated selectivity towards
hydrocarbons (C3Hg and C3Hg) under unbiased operation while selectivity towards NOy increased
under positive current bias operation [19]. However, testing in engine exhaust conditions on a
General Motors 1.9L diesel engine equipped with a diesel oxidation catalyst (DOC) running on
a dynamometer at the National Transportation Research Center (NTRC) showed that absolute
selectivity was not achieved in the complex gas mixture [20]. In this work we seek to address
the selectivity barrier, not by optimizing a single sensor towards a single analyte, but rather by
exploiting the unique cross-sensitive response of multiple sensors to develop a computational



Figure 1: Photograph of MPES AuPd|YSZ | Pt sensors fabricated at Los Alamos National Lab (LANL). Powering
the serpentine Pt heater (far left) at constant resistance maintains constant temperature at the AuPd | YSZ | Pt sensor
element (right).

model that deconvolutes the composition of a complex mixture.

Details of our experimental approach are given in Ref. [11] and briefly summarized here. A
photograph of the front (sensor) and back (serpentine Pt-heater) side of the AuPd |YSZ|Pt LANL
MPES sensors is shown in Fig[l. The sensors were mounted in a machined Macor mount with
compression contact of four Pt-leads to sensor and heater pads to complete the electrical circuit.
The packaged sensors were inserted into a steel housing with provisions for gas inlet and outlet.
The temperature of the sensor is controlled by powering the Pt-heater to maintain a constant
resistance; temperature accuracy of +1°C could be normally achieved. Three sensors used in this
work have the composition LSCrO | YSZ | Pt operated at 450°C, AuPd | YSZ | Pt operated at 475°C
and LSCrO | YSZ | Pt operated at 470°C, referred to below as the Cr450, Au475 and Cr470 sensors,
respectively. The fourth sensor, which has the LSCrO | YSZ | Pt composition in an experimental
geometry developed for hydrogen sensing that is significantly different from the automotive stick
configuration shown in Fig|l} operated at 545°C, is also used in the array and will be referred to
as H545 [21].

The four sensors are connected in series, with gas mixtures entering the array through Cr450,
passing through Au475 and Cr470, and exiting after the H545 sensor. The gas mixtures were
maintained at a constant 10% O, while varying composition of analyte gas mixtures, which consist
of various two-gas, three-gas and four-gas combinations of NO, NO,, C3Hg and NH3. N, was
used as the balance gas to maintain a constant flow rate of 10> ccm. The composition of the gas
mixture was controlled by MKS Instruments mass flow controllers (https://www.mksinst.com).
Specifically, certified bottles of the test gases stored in N, (typically 500-1500 ppm of the test
species in Ultra High Purity (UHP) N, balance) were mixed using MKS 1179A or G-series mass
flow controllers under computer control to deliver the desired mix compositions and ratios. Pure
UHP O, was introduced on another controller, and makeup UHP N, was adjusted to keep the
total flow rate constant. Prior to the introduction of the mixture to the sensors, the various
gases were mixed in a fixed volume stainless steel manifold. All gases were mixed dry to ensure
that there is no water vapor content in the mixtures, which may lead to minor voltage shifts
between completely dry conditions and when water is introduced [22]. Finally, throughout the
experimental runs all sensors were tested periodically with fixed concentrations of individual
analyte gases in order to check for any possible drift in the sensor response; no significant drift
was observed during the course of the measurements.



ii. Data

As described in the previous section, the four-sensor array was exposed to different combinations
of the analyte gases NO, NO,, C3Hg and NHj. Representative voltage traces for two binary
mixture types, NO/NO; and NO/NHSj, are shown in Fig S1. At a given concentration of each of
the four gases, at least 30 voltage readings were recorded from the sensor array after all sensor
responses stabilized following exposure to the new combination of test gas concentrations. This
set of readings corresponds to a single mixture. We shall refer to all mixtures with a certain
combination of gases, regardless of their concentration, as a mixture type. For example, the mixture
type NO+C3Hg contains all mixtures with the two constituent gases NO and C3Hg present at
various non-zero concentrations.

In each mixture type, the concentrations of constituent gases vary from 0 ppm up to a gas-
specific maximum; the ranges were chosen to include typical values observed in car engine exhaust.
Specifically, the concentrations of the four gases were constrained within the following ranges, in

ppm:

NO € [0,220] C3Hjg € [0,1100] 1)
NO; € [0,440] NH; € [0,495]

Our set of measurements consists of 12 distinct gas mixtures, from no gases (i.e., background
gases only) up to four gases (Fig [2). In each mixture type, the concentration of every con-
stituent gas was changed at regular intervals, producing a grid of concentrations within the
ranges shown in Eq. (1) (see Table S1 for more details). Note that in the multi-gas mixtures,
the gas concentrations were varied in a way that kept ag = [¢]/[NO] constant, where [g] de-
notes the concentration of gas ¢ (Fig [3). The total number of independent measurements is
Nt = {288,192,800, 672, 800, 2224, 2240, 2880, 20160, 22144, 16704, 37999} for the following gas
mixtures: {No gases, NO, C3Hg, NO,, NH;, NO/C3Hg, NO/NO,, NO/NHj3, NO/C3Hg/NO,,
NO/C3Hg/NH3, NO/NO,/NHj;, NO/C3Hg/NO,/NH;}, with Nt = 12, N'°t = 107103 mea-
surements in the entire data set. We note that in general the voltage outputs of the Cr450 and
Cr470 sensors are very similar, as might be expected since these two sensors have the same
composition (LSCrO | YSZ | Pt) but are maintained at somewhat different temperatures (450°C and
470°C, respectively). Therefore, Cr470 readings were omitted from Fig[2|to be able to plot the data
in 3D, but are used in subsequent modeling.

Fig 3| shows the NO+C3Hg dataset in more detail. As mentioned above, Cr450 and Cr470 have
nearly overlapping responses for this mixture type (similarities and differences between sensors
are discussed in more detail in Results, subsection M[), whereas H545 and Au475 voltage readings
are more differentiated. In general, all four sensors exhibit non-linear responses when either NO
or C3Hg concentration changes. The extent of each sensor’s response is gas-specific.

iii. Computational Model

Our computational pipeline has two major steps. First, we carry out multi-class classification
of voltage readings from the four-sensor array into twelve mixture types shown in Fig[2 using
support vector machines (SVMSs) [23-25]. Second, we predict all non-zero concentrations of gases
in a given mixture type using Gaussian process regression (GPR) [25}26]. This two-step approach
makes the problem more computationally tractable because individual GPRs conditioned on a
mixture type require inversion of N; X Nj; rather than N X N matrices, where N; is the number of
individual measurements in the training set for the i" mixture type and N = Y12, N; is the total
number of measurements in the training set. We will also demonstrate that the optimized GPR
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Figure 2: Voltage output (in volts) of Cr450, Aud75 and H545 sensors in response to all 12 mixtures in our data set.
Each point, colored by the mixture type, represents the average of all readings taken at a given concentration of the gases
in a given mixture.
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Figure 3: Voltage output (in volts) of Cr450, Cr470, Aud75 and H545 sensors as a function of NO and C3Hg concen-
trations in the NO/CsHg mixture type. Each point, colored by the sensor type, is the average of all readings at a given
concentration of the two gases.

parameters give us further insight about sensor array responses to the gas concentrations. We note
that an alternative to our two-step classification/regression approach may be provided by sparse
GPR methods that are specifically designed to reduce the computational complexity of Gaussian

process models [27,28].



We split the available sensor data into training and test sets using an approach which mimics
real-life applications. We remove a subset of the mixtures entirely from the training data set, so
that the model is forced to extend its predictions to novel mixtures. To implement this test, we
have randomly placed ~ 5% of mixtures in each mixture type into a test set, with the model
trained only on the remaining mixtures. To avoid significant extrapolation, we have placed a
specific mixture into the test set only if all of its gas concentrations were away from the edges of
the domain in the 4D concentration space that was explored experimentally. We shall call this
procedure the ‘subset of mixtures’ split into training and test data sets.

We used a multi-class SVM classification function from Matlab, fitcecoc E to implement the
classification of sensor array outputs into data sets. This function uses error-correcting output code
(ECOC) to extend SVMs, which are intrinsically two-class classifiers, to multi-class classification.
We used the ‘KernelFunction” option to select a Gaussian kernel and set the kernel scale to “auto’,
allowing it to be optimized by the function. We fixed the box constraint variable to 10 and used
the one-vs-the-rest ECOC coding matrix, in which training data for a given mixture provides the
negative examples (class label -1) and training data from the remaining mixtures provides the
positive examples (class label +1). Since the one-vs-the-rest classification scheme may be affected
by vastly different numbers of data points in the positive and negative classes, we also trained an
SVM model with a modified cost matrix. Specifically, we changed the cost of classifying a data
point from class i to class j to |j|/|i|, where || is the size of class j [29]. The box constraint variable
was set to 1 in this case.

Fig|4|shows a representative example of a two-class SVM trained using one-vs-the-rest approach.
The data set with the NO/CzHg/NHj gas mixture was assigned class label -1 and all other data
points in the training set were assigned class label +1. For the purposes of visualization, the sensor
voltages in the training set were first subjected to principal component analysis (PCA) — a machine
learning technique widely used for dimensionality reduction, lossy data compression, and data
visualization [25,30]. We trained the SVM on the first two principal components that explained
98.9% of the total variance, therefore capturing most of the variance in the full four-dimensional
data set (Fig[4). The trained SVM correctly classifies 94.4% of the measurements in the training set
and 96.9% of the measurements in the test set.

Once the mixture type is determined using SVMs (that is, we have learned which gases are
present at non-zero concentrations), the next step is to predict all non-zero gas concentrations

using GPR. Specifically, we assume that the concentration of gas ¢ in the j measurement of the
mixture of type i, c;l’g) (j=1,...,Nj), is related to the observed voltage output of the four sensors,

v(.i), as follows:

y§lr8) =log (C;-Z'g)) _ f(l'g)(v§l)) i h(V](-l))Tb(l'g) + e;l,g)’ )

where f(i'g)(v;i)) is defined in Eq. (), e}i’g) is the experimental noise, assumed in GPR to be

Gaussian-distributed: e}i'g) ~ N(0, (762(1-,8)) (0ig is the standard deviation, which is generally gas-

and mixture-dependent), h(V;i)) is a set of basis functions which transform the original voltage

inputs into a new feature vector and are known as the bias, and b8 is a vector of basis function
coefficients. Henceforth, the (i) and (i, g) labels will be suppressed to make the notation more
compact.

We use a quadratic basis with no cross-terms:

h(V]) = (1/ Vj/ VJZ)Tr (3)

Thttps://www.mathworks.com/help/stats/fitcecoc.html
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Figure 4: An illustration of a two-class SVM trained to discriminate the gas mixture NO/C3Hg/NHj3 (class -1) from
the other 11 mixtures (class +1) on the basis of the first two principal components of the sensor data, which consists of
voltage outputs of the four-sensor array. Class -1 points are shown in red and all other points are assigned to class +1
and shown in blue. The black contour lines indicate the SVM decision boundary. Panel A shows the entire training
data set, while panel B is a zoom-in of the section highlighted with a rectangle in the top left corner of panel A. The
first principal component, plotted along the x-axis, contains 76.2% of the variance and the second principal component,
plotted along the y-axis, contains 22.7% of the variance. Note that the SVM decision boundary does not have to be
singly-connected. PCA projection was employed only for the purposes of visualization and is not used in the main
computational pipeline.

where v; = (v, ..., 7;, 4T and v] (v] 1 Vj4 ) hence h(v;) is a vector of length 9. Taking the log
of the concentratlon in Eq. (2) ensures that all predicted gas concentrations are positive. Note that
a separate GPR model is fit for each mixture type and for each constituent gas in the mixture.
An alternative approach is provided by multi-output GPR, which would simultaneously fit all
non-zero gas concentrations in a given mixture type while taking correlations between outputs
into account [31,132]. However, such frameworks are computationally expensive, and current
implementations are unable to handle data sets of the size presented here.

In GPR, f(v;) for each observation are drawn from a Gaussian process, such that any finite set
of voltage measurements has a joint multivariate Gaussian distribution [25}26]:

p(E(V)|V) = N(£(V)[0,K), (4)

where f(V) = (f(v1), f(v2), ..., f (VNI.))T is an N;-dimensional vector of gas concentration predictions
and V = V(l) is a N; x 4 matrix representing all voltage readings in the training set for a given
mixture.

The N; x N; covariance matrix in Eq. (4), K, is the Gram matrix which describes the similarity
between two data points in the voltage space. The Gram matrix entries are generated using



the kernel function k: K, ;; = k(vy, viy). Kernel functions typically depend on one or several
hyperparameters which need to be optimized by maximizing the log-likelihood of the data in the
training set, also called the model evidence [25,26]. In particular, the GPR framework can be used
to rank the sensors by their contribution to the model, through the process of automatic relevance
determination (ARD) [25] in which each input voltage is provided with its own length scale. The
length scales are adjusted by the algorithm as part of the overall hyperparameter optimization,
such that voltage outputs of sensors characterized by larger length scales become less relevant to
predicting the corresponding gas concentration in a given mixture.

We have tested five standard kernel functions, all with ARD, to see which one performed
better on a representative subset of our data set: the squared exponential kernel, the exponential
kernel, the rational quadratic function, and the Matérn covariance functions with v = 3/2 and
v =5/2. The selection criterion was the performance on the ‘subset of mixtures’ test set described
above, quantified using percentage errors: \cpredicted — Cieasured |/ Cmeasured % 100, where c is the gas
concentration in a given mixture. The exponential kernel, defined below, yielded the smallest
errors in predicting gas concentrations on the corresponding subset of test sets:

k(vi, vj) = (szr exp ( —

where oy is the standard deviation of the signal, s labels sensors, and r; is the absolute magnitude
of the difference in sensor s voltage for measurements i and j. Note that the relevance of each
sensor is controlled by the magnitude of the length scales o ;.
Eq. (2) implies that the joint distribution of gas concentrations conditioned on the model
predictions is given by
P(yIE(V)) = N (c|£(V) + Hb, 02D, (6)
where y = (y1, 2, ...,yNi)T is the vector of log concentrations, H = (h(vy), h(vp), ..., h(le.))T is an
Nj x 9 matrix, I is an N; x N; unit matrix, and ce is the standard deviation characterizing Gaussian

noise in the data, cf. Eq. (2).
Egs. (6) and (@) lead to the Gaussian marginal distribution of y:

p(y) = N(y[Hb,C), (7)
where the covariance matrix C is given by
C=K+02L (8)

The covariance matrix C depends on both the kernel hyperparameters and e, which, along with
the vector of basis function coefficients b, are found by maximizing the model evidence log p(y)
on the training data set.

Once the model is fit, it can be used to make predictions on the test set. Indeed, the joint
distribution for yy 1 = (¥, ¥n;+1), where the additional data point comes from the test set, is given
by

P(yn;+1) = N(Yn.+1HN;+1b, Cnia1), )

C k
a1 = (kT t) (10)

where the covariance matrix

consists of C (Eq. (), k = (k(v1, vn,1), k(v2, VN.41), .o, k(Vi,, V1)) T, and £ = k(Vii1, Vi) + 02,
while the mean is computed using Hy,41 = (HT,h(vNi+1))T. Eq. (9) amounts to the Gaussian
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Figure 5: An illustration of the GPR model trained on the NO/C3zHg mixture training set from the ‘subset of mixtures’
split (the data shown in Fig[B3|but with 4 of the mixtures removed to create the test set). The two voltage components
along the x- and y-axis are the two principal components of the four sensor readings. Note that PCA projection was
employed only for the purposes of visualization and is not used in the main computational pipeline. The GPR is trained
on the data represented by the red dots, with the surface plot representing the mean of the GPR predictive distribution
(Eq. (11)). GPR was carried out using ARD with the exponential kernel defined in Eq. () and the bias term defined
in Eq. (B). The resulting kernel length scales for the voltage components 1 and 2 are 071 = 0.265 and 7], = 0.0664
for NO, 071 = 0.0831 and 07, = 0.405 for C3Hg. We can see that the mean of the predictive distribution rises more
dramatically along the directions with the smaller length scale.

predictive distribution p(yy,+1|y), with mean and variance given by:

uvn+1) = hvy.) b+k'Cl(y — Hb), (11)
() = t—k'C k.

In the last step we exponentiate the mean of the predictive distribution, y, to obtain the
predicted gas concentration.

We have implemented GPR using the Matlab function fitrgp E The ‘KernelFunction” option
was set to ‘ardexponential” and the ‘BasisFunction” was set to ‘pureQuadratic’. The o and O fiig)

parameters were initialized with the value std(c("8))/+/2, where std(x) is the standard deviation of
x. The 07 ; parameters were initialized as std(v;). All the hyperparameters were optimized using
the default Quasi-Newton algorithm in the Matlab function.

Fig[5 shows an example of a GPR fit on the training set for the NO/C3Hg mixture type. For
the purposes of visualization, the four-dimensional sensor voltage data was first projected onto
its first two principal components and then fit using GPR. The mean absolute percentage error
between the measured and the predicted gas concentrations for the models shown in Fig|5|is 0.23%
for NO and 0.27% for CzHg on the training set, and 0.88% for NO and 0.48% for CzHg on the test
set. We observe that, as expected, larger values of the length scales ¢; ; in the ARD kernel defined
by Eq. (5) correspond to the directions in the sensor voltage space along which gas concentrations
vary less dramatically. For example, in Fig [5B the C3Hg gas concentration varies much more along
the first principal component than the second principal component, resulting in 077 < 075.

’https://www.mathworks.com/help/stats/fitrgp.html
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In summary, we use multi-class SVM-based classification to divide all data points into 12
mixture types and to predict the mixture type of the current mixture or, in other words, determine
which gases are present at non-zero concentrations in the current mixture. Once the mixture type
is known, we predict the concentration of each gas present in the mixture using GPR models fit to a
set of measurements obtained using the same mixture but, in general, different gas concentrations.
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Figure 6: Confusion matrix showing multi-class SVM classification on the test data set. The diagonal entries show the
number of correctly classified data points. The off-diagonal entries are incorrectly classified data points. The two rows at
the bottom of the chart show the percentage of data points that are classified correctly (top row) or incorrectly (bottom
row) in a given mixture type prediction. For example, for the NO+C3Hg+NHj3 mixture type, 88.1% of the data points
predicted to belong to it are classified correctly, and the remaining 11.9% are classified as the NO+CzHg+NH3 mixture
type but in fact belong to other mixtures. The two vertical columns to the right of the chart indicate the percentage of
a given mixture type that is classified correctly (left column) or incorrectly (right column). For example, in the row
for the NO+C3Hg+NH3 mixture type, 97.8% of the data points are classified correctly, and the remaining 2.2% are
misclassified into the NO+NO,+NH3 mixture type.

III. REsuLTS

Fig |6 shows the results of multi-class SVM classification with the one-vs-the-rest ECOC coding
matrix on the test set in a confusion matrix format. The results along the diagonal are correct
classifications, while off-diagonal terms are misclassifications. The row at the bottom of the chart
represents false positives, the percentage of data points incorrectly classified into a given mixture
type; the column to the right of the the chart represents false negatives, the percentage of data
points in a mixture type classified into incorrect mixtures. The overall number of misclassified
data points is 194 out of 5390, or 3.6% of all data points in the test set. With the custom cost matrix
designed to remove imbalances between the positive and negative data sets in the one-vs-the-rest
classification scheme, the total misclassification rate decreased only slightly to 3.3%, showing that
data imbalances inherent in one-vs-the-rest multi-class classifications do not play a major role.
Overall, we conclude that SVMs are a highly effective approach to classifying the gas mixtures in
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our data set.

The next step is to use GPR to estimate the concentration of the gases predicted to be present
at non-zero concentrations in the current mixture. We focus first on those test data points that
were classified correctly by the SVMs. Figure [7|shows the results of GPR-based predictions for all
mixture types in this subset, which comprises 96.4% of the test set. We can see that all predictions
are characterized by high correlation coefficients, with the majority of predicted concentrations
found close to the diagonal line, especially for mixture types with fewer gases.

Another measure of quality of our GPR models is median absolute percentage errors between
predicted and observed concentrations (Table[1). We observe that the quality of predictions is
excellent in all one- and two-gas mixtures we examined, with the largest errors attributed to
NO concentrations in the context of NO/NO, and NO/NHj3 mixture types. As the number of
gases is increased to three however, the response of the sensor array becomes more complex
and non-linear, resulting in a more challenging inference problem. The GPR predictions become
less precise, especially for NO in the NO/C3Hg/NHj3 mixture type and NO and NO; in the
NO/NO,/NHj; mixture type (Table[1, Fig|[7E-G). This could be due to voltage degeneracies: a
given NO concentration may correspond to a manifold of distinct voltage readings as non-NO
gas concentrations change while the NO concentration is held constant. Such degeneracies may
be resolved by employing multi-output GPR [33]. Surprisingly, the errors are again lower for the
four-gas NO/C3Hg/NO,/NHj3 mixture type, with none of the median errors above 5.0% (Table m
Fig[7H).

Overall, most of the predictions are very close to the measured values, despite the varying
degree of mixture complexity and a wide range of gas concentrations in our data set (see Table S1
for details). Hence, our approach is able to correctly decode mixture composition even when
concentrations are low for some of the gases and their presence is masked by other interfering
gases. Our model classifies voltage readings in the test set with over 96% accuracy and then
predicts the concentration of each constituent gas with errors that are typically less than 10%.
Once the model is trained, only a single set of voltage readings from the sensor array is needed to
achieve this level of precision.

We can also examine GPR-predicted gas concentrations for the relatively few data points in the
test set that were misclassified by the SVMs, shown as off-diagonal row entries in Fig |6} Note that
only two mixture types had misclassified data points: NO/C3Hg/NH3 and NO/NO,/NHs;. As
might be expected, the linear correlation coefficients imply lack of predictive power in this case,
partially due to the fact that some non-zero gas concentrations are assigned zero values through
misclassification, and vice versa (see Fig S2 for the scatter plots of predicted vs. measured gas
concentrations for the misclassified data points).

i. GPR hyperparameter analysis

As discussed in more detail in subsection fiiil of Materials and Methods, GPR requires optimizing
several model hyperparameters on the training set, including kernel parameters oy and 0;
(Eq. (5)) and the standard deviation of experimental noise, o¢ (Eq. (6)). Analysis of optimized GPR
hyperparameters provides additional insights into the performance of the model. For example,
0y and o, values and their relative importance affect the variance of the predictive distribution
in Eq. (11). It can be seen from Eq. (8) that in general there are two sources of uncertainty in the
model, one due to kernel variance and the other due to experimental noise. Figure S3 shows the
magnitudes of fitted oy and ce values across our entire training set. We note that for single-gas

mixtures, kernel variance 0} is comparable in magnitude, or even smaller than the amount of

experimental noise ¢Z, which implies that in this case the uncertainty of the predictive distributions
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Figure 7: A plot of predicted vs measured gas concentrations in the test set. The dashed lines with unit slope correspond
to perfectly accurate predictions. Each gas is represented by a differently colored marker, as indicated in the panel A
legend. Panel A shows the results for all four single-gas mixtures; panels B—H show results for all gases present in a
single mixture type, as indicated by the title above each panel.

is strongly affected by the latter and that GPR can be used to fit single-gas data with nearly optimal
precision. However, the situation is reversed as the number of gases in the mixture becomes two
or more, indicating that the uncertainty of the model is now primarily due to kernel variance.
Finally, we observe that the oe values remain stable across all mixture types, indicating that, as
expected, the amount of noise attributed to concentration measurements does not strongly depend
on mixture type or complexity (Fig S3A). This is in contrast with o, which tends to increase as
the number of gases increases (Fig S3B).

Next, we focus on the sensor length scales 0; 5 (Eq. (5)). For a sensor that is less useful
in determining the gas concentration, the 0; ; value will be larger relative to the other length
scales, reducing its contribution to the sum in the kernel exponent. Figure 8 shows the relative
importance of each sensor in every GPR model we have trained. We observe that the number
of essential sensors tends to increase with mixture complexity. For example, in the single-gas
models for C3Hg and NO,, one sensor dominates the kernel, whereas in all four GPR models for
the NO/C3Hg/NO,/NHj; mixture, every sensor makes a significant contribution. Comparing
sensor contributions across models, we note that the contribution of the Cr450 sensor tends to be
the highest, whereas the contributions of the Au475 and Cr470 sensors tend to be the lowest. In
the next section we shall examine the effects of removing all readings for an individual sensor
entirely from the training set.
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Figure 8: Relative importance of the four sensors in modeling each gas in a mixture type, for all mixtures in the training
set. Plotted along the y-axis is Zal’sl, where 07 5 is the length scale of sensor s and Z is the normalizing factor for Ul’sl:
z71= ):‘slzl Ul_sl' Every vertical bar, which corresponds to the GPR model for a given gas in a given mixture type, has
unit height. Mixture types are listed below the x-axis. Relative contributions of each sensor are color-coded as indicated
in the legend.

ii. Model performance with reduced sensor arrays

ii.1 Classification

We examine how well the SVM classifier performs when some of the sensors are removed from the
array. As discussed above, the misclassification rate using all four sensors was found to be 3.6%,
with 194 misclassified cases out of 5390. We fit this model on three sensors, removing one of the
four sensors at a time. With a single SVM run for each sensor configuration, the misclassification
rates when the sensors Cr450, Aud75, Crd70, H545 were removed one at a time were 5.88%,
9.31%, 13.02% and 3.30%, respectively. Thus, SVM-based classification suffers a more significant
decrease in performance when Au475 or Cr470 is removed, compared to removing Cr450 or H545.
Next, we have investigated the statistical significance of the observation that classification into
mixture types appears to become slightly better without the H545 sensor. We have trained the
SVM 10 times with all four sensors and 10 times without H545, using the same training dataset
as before. We used the trained models to classify datapoints in the test set, resulting in the
distributions of total misclassification rates shown in Fig S4. Note that the predictions vary due to
stochasticity intrinsic to SVM training. We observe that removing the H545 sensor in fact leads
to a slight increase in the total misclassification rate (from 3.42% to 3.70% on average), but the
improvement afforded by H545 is not statistically significant overall. However, the effect on the
C3Hg mixture is more noticeable (data not shown). Removing any two sensors at the same time
leads to misclassifications rates above 20%. Therefore, our approach needs at least three sensors
for the SVM-based classification to be reliable.

ii.2 Regression

Next, we check performance of GPR models when some of the sensors are removed. We will
contrast the results when the removed sensors are most and least relevant in several mixture
types (Fig @. Recall that for single-gas mixtures C3Hg and NO,, the median percentage errors
were 2.06% and 0.27% with all four sensors in the array (Table|1). These errors change slightly
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to 1.92% and 0.34% when the most relevant sensors are removed (Cr450 and H545 for C3Hg and
NO,, respectively), and to 2.02% and 0.30% when the least relevant sensors are removed (Au475
and H545 for C3Hg and NOy, respectively). In the three-sensor model for C3Hg, Cr470 becomes
the most dominant (Zoj s = 0.994), replacing Cr450. This is not surprising given the similarity of
their voltage signatures (Fig[3). In the three-sensor model for NO,, removing H545 causes Au475
and Cr470 to cooperate (Zo; ; = 0.568 and 0.431, respectively). In all single-gas mixtures, using
even a single sensor generally leads to errors below 2% in all cases except three, when Au475
is the only sensor for single-gas mixtures C3Hg, NO, and NH;3. We conclude that in single-gas
mixtures, a single sensor is sufficient for making accurate predictions of gas concentrations.

In the two-gas mixture NO/C3Hg, removing Cr450 from the model for C3Hg leaves the median
percentage error unchanged from the four-sensor model, at 0.57% (Table|[1). As before, Cr470 takes
up the role previously occupied by Cr450 (Zo; ; = 0.915 for Cr470 in the three-sensor model vs.
Z0o; s = 0.980 for Cr450 in the four-sensor model). Removing both Cr450 and Cr470 still leads to
0.55-0.57% error but now the remaining sensors have to cooperate, with Zo; ; = 0.437 and 0.563
for Au475 and H545, respectively. We conclude that when only a subset of sensors is used in the
four-sensor model, with contributions of some of the sensors suppressed by their length scales, the
suppressed sensors are brought back when the most relevant sensor is removed from the model,
often without significant degradation in the model performance.

In the two-gas mixture NO/NO;, the median percentage error jumps from 3.60% in the
four-sensor model to 13.06% for NO when the two most relevant sensors, Cr450 and Cr470, are
removed. As expected, the error stays almost the same, at 3.72%, when the least relevant two
sensors, Au475 and H545, are removed instead. Thus in more complex gas mixtures, the identity
of the sensors becomes more important and the sensors are less interchangeable with one another.
Next, we remove Cr450 from the NO model, to see if Cr470 is able to take over by increasing its
relative weight. Interestingly, when Cr450 is removed, the error becomes 11.85% and Zo; ; falls
from 0.48 to 0.0002 for Cr470. Instead of Cr470, Au475 and H545 step in to replace the Cr450 signal,
with Zo; ¢ rising from 0.0001 to 0.72 for Au475 and from 0.0001 to 0.28 for H545. Conversely, when
Cr470 is removed, the error becomes 13.26% and Cr450 and Au475 are the two most relevant
sensors. We conclude that removing either Cr450 or Cr470 is deleterious to the model, leading to
performance degradation comparable to that observed for the two-sensor model with both Cr450
and Cr470 removed.

In summary, we see from the above cases that Cr470 can replace Cr450 and vice versa when
one of the two sensors is dominant in the four-sensor model. However, in some cases both Cr470
and Cr450 sensors are needed, and in such cases the model appears to capitalize on the subtle
differences between the two.

IV. DiscussioN AND CONCLUSIONS

The need to monitor toxic components of vehicular exhaust and control the performance of
technologically complex vehicle exhaust treatment systems requires development of robust, real-
time OBD approaches. Here we employ an array of four mixed-potential YSZ sensors to predict
the composition of complex gas mixtures, with the number of gases potentially exceeding the
number of sensors. Using a laboratory setting in which gas flow and mixture composition could
be controlled precisely, we exposed the sensor array to an extensive set of gas mixtures that mimic
diesel exhaust in real-life applications. We focused on four target gases: NO, NO,, NH3 and C3Hg,
which were mixed in various concentrations on the background of Ny and O, to resemble engine
exhaust conditions (Materials and Methods). Since YSZ sensors typically reacted to multiple
gases in the mixtures, voltage responses of the sensor array need to be deconvoluted using
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machine-learning methods in order to carry out quantitative inference of mixture composition.

We have employed a non-parametric machine learning framework which uses SVMs for
classification of voltage responses into gas mixture types, i.e. predicting which target gases are
present or absent in the mixture on the basis of a novel voltage measurement. SVM classification
was followed by GPR, which was used to predict concentration of each analyte gas given the
mixture type. The entire computational framework was trained using ~ 95% of the mixtures in
our data set. The other 5% of the mixtures constitute a test set; mixtures in the test set were not
seen by the algorithm during training. Since our machine learning framework is non-parametric,
we expect it to be able to handle sensor cross-specificity and non-linearity of sensor responses in a
wide variety of industrial and engineering settings that employ sensor arrays.

Our SVM-based approach identifies which gases are present in the mixture with the accuracy
above 96% (Fig|6). This accuracy does not fall below 86% even if we use the output from only three
out of the four sensors in the array, and stays nearly the same when either Cr450 or H545 sensors
are removed. The GPR approach for predicting gas concentrations also yields good accuracy, with
the median percentage error in concentration below 6.6% for all gases in the test set, even though
predictions in mixtures with more components tend to be somewhat less precise (Fig[7). Once
the models are trained, subsequent predictions require only a single voltage reading from the
sensor array, although combining information from several data points would obviously yield
more robust predictions.

The GPR approach yields a measure of relevance for each sensor in the array. We find that in
one-, two- and even some of the three-gas mixtures the output of some sensors is not used by the
model even if it is available (Fig[8). In these cases, if a sensor is removed from the array it can
often be replaced by another sensor or a combination of sensors, with little or no performance
degradation. This is especially striking in single-gas mixtures, where two or even three sensors
could be removed without major consequences. However, in two-gas mixtures the sensors become
less interchangeable and the subtle differences between their voltage outputs begin to play a role.
As the number of mixture components increases to four, all four sensors become relevant (Fig ,
commensurate with the increased complexity of the modeling task.

An alternative approach to gas mixture classification and gas concentration regression can be
provided by multi-layer artificial neural networks [34,135]. However, we have chosen the two-step
SVM/GPR framework for its transparency and interpretability, and in particular for the ability
of GPR to identify the most relevant sensors and sensor combinations through the process of
automatic relevance determination.

In summary, we have presented a novel machine learning approach to predicting concentrations
of constituent gases in complex mixtures with a priori unknown composition. The non-parametric
nature of the major building blocks of our computational model (SVM and GPR) ensures its
flexibility and applicability to other sensor-based data sets. Once the model is trained, it is efficient
enough to be employed in field conditions, providing real-time estimates of gas concentrations
on the basis of just one or several readings from the sensor array. Our future work will focus on
testing the model in a real-world application to diesel exhaust.

ACKNOWLEDGEMENTS

This research was supported in part by the LANL-DOE award 20150236ER. The authors acknowl-
edge the Office of Advanced Research Computing (OARC) at Rutgers, The State University of New
Jersey for providing access to the Amarel cluster (https://it.rutgers.edu/oarc). AVM acknowl-
edges an award from the National Science Foundation (NSF MCB1920914). AMS acknowledges
an award from the Simons Foundation (SF626323).

15



DATA AVAILABILITY

All sensor data used in this study is freely available at https://github.com/unabJ/Sensors.

TABLES
Mixture type | €
NO ENO = 0.90%
C3H8 €C3Hg = 2.06%
NOZ ENO, = 027%
NH3 €NH; = 0.25%
NO/CgHg {eNo, €C3H3} = {0.570/0, 0.570/0}
NO/NOZ {GNO/ €N02} = {3.600/0, 1.060/0}
NO/NH3 {(-ZNo, eNH3} {7.700/0, 1.020/0}
NO/C3H8 /NOZ {€NQ, €C3Hgr €N02} = {8.870/0, 3.42%, 6.330/0}
NO/C3H8 /NH3 {GNQ, €C3Hgs GNH3} = {15.120/0, 4.51%, 2.600/0}
NO/N02 /NH3 {GNo, ENO,/ €NH3} = {35.940/0, 21.10%, 7.800/0}
NO/CgHg /N02 /NH3 {eNo, €C3Hgs ENO,, ENH; } = {3.82%, 4.59%, 4.75%, 3.83%}

Table 1: Median absolute errors in GPR gas concentration predictions for the part of the test set classified into
correct mixture types. For each data point j in the test set for each mixture type, we compute absolute errors
EJ _ |C§J];§;zcted_cflfa)surrd ) (.8)

- v dicted measured

¢ = g X 100, where Cgrf and ¢
given mixture type. Then €4 is the median absolute error of gas g in a given mixture type.

are predicted and measured concentrations of gas g in a
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Figure S1: A plot of voltage traces from the four sensors for two binary gas mixtures: NO/NO, (A) and NO/NH3
(B). In both panels, voltage traces of each sensor are color-coded as shown in the panel A legend. The peaks labeled 1-5
represent times when the sensors were exposed to the gas mixture. In the times between the labeled peaks, the apparatus
is purged using a mixture of only the background gases, Ny and Oy, which allows the sensors to return to their baselines.
From left to right, the peaks in panel A correspond to the following test gas concentrations (ppm): (NO,NO,): (20,12),
(40,24), (60,36), (80,48), (100,60). In panel B, peaks 1-5 correspond to the following test gas concentrations (ppm):
(NO,NH3): (20,5), (40,10), (60,15), (80,20), (100,25), respectively.
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Figure S2: Prediction of gas concentrations for the data points in the test set that were misclassified into incorrect
mixture types. As shown in panel A and B legends, the color of the marker indicates the identity of each gas and the
shape of the marker indicates the mixture type that the data point was misclassified into. Specifically, all points in panel
A were incorrectly classified into the NO/NO,/NHz mixture type (rhombus marker shapes). The points in panel B were
incorrectly classified into three different mixture types, distinguished by square, round or rhombus marker shapes as
indicated in the legend. Dashed lines of unit slope correspond to correct predictions.
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Figure S3: Hyperparameters characterizing GPR model uncertainty. Panel A shows the values of oe, and panel B
shows the values of o¢ across the entire training set. In single-gas mixtures, cf = {5.26 x 1073,1.87 x 1072,2.78 x
1072,4.65 x 10~} for NO, C3Hg, NO, and NHj, respectively. All gases are color-coded as indicated in the panel B
legend. For each mixture type, parameters are plotted in the NO, C3Hg, NOp, NHj order; missing bars indicate that
the corresponding gas is not present in the mixture. For example, the single-gas NO mixture is shown using only the
leftmost NO bar, with the other three bars omitted. Labels below the x-axis indicate the mixture type.
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Figure S4: Histograms of total misclassification rates for all gas mixtures in the test set. Blue bars: all four sensors
(u =3.42%, 0 = 0.34%), orange bars: three sensors, with H545 removed (u = 3.70%, o = 0.49%). Each histogram is
constructed using 10 independent SVM training runs on a training/test mixture split used in Figure 6.



SUPPLEMENTARY TABLES

Mixture \ NO (ppm) \ CsHs (ppm) \ NO; (ppm) \ NH; (ppm)
No gases . - . -
NO {100,120,...,180,220},9 - - -
{30,50,70,90,120,150,...,360,
C3Hg - 420,450,490,540,560,630, - -
660,720,800,880,990,1100}3
{4,8,12,20,40,65,80,
NO2 - - 100,125,..., 400,440} -
NH, ) ) ) {5,10,20,25,40,50,65,
80,100,125,...,475,495} 5

NO/C3H8 {20,40,...,180,220}20 0(C3H8={1,1.5,...,4}0_5 - -

NO/NO; {20,40,...,180,220}5 - ano,={0.2,0.4,...,1,1.5,2}9 > -

NO/NH; {20,40,...,180,220}5 - - anH,= {0.25,0.5,...,2.25}0 25
NO/C3H8/N02 {20,40,,180,220}20 D‘C3H8:{111'5/"'15}0.5 aNOz:{0'2/0‘4/'"/1/1'5/2}042 -
NO/C3Hg/NHj; {20,40,...,180,220}5 ac,H=11,1.5,...,.5}05 - anH,= {0.25,0.75,1,...,2.25}0 25
NO/NO,/NHj; {20,40,...,180,220}5 - ano,={0.2,0.4,...,1,1.5,2}0 > anH,= {0.25,0.5,...,2.25}0 25

NO/C3Hg/NO,/NHj3 | {20,40,...,180,220}5 ano,={1,15,...,5}05 ano,={0.2,0.4} anH,= {0.25,0.5,...,2.25}0 25

Table S1: A table of constituent gas concentrations for all mixtures in our dataset. ag is the ratio of gas g with respect
to NO: ag = [g]/[NO]. Note that gas g in each mixture has concentration values that are products of every value of ng
with every value of [NO]. Subscripts to the right of each range indicate step sizes for values abbreviated as "...".
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