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Abstract: We demonstrate the successful implementation of an artificial neural network (ANN) to
eliminate detrimental spectral shifts imposed in the measurement of laser absorption spectrometers
(LAS). Since the principle of LAS relies on the analysis of spectral characteristics of biological and
chemical molecules, the accuracy and precision of the spectrometer is essentially prone to the pres-
ence of unwanted spectral shift in the measured molecular absorption spectrum over the reference
spectrum. In this paper, an ANN was applied to a scanning grating-based mid-infrared trace gas
sensing system, which suffers from temperature-induced spectral shifts. Using the HITRAN data-
base, we generated synthetic gas absorbance spectra with random spectral shifts for training and
validation. The ANN was trained with these synthetic spectra to identify the occurrence of spectral
shifts. Our experimental verification shows that such an ANN can be an excellent tool to accurately
retrieve the gas concentration from imprecise or distorted spectrum of gas absorption.

Keywords: spectral analysis; artificial neural network; quantitative gas analysis; trace gas sensing;
mid-infrared; absorption spectroscopy; supercontinuum source;

1. Introduction

Photonic sensing systems in the mid-infrared (MIR) wavelength range have recently
attracted substantial attention to the optical community due to its outstanding capability
to detect minute traces of molecules in complex gas mixtures. The reason lies in the fact
that the fingerprint of rotational and vibrational resonances of gas molecules originating
from biological and chemical activities along this spectral window is a few orders of mag-
nitude stronger than other spectral range. Therefore, MIR spectroscopy systems have
been extensively employed for various applications such as air quality monitoring, health
diagnostics and scientific research [1-6]. In this context, the generation of MIR light
sources emitting in the wavelength range of 2-10 um has been effectively demonstrated,
using various techniques such as quantum cascade lasers [7,8], optical parametric oscilla-
tors [9,10] and supercontinuum lasers [11-14]. Among them, the high-brightness super-
continuum light source, associated with a high-resolution diffractive grating spectrometer
shows a high performance of accurate detection on minute traces of multispecies gas mol-
ecules [5].

However, we observed that any presence of thermal fluctuation of the gaseous ana-
lyte can lead to detrimental thermally-induced mechanical stresses to optical components
in the system, causing beam steering. Therefore, unwanted spectral shifts may occur in
the measured absorption spectrum which, in turn, result in a non-negligible amount of
error for the gas concentration computation, traditionally performed by least-square fit-
ting process between the measured spectrum and the database reference spectrum [11].
Such a spectral calibration issue has been already addressed in a similar grating-based gas
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sensing system [14] and has been solved by cross-correlation calculation between the
measured absorbance spectrum and the reference spectrum to estimate the exact amount
of the spectral shift caused by mechanical disturbances in the system. Yet, this solution
requires a heavy mathematical computation that slows down the measurement speed and
the clear presence of known gas species to precisely compare with the reference, which
might limit the sensing performance for ambient air quality monitoring.

Over the last few years, ANNs have been applied to multiple scientific research do-
mains and engineering applications, due to their relevance for complex nonlinear prob-
lems. Recently, an ANN has been applied to a MIR gas spectrometer to accelerate the es-
timation of gas concentration in complex gas matrix conditions, showing promising re-
sults [15-17]. In this paper, we propose to use a multilayer perceptron (MLP) to provide
an accurate prediction of the gas concentration from gas absorption spectra with a random
spectral shift for the first time to the best of our knowledge.

2. Development of MIR gas spectrometer and spectral shift issue

Figure 1 depicts the simplified schematic diagram of the scanning grating-based MIR
trace gas sensing system that we have developed in our laboratory, using a supercontin-
uum (SC) light source that is spectrally broadened from 2 um to ~4.5 pum. The SC light is
sent to a 10 m-long multi-pass cell (MPC), where the light interacts with the gas analyte,
and the wavelength-specific absorption occurs. Then, the light emerging from the cell is
directed to a blazed grating with 450 lines/mm. The 1+t order diffracted light was focused
on a single pixel detector for the gas absorption analysis. The spectrum of the SC light was
readily resolved by rotating the grating that is mounted on a motorized rotational stage.
Under the following conditions: a free space beam path length of 36 cm between the grat-
ing and the detector and the grating dispersion of 27.9 um/°, a grating rotation increment
by 0.01 ° induced a rise in a geometrical beam steering of 60 pum. It corresponds to a spec-
tral shift of 0.51 cm™ in wavenumber. Based on these parameters, a 50 um slit was placed
in front of the detector to precisely record the spectral power density of the light source,
resulting in a spectral resolution of 1.15 cm for the sensing system. The grating was then
scanned from 327° to 330° by steps of 0.01 ° to obtain the partial absorption spectrum of
water vapor contained in the ambient air while the ambient air was pumped into the cell.
Notice that the free space path length from the light source to the detector is ~90 cm ex-
cluding the beam path through the cell; hence, proving that the light absorption inside the
cell would be dominant compared to the light absorption occurring in the open space
portions.

rotational

10m MPC

SC

FPGA

motor control

200kHz clock oA
; - —
PC: data processing demodulation detector

Figure 1: Simplified schematic diagram of the scanning grating-based MIR SC gas spectrometer

From the measured H2O absorbance spectra as shown in Figure 2(a), a spectral shift
of water absorption peaks over time is clearly observed. The amount of the spectral shift
was then compared to the change of temperature inside the MPC, showing a strong cor-
relation as shown in Figure 2(b). The temperature inside the MPC was simultaneously
measured by an electrical temperature sensor (BME280, BOSCH) embedded inside the
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MPC. For this reason, we believe that the spectral shift can be mainly attributed to the
variation of temperature inside the MPC. We suspect that thermally-induced movements
of the optical components in the system lead to such detrimental beam steering, causing
the spectral shift in the measurement. However, we did not investigate further to deter-
mine the cause of the beam discrepancies.

According to our measurements, the spectral shift of the absorption spectrum seems
to have complex response to the temperature change, since the slope efficiency defined as
the ratio of spectral shift to temperature change varies, as shown in Figure 2(d). However,
the coefficient was estimated to be in the order of 0.01 °/K, implying that the measured
gas absorption profile will be spectrally shifted with a coefficient of 0.51 cm'/K. Figure
2(c) illustrates the water absorbance spectra of the first and last measurements, explicitly
showing a spectral shift by 0.03° while the temperature was changed by 2.6°C between
these two measurements. On the other hand, the measured absorbance spectrum was
compared to the HITRAN reference absorbance to calculate the amount of the spectral
shift, resulting in a spectral shift of ~1.55cm, showing a good agreement with our estima-
tion of spectral shift of 0.51cm by grating rotation of 0.01°. Furthermore, when we per-
formed the typical least-square fitting algorithm to retrieve the gas concentration, we ob-
tained 11125 ppm (or 1.113%) and -1435 ppm (or -0.144%) for the first and the last meas-
urements, respectively. Therefore, the sensing system turns to be severely impaired since
the thermally-induced spectral shift invalidates the predefined background transmission
profile and the reference gas absorption profile used for the fitting algorithm. Moreover,
due to the complex response of spectral shift to the temperature change, a fixed slope
coefficient cannot precisely compensate for the adverse thermal effect for practical appli-
cations. More details will be discussed later.

Measured absorption peak and temperature inside MPC
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Figure 2: (a) Continuous measurement of H2O absorption profile while the gas cell temperature
changes. (b) slope coefficient calculated by the ratio of the amount of spectral shift to temperature
change. (c) H20 absorbance spectra for the first and last measurements, showing a clear spectral
shift due to the temperature change inside the MPC. (d) Measured slope coefficient defined as the
ratio of the spectral shift to temperature change.
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To effectively overcome this problem, a MLP was applied to accurately estimate the 117
gas concentration in the presence of such inevitable spectral shift. Moreover, to validate 118
the proof-of-concept we decided to focus on the measurement of water vapor concentra- 119
tion since a capacitive relative humidity (RH) sensor embedded inside the multipass cell = 120
could be used as reference. Due to the limited number of available measured absorbance 121
spectra, our neural network was trained with synthetic absorbance spectra. First, we ex- 122
tracted the molecular absorption coefficients for water vapor (H20) and methane (CHs) 123
with a Lorentzian profile from the HITRAN database. As the goal was to accurately esti- 124
mate H20 concentration, CH4 was used as a perturbation since the atmospheric methane 125
absorption is certainly present in the set scanning spectral range. The next step to generate 126
an absorbance spectrum was to sample a CHs concentration between 0 and 100 ppm and 127
a H>O concentration between 0 and 10 % from a scaled beta distribution with parameters 128
a=0.5and b =1. In fact, the water vapor concentration of 10% corresponds to the 100% 129
relative humidity under environmental conditions of 46°C and atmospheric pressure, 130
which considers harsh environments such as gaseous pollutants monitoring generated 131
from the incineration plant. The distribution parameters were selected to favor lower gas 132
concentrations where estimation errors should be lower. In turn, these sampled concen- 133
trations were utilized to generate a transmittance spectrum with a 10 m optical path length 134
and a convolution with a Gaussian kernel and a spectral resolution of 1.15 cm™. Finally, 135
an absorbance spectrum was computed by taking the logarithm of the transmittance spec- 136
trum. Each synthetic absorbance spectrum spans the band ranging from 3010 cm? to 137
3290 cm in 0.05 cm! steps and includes 5601 samples. 138

To mimic the practical signal noise and nonlinear spectral behavior, we applied three 139
perturbations to the generated synthetic spectrum. Firstly, using our measurements, the 140
level of root-mean-squared noise within a finite spectral window, at which the water va- 141
por absorption is negligible, was analyzed. More specifically, the window in the vicinity = 142
of grating rotation angle of 327.5°, corresponding to 3159.4cm! in wavenumber as shown 143
in Figure 2(c) was selected for our analysis. As a result, an additive white Gaussian noise =~ 144
with a standard deviation of 0.025 in absorbance unit was imposed onto the synthetic ab- 145
sorbance spectrum. Secondly, a random baseline generated as Legendre polynomials of 146
degree 4 with coefficients sampled uniformly was also added since SC light sources typi- 147
cally suffer from intrinsic peak-to-peak random fluctuations in their intensity and spectral = 148
power density. Such an adverse noise is mainly attributed to the mechanism of the inco- 149
herent nonlinear spectral broadening process during the supercontinuum generation [18] 150
and it varies the baseline of the measured absorbance spectrum as shown in Figure 2(c), 151
which leads to a non-negligible amount of error in the computed gas concentration. After 152
analyzing the temporal variation of the baseline over the whole measurements the range 153
of each coefficient of the 4t order polynomial function was thoroughly determined to gen- 154
erate a random baseline. Thirdly, we added a random spectral shift that is sampled uni- 155
formly between -10 cm™? and 10 cm, covering the temperature change of #19.6°C. The 156
last step of synthetic data generation was to scale the absorbance spectra between0and 1 157
to facilitate the training. The scaling factor was determined from the maximum possible 158
concentrations of CH4 and H20 without any perturbation. 159

Figure 3 illustrates the considered MLP architecture. A MLP is a fully-connected 160
feed-forward ANN, where each neuron is connected to all neurons in neighboring layers. 161
In our work, the MLP is composed of three layers, namely: two hidden layers with 256 162
neurons and ReLU (Rectified Linear Unit) activation and one output layer with a single 163
unit and linear activation. Our network takes an absorbance spectrum as input and esti- 164

mates the H20 concentration as follows: 165
x; = ReLU{W;x, + by} 166
x, = ReLU{W,x; + b,} 167
x3 = Wix, + bs 168

where x, € R>®! is the input spectrum, x; € R**¢, x, € R*®®, and x; € R are the 169
outputs of each layer, W, € R?56%5601 1y, € R256%256 and W, € R*?¢ are the layer 170
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weights, and b; € R?¢, b, € R**®, and b; € R are the layer biases. The MLP parameters 171
were trained through back-propagation by minimizing the mean squared error (MSE) 172
with the Adam optimizer; hence, optimizing the weights and bias for each neuron. Finally, 173
the output layer provided the result of the hidden layers as the gas concentration. The 174
training was performed with a learning rate of 0.001 for 500 epochs of 1000 batches, where 175
each batch was composed of 100 synthetic absorbance spectra. It means that the MLP was 176
presented with 50 million different spectra over the whole training procedure. At each 177
epoch, the MLP was evaluated with a validation set of the same size as the training set. In 178
turn, MLP parameters corresponding to the epoch with the lowest MSE on the validation 179

set were selected for the evaluation on the real absorbance spectra. 180
input hidden hidden output
layer layer-1 layer-2 layer

training/validation | - 1
spectrum datasets | '

O

experimental e
spectrum dataset g

- ® 6
- ®

LOLONO)

181

Figure 3: MLP architecture, consisting of input and output layers and 2 hidden layers with 256 units 182
and ReLU activation. 183

To evaluate the reliability of the fully trained MLP algorithm, a test dataset consisting 184
of experimentally measured absorbance spectra was applied to the network. To prepare 185
the test dataset, we used two individual gas bottles filled with a calibration mixture of the 186
gases of interest: one bottle of 100 % nitrogen and the other of mixed gas of 99.995 % ni- 187
trogen and 0.005 % (equivalent to 50 ppm) methane. The two bottles were combined be- 188
fore being fed into the gas cell. The gas flowrate of each bottle was controlled inde- 189
pendently to vary the water vapor concentration between 0 % and an atmospheric level 190
of ~1% with different levels of CH4 perturbation. The sensing system was operated over 191
38 hours with a measurement time of 3 minutes to continuously acquire the gas absorp- 192
tion spectra under different environmental conditions. The measurement started while 193
the two bottles were closed, and the MPC was under normal atmospheric condition. Then, = 194
during the time window between time 14 hours and 28 hours the methane concentration 195
was set to 5 different levels: 0, 0.5, 1, 1.9 and 50 ppm and each concentration remained 196
constantly over 1-2 hours. 197
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Figure 4: (a) Reference H20 concentration profile in black and retrieved profiles resulting from the ~ 199
manual temperature compensation for different coefficients. (b) Measured temperature inside the 200
MPC. 201

The water vapor concentration measured by the relative humidity shows the atmos- 202
pheric concentration of 1.05 %, as shown in Figure 4(a), which corresponds to 27.75% RH. 203
However, when the MPC was fed by the sample gas the water concentration was abruptly = 204
decreased to 0 % due to the nitrogen purging effect in the gas cell. Next, the gas flow was 205
stopped after 28 hours and the atmospheric water vapor started to enter the gas cell, in- 206
creasing to about 1 % at a measurement time of 38 hours. It is important to mention that 207
during this test period the temperature inside the gas cell varied from 25.50 °C t0 26.80 °C, 208
as shown in Figure 4(b) while the frequency calibration of the grating angle was per- 209
formed at 25.75 °C. Thereby, we expect that our sensing system would be impaired by the 210
grating angle deviation of ~0.015°, equivalent to the spectral shift of ~0.76cm™ in wave- 211
number. It's noticeable that the water concentration profile shows a perfect matching with 212
the temperature variation profile of the gas cell. Overall, as expected, due to the adverse 213
spectral shift the water concentration retrieved by the typical least-mean-square fitting 214
algorithm shows a ~33% error for the atmospheric air sample in the beginning of the test. 215
To evaluate the performance of the manual temperature compensation, the original ab- 216
sorption spectrum was spectrally corrected using 5 different slope coefficients at 0.007- 217
0.011°/K, as shown in Figure 5(a). We found that the slope coefficient of 0.009 °/K results 218
in the best agreement to the reference water concentration profile while the other coeffi- 219
cients indicate either underestimation or overestimation. 220
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Figure 5: H2O concentration estimated by the ANN (a) when the MLP training relied on the noise =~ 222
and baseline and (b) when the MLP training relied on the noise, baseline and spectral shift. 223

Then, all gas absorption spectra, including original and spectrally shifted by the man- 224
ual temperature compensation, were applied to the trained network. In a previous work 225
[17], the ANN was trained mainly on two features of the system noise and the baseline of 226
the light transmission spectral profile for the rapid gas concentration analysis. Therefore, 227
for comparison reasons our first network was also trained on these two features with the 228
random parameter range as previously explained. But, as shown in Figure 5(a) the trained =~ 229
network demonstrated nearly the same results as the typical fitting result, meaning that 230
the capacity of this network was insufficient to overcome the complex spectral shift prob- 231
lem. Accordingly, our MLP network was trained again, including the feature of the tem- 232
perature-induced spectral shift and the water vapor concentration was predicted by the 233
network, as shown in Figure 5(b). All temperature-compensated spectra with a different 234
slope coefficient converged to predict an identical pattern of concentration variation in 235
time, following the reference profile unlike the case of the previous network. It proves the 236
large potential of completely overcoming such unpredictable spectral shifts. However, it 237
must be mentioned that this MLP architecture tends to overestimate the water concentra- 238
tion by ~11% with respect to the RH sensor, while preserving the sensing sensitivity, 239
which was determined by the standard deviation of the concentration fluctuation over the 240
first 12 hours measurement. Such error in quantitative analysis might result from any pos- 241
sible bias in the relative humidity measurement. Nevertheless, the performance of the 242
ANN:s for this task could be improved by investigating more complex architectures in- 243
cluding convolutional and pooling layers. 244

4. Conclusions 245

In conclusion, we have identified a temperature-induced spectral shift issue in our 246
scanning grating-based MIR gas sensing system and have proposed a promising solution 247
to deal with such a detrimental thermal effect. According to our successful experimental 248
demonstration, an ANN is a promising approach to unambiguously overcome any pres- 249
ence of complex spectral distortion imposed on any spectroscopic data. The degradation 250
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of the sensing performance by such a spectral shift can occur to any spectroscopic sensing
systems which require an accurate calibration of frequency in the measurement. So, we
can emphasize that the proposed solution has a large potential to make trace gas sensing
systems based on gas absorption spectrum more robust and immune to any variation of
environmental conditions. In addition, we believe that machine learning will also be pow-
erful on any types of spectral distortions once they are properly characterized.
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