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Abstract

This paper proposes an innovative approach to understand the conditioning process of a
microwave gas sensor operating at room temperature based on the combination of its response
and the interpretation of the mass spectrometer data. A large variation of the dielectric
parameters and thus of the microwave response is due to water departure from the sensor
surface. Consequently, the first step of the conditioning process is a carrier gas sweep of the
sensor surface. The second step consists in pre-saturating the microwave gas sensor surface
with a high concentration of the polluting gas which will be detected (here ammonia). This
process results in a very good quality microwave response on the qualitative and quantitative
aspects for the detection of ammonia in the air and is helping the work carried out in this
article in artificial intelligence on microwave responses. A regressor machine learning model
is applied on time samples of this sensor response to predict the ammonia concentration.
Several machine learning algorithms are tested and compared. Principal Component Analysis
is also tested to reduce the input data dimension, but results are not conclusive. The
concentration profile is revised to reduce the bias induce by the presence of too much
measurement data when no pollutant is present in the air. And the Mutlti-Layer Perceptron
regressor give the best results with a mean absolute error of 32.13 ppm (8%) over a range of 0
to 400 ppm and R-squared score of 0.87.

Keywords: microwave gas sensor, mass spectrometry, ammonia, deep learning, conditioning
process

1 Introduction

Ammonia is a gaseous pollutant whose atmospheric concentration varies greatly with human
activity such as industrial or agricultural processes (explosives, fertilizers, polymers, fuel
cells, etc.) [1]. Ammonia can have short- and long-term health effects on both humans and
animals, hence the need to detect it effectively in real time in the atmosphere [2,3]. It is also
responsible for formatting fine particles and for the eutrophication of water [4—7]. Although
microwave transduction is less mature (~ 20 years) than conventional transductions, several
applications have been demonstrated such as humidity detection, detection of polluting gases
or an analyte in a liquid phase [8-10]. This consists of a microwave resonator, coated with a
sensitive material (either insulators or conductors) whose electromagnetic properties vary in
the presence of gas [11-13]. However, it allows real-time detection of gases at room
temperature over a wide concentration range and is convenient for the world of the Internet of
Things since it requires the electronics already present in the radio frequency signal
transmission technology [14—17]. Previous works highlight that the microwave gas sensor has
a similar behavior whatever the carrier gas, towards the detection of ammonia in a frequency
range from 1 to 8 GHz [18]. Recently J. Rossignol et al. have shown through a comparative
study the influence of the manufacturing process and deposition of the sensitive material on a
microwave sensor for ammonia detection, as well as the influence of the dielectric properties
of the sensitive layer [19]. The performance of the microwave gas sensor presented in this
work is to be put in perspective with other microwave ammonia sensors found in the
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literature. Reil} et al. and Bogner et al. present a sensor capable of measuring ammonia
concentrations of 500 and 1000 ppm. Jun et al. demonstrate the detection efficiency of their
gas sensor in the range of 0.1 to 1 ppm. Thus, the sensor that is proposed in this paper falls
between the two ranges already described in the literature with a possibility of continuous
detection in the range 10 - 400 ppm of ammonia which highlights its versatility [20-22].

The innovative aspect of this presented work comes from the real-time monitoring of gases
present in the cell thanks to microwave gas sensor in combination with the mass spectrometer
(MS). The use of this chemical analysis tool helps to prove the link between the variations of
the chemical composition of the gas phase and the variations of the observed microwave
signal. Indeed, connected directly to the cell outlet, the MS provides real-time qualitative and
quantitative analysis of the composition of the gas phase present inside the cell by separating
species according to their mass (m/z).

There are few papers on the observation and interpretation of "memory effects” of gas
sensors. However, Vasiliev et al. observed a cumulative behavior of the ammonia gas sensor
after successive exposures [23]. This effect leads to the creation of an interface electric field
resulting from the adsorption of polar target species. The cancellation of the accumulation,
direct manifestation of the memory effect, is done by applying a reverse polarization on the
junction causing a desorption of the species. Bendahan et al. showed the need for prior
exposure of the gas sensor to the target (ammonia) to ensure a reversible and quantitative
response in a second step [24]. In their work, this exposure is justified by the extreme affinity
between the target (ammonia), and the substrate (CuBr) leading to a mixed species
[Cu(NHsa)2]". Based on the experimental analyses in this work, a proposal for a reasoned
conditioning protocol is described in this article. This protocol is a continuation of the work
mentioned above in order to obtain the same consequences (a qualitative and quantitative
measurement) but for different causes (adsorption mechanisms and microwave transduction).

Other detection work has already been carried out using a MS, notably for the analysis of
inhaled gas or body odor for the detection of diseases or the quality of foodstuffs such as the
rancidity of potatoes or blueberries [25-29]. Unlike other conventional transductions, MS
monitoring of the experiments has not yet been implemented to assess the characteristics of
microwave transduction and its ability to be selective. Another advantage of using a MS is the
accurate tracking of water, which is a major interferent in atmospheric detection.

One aim of this paper is being able to determine for each time sample of a manipulation a
range of pollutant concentration, here ammonia. To achieve it regression models of machine
learning (ML) are implemented. In the literature, research has been done to obtain quantitative
results with arrays of gas sensors and the help of machine learning models for different types
of applications [30-36]. But it has never been done using a single microwave gas sensor. The
ML models presented here are applied on time samples. Models classically used like Principal
Component Analysis (PCA) combined or not with either Support Vector Regression (SVR),
k-Nearest Neighbors (k-NN), Random Forest (RdmF), Linear Regressor (LR) or Multi-Layer
Perceptron (MLP) and some others like Convolutional Neural Networks (CNN) are tested and
compared in this article.

2 Material and methods
2.1 Experimental set-up and microwave gas sensor

The generation of dry gases (air, air + ammonia) is done by conventional calibrated Air
Liquide gas cylinders (water concentration < 3 ppm). The gas flows are managed by
Bronkhorst EL-Flow select F-201CV mass flow controllers (MFC). The change from one gas
to another is done by means of a pneumatic valve. The cell used is an all-glass cell to reduce
all coadsorption phenomena to a minimum. Microwave response is collected by a Rohde
Schwarz R&S ZVB Vector Network Analyzer (VNA) scanning over a range from 10 MHz to



8 GHz (5001 sweep number). The time required for the VNA to acquire all the spectrum
microwave data over the working frequency range, also known as sweep time, is 10 seconds
for the whole process. LabView's acquisition of the experimental data occurs once every 20
seconds. A Rotronic HC2-S humidity and temperature sensor is installed at the end of the set
up to track these parameters during the experiments. The gas sensor operates at room
temperature (22 °C + 1). The whole set up is controlled by LabView® on a dedicated
computer. When no experiment is in progress, the cell and the sensor are in direct contact
with the outside atmosphere. The schematic of the experimental set up is specified in the
appendix section (Fig. A.1).

The design of the used microwave gas sensor is based on a spiral microstrip with 6 resonant
frequencies uniformly distributed in the 2 to 8 GHz range. These frequencies are not
harmonics but resonance frequencies that are directly related to the number of coils in the
sensor structure) [37]. The complete structure of the sensor and its dimensions can be found in
the appendix section (Fig. A.2). The substrate is Duroid® 6202 with a relative permittivity er
= 2.94. The superstrate is a patch of sensitive material AEROXIDE® TiO: P 25 from Evonik
prepared in water and deposited by doctor blade on the spiral area.

The choice of a very low relative permittivity substrate and the use of a titanium dioxide layer
with a high relative permittivity aims at maximizing the radiation of the spiral. The
description of these resonant frequencies over the range 1 to 8 GHz is proposed in a previous
paper as well as the influence of the sensitive material deposition on the resonant frequencies.
It has been shown that the TiO> patch shifts the resonance frequencies downwards (i.e 230
MHz shift at 3 GHz) [37]. The relative permittivity of the TiO2 P25 from Evonik layer was
evaluated at er = 6.4 £ 0.1[19].

2.2 Mass spectrometer monitoring and water detection

Ammonia (m/z = 17) and water (m/z = 18) form fragments with very close masses. HIDEN
HPR20 mass spectrometer allows the user to assign to each analyzed mass its own ionization
energy in the range 0 to 150 eV by increment of 0.1 eV. The ionization of water is minimal
below an energy of 15 eV. Indeed, the ionization of H>O into H,O" occurs from 15 eV and
beyond 20 eV H.0 ionizes into OH*. However, the ionization energy of NHs into NHs* is 11
eV which implies that there is a threshold from which we can observe an effective ionization
of ammonia without it impacting water [38,39]. So, an ionization energy of 15 eV for
ammonia is chosen to effectively separate ammonia from water. In the following, pressure
variations are tracked by the MS during the experiment. VNA and the MS measurements are
synchronized.

2.3 Data preparation

The MS placed at the end of the experimental bench is a reliable reference for the monitoring
of ammonia in the air and provides, once calibrated, the ammonia concentration in the
presence of the sensor. Thus, its response is used as ground truth to label the input data for the
supervised machine learning models used. Depending on the experimentation, different
sensors have been used [19]. Since the thickness of the deposited layer of sensitive material
on the sensor can vary as well as the calibration of the VNA and the history of the sensor
(initial humidity, number of cycles to which it has already been exposed, etc.) an offset is
present on the Si1 data. The processing of microwave data can be done in two ways: a study
of the time variations of the magnitude and phase at a fixed frequency or a study of the time
variations of the resonance frequency. In this article, results from both approaches will be
used. [16,19]. To reduce the offset, the magnitude and phase response are normalized against
the value obtained just before the first injection of pollutant. This chosen value corresponds to
a time where there is no pollutant, and the water concentration is stable and reached its
minimum.



2.4 Feature selection

Since the microwave response (S11) provide a large data vector for each time sample (5001 x
2), a reduction of the vector dimension is performed. For this, only the most relevant data are
kept, this is the feature selection. Two feature selection methods are implemented and
compared in this paper: a manual selection of features around the resonant frequencies and a
feature selection using Pearson’s correlation coefficients.

2.4.1 Manual selection

As the designed microwave gas sensors has 5 to 6 observable resonant frequencies
depending on the set frequency comb on the VNA and as the sensor is more sensitive
around these frequencies a focus is made on them (Fig. 1). For each type of response
(magnitude and phase) a selection of the 100 features present around each resonant
frequency is done. This reduces the input data to a vector of 500 or 600 features (depending
on the resonant frequencies available) per type of response.

2.4.2 Pearson’s correlation

Pearson’s correlation coefficient gives the correlation between two data [40]. A calculation of
the coefficient of each feature against the ammonia concentration is done. To make the two
feature selections comparable, the same number of features are selected in both of them.

The models presented below take a simple input vector, the obtained frequency windows are
concatenated as well as the corresponding magnitude and phase vectors. This gives an input
of dimension (1000 x 1) or (1200 x 1) depending on the frequency range.
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Fig. 1. Example of S11 magnitude vs frequency for one sensor and its segmentation to get 100
samples windows around resonant frequencies.

2.4.3 Principal Component Analysis

In addition to any of the feature selections and in order to further reduce the data size a PCA
is implemented. In order to better understand the impact of the PCA on the results the results
with and without PCA are presented in this paper. PCA has been implemented for all models
except the CNN which has its own feature extraction.

PCA finds linear combinations called principal components and projects data on a lower-
dimensional space by choosing axes keeping the maximum of the data initial variance [41].
To determine the number of needed components a threshold is set, 99% in this paper, and
PCA stops when the first n components account for a percentage of total variation greater than
this threshold.

2.5 Machine learning (ML) models

To predict the ammonia concentration from the microwave sensor response different
regressors models are implemented and compared.



Different ML models are used in the literature for the classification or prediction of gas
concentration in the air from a combination of sensors [30—36]. Using a single microwave gas
sensor can be similar to using multiple sensors at the same time because this type of sensor
returns a dual response for each frequency of its comb. This is why the use of this type of ML
models and their comparison is made in this article.

2.5.1 Classical machine learning models

The most classically used machine learning algorithms for gas sensors are SVM [42], k-NN
[43] and RdmF [44]. Here, as it is a regression that is to be implemented, it seems important
to compare the results of the three models mentioned with another very classical regression
model which is linear regression.

LR is a linear model, it determines, using the least squares method, the linear equation that
gives the minimum error for the given dataset [45]. Support Vector Machine (SVM) is one of
the most influential approaches to supervised learning. SVM is mostly used for classification
but a version for regression called SVR will be used here [46,47]. SVM divides the feature
space by finding the support vectors with the highest distance between the nearest points of
each class. SVR uses the same principle as SVM but applied to regression problems. The k-
NN finds the input k nearest neighbors within the stored trained dataset as per the calculated
Euclidean distance and averages their labeled values. The number of neighbors giving the best
score is used. RdmF is an ensemble method. It combines the predictions of multiple decision
trees into a single model to reduce the possibility of overfitting. RdmF are known to be a
traditional model that can compete with Artificial Neural Networks (ANN) especially because
it is less computationally expensive and can work with less data.

2.5.2 Multi-Layer Perceptron

To compare these models with ANN a MLP regressor with fully connected neurons is
implemented. It is small but robust, has a hidden layer of 100 neurons, uses the Rectified
Linear Unit (ReLU) activation function for its hidden layer and the identity one for the
output. Adam optimizer is used [48].

2.5.3 Convolutional neural network

The CNN uses a mean squared error loss function and an Adam optimizer. A CNN is
composed of two complementary parts: feature extraction and pattern recognition. The CNN
feature extraction part consists here of a one-dimension (1-D) convolution layer of 128
neurons with ReLU activation function followed by a dropout layer to prevent overfitting.
This convolution layer will take the input vector and apply a convolution filter of kernel size
3. As the magnitude or the phase are associated with a frequency, the filter will convolve
neighboring frequency responses and extract features. A flattening layer is used to link the
two parts, it converts the data into a 1-dimensional array so that a Fully Connected (FC) layer
can take it as an input. As for pattern recognition it is done with a FC layer of 64 neurons tailed
by the output layer. The FC layer uses a ReL U activation function and the output layer a linear
one.

2.6 Used metrics to compare the regressions models

Classily the metrics used to analyze the regressors performances are the mean square error
(MSE) and its rooted variant (RMSE), or the mean absolute error (MAE) [49]. Their
interpretation depends on the type of prediction values because they can be between zero and
infinity. As for the coefficient of determination (R-squared or R?), it is a statistical measure of
how well the regression predictions approximate the real data points. It is not lower bound but
an R? of 1 indicates that the regression predictions perfectly fit the data and a negative value
means the regressor performed poorly [50]. Chicco et al determined that R? is more
informative than MAE, MSE and RMSE in regression analysis evaluation and recommend
standardizing its usage [50]. That is why to interpret the results of the regressors presented in



this article a focus is made on the R2 score. However, to differentiate models with close R2
scores MAE is used.

3 Results and Discussion

3.1 Influence of water on the microwave response

Water is a major interferent in the detection of pollutants in air. The behaviors of the sensor
are analogous on the analyzed frequency range, but the variations are more or less important
according to the chosen resonance frequency. Here, 4.93 GHz is chosen because this
resonance presents a significant variation in magnitude. The magnitude variations of the
microwave signal at 4.93 GHz as a function of time is represented in orange in Fig. 2. The
partial pressure of the mass fragment m/z = 18 as a function of time is in blue.

The water presence in the beginning of each experiment is firstly explained by the fact that
the sensor is deliberately in contact with atmospheric air. Moreover, if it is the first use of the
sensor, its surface is saturated with water since the deposition of sensitive material is done
using water as a solvent. At the beginning of the experiment, the cell is exposed to dry air at
0.5 L/min for over an hour. It can be observed in Fig. 2 that the partial pressure related to
mass fragment m/z = 18 decreases dramatically over the first few minutes because of the
replacement of the humid atmospheric air by the dry air of the gas cylinder. The water
departure has a huge influence on the microwave signal since a strong decrease of the signal
magnitude following the water departure is observed. The two variations are almost
superimposed. The criterion chosen to determine the efficiency of the cleaning of the sensor
surface is experimental and is provided by the MS. Indeed, when the variations of the mass
fragment m/z = 18 stabilize, i.e., when the water outflow stabilizes, then the magnitude of the
microwave signal also stabilizes.

Therefore, it is important to control the water departure to have a good quality microwave
response both qualitatively and quantitatively. This process is the first step of the conditioning
process of the gas sensor.
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Fig. 2: Partial pressure of mass fragment m/z = 18 (blue) and magnitude (orange) at resonant
frequency (4.93 GHz) vs time.

3.2 Qualitative and quantitative aspects of microwave gas sensor response

The first part of this work shows the primordial role of the carrier gas sweep that must be
performed before each experiment. Carrier gas sweeping allows the departure of water but,
more generally, constitutes a cleaning phase of the surface of the gas sensor. Fig. 3 shows as
an example the maximal magnitude variation of the microwave sensor at 5.97 GHz, in orange,
as a function of time as well as the time tracking of the partial pressure of mass fragment m/z



=17, in blue, attributed to an ionized fragment of ammonia. This figure shows that the
magnitude variations of the microwave sensor is directly correlated to the variations of the
mass fragment m/z = 17, thus to the presence or absence of ammonia. The consistency of the
microwave response with respect to the pollutant is shown here. The curve indicates that the
microwave signal and the mass tracking are superimposed, which demonstrates that the sensor
sends back real time information from the atmosphere, qualitatively the sensor acts as a mirror
of the atmosphere.

However, this is not enough to get a good microwave signal quality. Indeed, empirically, it
has been noticed that the first pulse of pollutant gas concentration following the departure of
water were almost systematically overestimated compared to what was expected. However, it
is observed that the microwave response to the first NHs pulses (between t = 2700s and t =
6000s) is almost identical in amplitude whatever the concentration. The concentration being
directly linked to the partial pressure of the fragment m/z = 17 measured by the MS. This
reflects a non-quantitative response of the sensor to the pollutant gas solicitation. So, it was
decided to integrate an ammonia pulse, called "conditioning pulse™, into the conditioning
process to favorize the saturation of the sensitive surface. The aim is to put the gas sensor in
contact with a high concentration of ammonia (typically 400 ppm) for at least 30 minutes just
after the water departure. Indeed, when a target to be detected (here ammonia) is put in
contact with a surface considered as cleaned, i.e. never having been in contact with this target,
two phenomena come into play. A part of the target is strongly adsorbed at a very short
distance from the surface by creating a chemical bond (chemisorption) and giving rise to a
phenomenon of hysteresis which requires a significant energy input if this phenomenon is to
be reversed. In the case of the presented sensor, since it is covered with a layer of
nanostructured sensitive material, this effect is even more reinforced. The other part of the
target is in much weaker interaction with the surface and can thus desorb much more easily
without significant energy input (physisorption).
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Fig. 3: Magnitude at a resonant frequency (5.97 GHz, orange) and partial pressure of mass
fragment m/z = 17 (blue) vs time, obtained by MS, without conditioning pulse.

Therefore, the main hypothesis to explain the necessity of this second step in the conditioning
process would be that this "conditioning pulse” would result in a pre-saturation of the surface
adsorption sites. This "conditioning pulse™ satisfies the conditions of chemisorption and what
we observe afterwards is physisorption which would also explain the speed with which the
gas sensor detects the pollutant [51].

Then, the proposed conditioning cycle is composed of a sweep with carrier gas for at least 1
hour followed by a conditioning pulse at high concentration of the pollutant gas to be



detected, typically 30 min at 400 ppm for ammonia followed by another sweep of carrier gas
for several tens of minutes. The results presented below (in magnitude and frequency) were
preceded by the conditioning cycle described.

Fig. 4 shows the magnitude variations of the microwave signal at 4.93 GHz, in orange, and
the partial pressure of mass fragment m/z = 17 as function of time, in blue are. This figure
illustrates the qualitative and quantitative behavior of the microwave gas sensor obtained after
the conditioning process. Indeed, the magnitude variations are greater when the sensor is
subjected to a higher concentration of ammonia. This result is coherent with the partial
pressures of the fragment m/z = 17 measured by the mass spectrometer, and which are related
to the concentration. It should be noted that this conditioning does not exclude the presence of
a drift on the baseline, but the use of ML models makes it possible to ignore it. The
monitoring of pressure during the experiment in the cell eliminates any assumption of over
pressure (overshoot) at the time of concentration changes. The temperature monitoring
highlights a one-degree Celsius variation for all experiments. Where usually the hypotheses to
explain the drifts turn to physical parameters such as a thermal drift during the experiments,
the contribution of the MS here allows the formulation of a purely chemical hypothesis for the
explanation of this drift.
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Fig. 4: Partial pressure of mass fragment m/z = 17 (blue) and magnitude (orange) at resonant
frequency (4.93 GHz) vs time. Estimated drift slope: 0.012 dB/h.

The qualitative and quantitative aspect of the microwave sensor response was also
demonstrated for lower concentrations with ammonia pulses ranging from 10 to 50 ppm and
the results are presented in the appendix section (Fig. A.4). Regarding detection at lower
concentrations, work is underway to lower the detection threshold and optimize the signal-to-
noise ratio. Similarly, the work presented can also be done on the resonant frequency shift.
Fig. 5 shows the frequency shift vs time. Depending on the frequency at which the analysis is
performed, frequency shifts of a few MHz to several tens of MHz are observable for the water
departure in the first minutes of the experiment. The most significant frequency shifts were
observed at 5.29 GHz. Analogous to the variation of the magnitude response, it is observed
that the departure of water causes a big shift of the resonance frequency. Indeed, this big
frequency shift is explained by the fact that the departure of water implies a decrease of the
dielectric permittivity thus an increase of the resonance frequency. This phenomenon is
observed between t =0 s and t = 6600 s. On the other hand, the introduction of ammonia for
the conditioning pulse from t = 6600 s to t = 8400 s causes a decrease in the resonance



frequency. Unlike the water desorption, here the adsorption of ammonia implies the increase
of the dielectric permittivity and thus the decrease of the resonance frequency. It is a typical
behavior of adsorption and desorption of a gas species on the surface of a microwave gas
sensor [19]. After the conditioning process, the variations of the resonance frequency are
directly linked to the concentration of ammonia. Where the water outflow causes a frequency
shift of about 15 MHz, the frequency shift due to ammonia injections varies, depending on the
concentration, from 1 to 3 MHz. This can be explained in part by the difference in the
quantities involved. In the first case, it is a matter of a few tens or even hundreds of ppm of
pollutant gas, whereas the water outflow corresponds to a stress of several million ppm.
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Fig. 5: Frequency shift during water desorption and ammonia injections at resonant frequency
(5.29 GHz) vs time.

3.3 Comparison of regression models results to determine ammonia concentration

The regressors have been tested by considering only the magnitude or the phase response of
the sensor in the dataset, however those results were found to be less relevant than taking into
account both types of response at the same time. Therefore, only the results considering both
types of sensor response are presented in this article.

In a first step, the used datasets consist of experimental data performed with a rectangular
concentration profile. Indeed, the data from three different experiments (each of them done
during a different day) are used as a training set and the data of another experiment (done
during another day) as validation set. The training and validation sets are temporally distinct.
Furthermore, a shuffle of the training set is done during runtime so that two consecutive time
samples are not learned one after the other. This gives a training dataset of 2757 time samples
and a validation dataset of 1367 time samples. The sensor used for these experiments have
five frequencies of resonance.

Table 1 shows the different metrics results for each tested regressor. It can be observed that
reducing the size of the data with PCA before applying a model on it does not improve the
prediction of this models except the LR, and this despite components keeping 99% of the data
variability. From the R2 score it can be observed that a leading group stands out containing the
CNN, MLP and RdmF, that the SVR and LR form the trailing group and that using Pearson’s
correlation as a feature selection diminish the quality of the results (with RdmF as an
exception). Even though the CNN with manual selection has a R? score a bit inferior to the



RdmF with Pearson’s correlation, the CNN gives better results with a MAE of 34.05 ppm vs
35.14 ppm for the RdmF.

Table 1: Evaluation of the models applied to experimental data performed with a rectangular
concentration profile.

Manual Pearson

MAE (ppm) | Rz | MAE (ppm) | R?

PCA + SVR 62.72 0.2 61.21 0.16
SVR 62.96 0.18 60.68 0.17
PCA + KNN 65.69 0.41 71.69 -0.04
KNN 62.85 0.42 69.11 -0.08
PCA + RdmF 84.2 0.04 58.68 0.42

RdmF 37.43 0.79

PCA + LR 82.49 0.29 67.94 0.4
LR 171.45 -2.01 110.33 -0.23
PCA + MLP 90.98 -0.03 76.9 -0.08
MLP 39.69 0.73 64.51 0.22
CNN 60.44 0.35

Fig. 6 (a) represents the predictions made by the two bests models for each time sample of an
experiment. This shows that the better predictions are made without presence of pollutant. It
can be assumed that that a bias is induce in the dataset because too much data is collected
when no ammonia is present in the test chamber. It is probably this same bias that leads to
poor results when using Pearson correlation for feature selection. Indeed, it can be seen in Fig.
6 (b), representing the prediction made by the model as function of the ground truth, that the
CNN (orange) has a linear curve closer than the RdmF (in gray) to the line y = x. Better
models would predict concentrations closer to the ground truth and therefore would have a
scatter plot more concentrated around the line y = x, here in blue and labelled “y true”.
These results led to a reflection on the concentration profile used during the manipulations.

450 y_true 450
= 400 CNN Manual 400
S 350 RdmF Pearson ’E\ 350
= 300 5300
2 250 = 250
< 2
£ 200 5 200
8 150 S 150
5 L CNN Manual
O 100 8 100 RdmF Pearson
50 50 y_true
0 0
-1000 4000 9000 14000 0 200 400
Time (s) Ground truth (ppm)
(@) (b)

Fig. 6: (a) Predictions of the two best models for an experiment. (b) Prediction comparison of
the two best models to the ground truth.

The type of profile describe so far is useful in laboratory to have a better understanding of the
sensor or to simulate e-nose applications [52,53]. However, it does not simulate air quality
monitoring in real conditions which are more random. Indeed, as show on Fig. 7 (a) this type
of profile induces much return to zero (non-presence of pollutants). In order to have less
biased results and a microwave response closer to real condition measurements a staircase
kind of concentration profile is used on a second experiment campaign. This type of



concentration profile is composed of two parts. The first one is a period of sensor
conditioning with 1 hour of dry air flow to eliminate water in the circuit followed by a 20
minutes of dry air flow with 400 ppm of ammonia and 20 minutes of air without pollutant.
The second part is a period with a rise in 50 ppm steps and a fall in 50 ppm steps. These limits
return to zero and gives a better balance in data representation (Fig. 7 (b)). To push the
reflection and the limit of the chosen models even further a concentration profile used to
generate validation data is designed (Fig. 7 (c)). Its objective is to have, after conditioning, a
cycle with random concentration pulses. The staircase concentration profile induces a certain
complexity in the data, if only because of the difference in the sensor response between the
adsorption and desorption period [18]. Furthermore, the history of the sensor comes into play
since there is no more period without pollutant between two concentration levels. However,
this complexity is welcome because it induces physico-chemical phenomena that are closer to
what will be found in real conditions of use of the sensor.
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Fig. 7: (a) rectangular concentration profile; (b) staircase concentration profile for Al training;
(c) concentration profile with random values without return to zero for Al validation.

The last six experiments of this new measurement campaign are dedicated to the development
and training of the neural network. These experiments last about six to seven hours each and
five of them are used for training the dataset for a total of 4597 time-samples and the last one
for validation dataset for a total of 1072 time-samples.

Unlike before, here the use of Pearson improves the overall performance of the models
compared to the manual selection of features. Indeed, Table 2 shows that SVR, RdmF and
MLP models greatly benefit from it. However, this type of feature selection is not compatible
with the CNN as a matter of fact its R2 score goes from 0.82 to 0.32. Even if classical models
give honorable performances the complexity of the problem makes the performances of the
CNN and the MLP stand out (R2>0.80). The MLP with Pearson gives the best metrics with a
mean absolute error of 32.13 ppm (8%) over a range of 0 to 400 ppm of ammonia and R-
squared score of 0.87.

Table 2: Evaluation metrics with datasets generated from simulated real conditions profiles

Manual Pearson

MAE (ppm) R2 MAE (ppm) R2

PCA + SVR 91.56 0.02 62.71 0.53
SVR 91.13 0.04 70.04 0.44
PCA + KNN 79.39 0.23 75.34 0.22
KNN 73.77 0.32 68.63 0.35
PCA + RdmF 81.54 0.17 71.73 0.36
RdmF 49.94 0.69 41.57 0.78
PCA + LR 79.81 0.32 64.96 0.55

LR 361.39 -10.63 417.54 -14.24

PCA + MLP 55.15 0.63 65.59 0.5




MLP 41.72 0.78 32.13 0.87

CNN 35.22 0.82 78.05 0.32

The evaluation of CNN with the manual feature selection give similar results with the two
datasets but when we look at the CNN scatter plot of Fig. 6 (b) and Fig. 8 (b), we can see that
the second dataset gives better predictions because they are less dispersed. This can imply that
the second method of data generation is better for the presented regression problem.

Fig. 8 (a) plots the prediction obtained from the CNN with manual selection and MLP with
Pearson selection for an experiment. The ground truth is in blue. They both overestimated the
first concentrations but are overall rather reliable. The microwave response of this experiment
is also overestimated on these first concentrations. This could be solved using a longer
conditioning pulse.
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Fig. 8: (a) Prediction of CNN 6 inputs models for a validation dataset. (b) Prediction
comparison of RF and CNN 6 inputs models.

4 Conclusion

The combination of the microwave response of the gas sensor presented with the
interpretation of the mass spectrometer analyses resulted in the proposal of a protocol for a
reasoned conditioning process to obtain qualitative and quantitative responses. The different
steps of the conditioning process have been elaborated following the understanding of the role
of water and of the surface phenomena involved during adsorption and desorption. The
perspectives of this work from a physical chemistry point of view are the improvement of the
microwave response at low concentration of ammonia (amplification process of the signal)
and the reduction to the maximum of the remaining drift which however does not prevent the
quantitative aspect of the response.

The combination of the microwave gas sensor with machine learning to determine the
measured ammonia concentration is very promising. Different regression machine learning
models and artificial neural networks are applied on time samples. The use of PCA for input
data dimension reduction was inconclusive. To improve regression results, new concentration
profiles are used to reduce biases induced by the presence of too much measurement obtained
when no pollutant is present. The machine learning models applied to data obtained with the
new concentration profiles give good results, and even more so with the use of Pearson’s
correlation for the feature selection. The MLP gives the best results with an average absolute
error of 32.13 ppm (8%) over the range 0-400 ppm ammonia and an R-squared score of 0.87.
Furthermore, with this model there is no need to consider the baseline of the sensor.



The perspectives of this work in machine learning are to be able to discriminate ammonia and
water and to consider the history of the sensor (temporal analysis) to improve current results.
In addition, the regression models used can be embedded in air pollution detection systems.
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Appendix

Fig. A.1. Test bench as described in Material and Method part of the article. (VNA = Vector
Network Analyzer, CG = Carrier Gas, MFC = Mass Flow Controller, RH = Relative
Humidity sensor, T = Temperature sensor, FC = Faraday Cage, MS = Mass Spectrometer)
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Fig. A.2. Resonator structure and its dimensions. Ws =2 mm, Wz, = 0.150 mm, L = 30 mm,
Lr, =6 mm, A=3mm, B =6 mm, C =5 mm, number of coils = 7, coils width = 0.150 mm,
coils spacing = 0.150 mm
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Fig. A.3. Example of feature extraction with Pearson’s correlation (orange) vs magnitude
(blue) as function of frequency.
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Fig. A.4. Magnitude at resonant frequency (at 6.70 GHz, in orange) and concentration profile
(in gray) vs time for low ammonia concentrations (10 to 40 ppm).





