Near-infrared Real-Time Trace NH3 Sensor
Based on WM-OA-ICOS and EEMD Assisted
Optical Denoising

GUOLIN L1,»" YINGJIE ZHAO," YAJING Liu," LONGJU LI,' SIYU ZHANG,"
ENTING DONG," FuLI ZHAO,' LUPENG JIA,"! RUIXIANG SUN," HAORAN
YuAN,! AND GUANGZHAO Cul,’ CHUANTAO ZHENG?

!College of Control Science & Engineering, China University of Petroleum (East China), Qingdao
266580, China

2 State Key Laboratory of Integrated Optoelectronics, College of Electronic Science and Engineering,
Jilin University, 2699 Qianjin Street, Changchun, 130012, PR China

*liguolin@upc.edu.cn

Abstract: In this paper, a near-infrared NH; sensor is developed using Wave-length Modulated
Off-Axis Integrated Cavity Output Spectroscopy (WM-OA-ICOS) technology. Design a cavity
with a length of 15 cm and an effective absorption diameter of 330.5 m. The Ensemble
Empirical Mode Decomposition (EEMD) algorithm is adopted as the spectra preprocessing
method to reduce the noise, and Allan deviation analysis is conducted by comparing the original
signal. It is found that the limit of detection (LoD) of the sensor could reach ~1.54 ppb with an
integration time of 43 s. The concentration calibration experiment shows that the sensor can
achieve double range. To enhance accuracy and sensitivity in NH3 concentration inversion, the
Cuckoo Search algorithm with the Elman neural network (CS-Elman) was designed. Through
experimental validation, the sensor achieves rapid detection of trace NH;. The outstanding
performance of the NH3 detection device in monitoring trace gases has been demonstrated by
field deployment trials.

1. Introduction

Ammonia(NH3) is an inorganic compound, a colorless gas with a strong irritating odor.
Agricultural emissions represent one of the primary sources of NH3 in the atmosphere [1-3].
Since the 1980s and 1990s, three catalysts have been added to gasoline, increasing NH3
emissions in urban environments. The United States Department of Labor Occupational Safety
and Health Administration (OSHA) regulations of indoor NH3 allowable concentration of 50
ppm. The Indoor Air Quality Standard stipulates that the maximum allowable concentration of
NHj3 in indoor air is 0.2 mg/m? (0.2635ppm); The maximum allowable concentration of harmful
substances in the air of the workshop in the Health Standard for Industrial Enterprise Design is
30 mg/m? (39.53ppm) of NH;. As can be seen from the above emission standard requirements,
the NH; concentration range detected in the indoor air should be 0~10 ppm, and the NH3
concentration range detected in the workshop air should be 0~100 ppm. Therefore, the
development of an efficient, real-time, and high-precision NH3 detection sensor is essential to
ensure public health [4]. However, the concentration of NH3 gas in the air is extremely low, so
it is necessary to develop an efficient, real-time, and high-precision NH3 sensor for atmospheric
detection.

With the rapid development of laser spectroscopy, many techniques are widely used for
trace gas detection, such as: Tunable Diode Laser Absorption Spectroscopy, Cavity Ring-down
Spectroscopy, and Cavity-enhanced Absorption Spectroscopy (CEAS). Among them, CEAS
technology has received widespread attention for its robustness, high detection accuracy and



fast analysis speeds. OA-ICOS technology originated from CEAS technology [5]. It effectively
reduces the interference and fluctuations caused by multiple reflections of light in the cavity
[6-9], and the cavity mode noise is effectively suppressed. Moreover in the case of off-axis
incidence, the energy of the original single fundamental mode is distributed among many
higher-order transverse modes, which results in very weak output power detected by the
detector Improving the device's signal-to-noise ratio (SNR) is challenging due to limitations in
laser power and detector sensitivity. Therefore, introducing wavelength modulation
spectroscopy [10-11] can effectively suppress low-frequency noise and further improve the
SNR of the sensor.

In 2002, an OA-ICOS instrument based on a DFB diode laser was reported for sensitive CO
measurement. In the integration time of 50 seconds, the minimum detectable absorptivity when
the effective optical path is 4.2 kmis 3.1 x 10" cm™ Hz""2 [12]. In 2004, Bakhirkin et al. used
Wave-length modulated off-axis integrating cavity output spectroscopy (WMS-OA-ICOS) and
OA-ICOS techniques respectively to detect the concentration of NO in respiratory gas, and the
experiment found that the sensitivity of the former was 5 times that of the latter 1971 [13]. In
2012, Malara et al. used OA-ICOS and WMS-OA-ICOS to measure the concentration of CHy
in the atmosphere, and found that WMS-OA-ICOS was mainly affected by the laser scanning
frequency, and the enhancement multiple was related to the reflectivity of the cavity mirror
used [14]. An increased absorption path is achieved by most reported OA-ICOS systems by
using a longer cavity length (> 30 cm). However, the increased cavity length, while facilitating
longer absorption paths, also poses challenges for system integration and beam coupling within
the cavity. At the same time, they did not discuss the inversion of weak signal concentration.

In this paper, a small 15 cm detachable cavity is designed. A DFB laser with an emission
wavelength of 1531.7nm was selected, specifically targeting the NH; absorption line located at
6528.27cm’!. Simultaneously, in order to effectively suppress low-frequency noise, combining
WMS and OA-ICOS techniques. The data processing system is based on the LabVIEW
platform. It is composed of orthogonal phase-locked amplifier module, signal acquisition
module, and scanning modulation signal generation module. This enables the sensor to perform
routine operations including DFB laser actuation and also to acquire NH3 harmonic signals
from absorption spectra using a laptop and data acquisition card (DAQ). Using EEMD
technique to pre-process the raw signals of ammonia spectra. In order to improve the sensitivity
and accuracy of NHs concentration inversion, a method combining the Cuckoo search
algorithm (CS) and Elman neural network is designed. It has higher test accuracy and anti-
interference compared with other detection sensors. The sensor can be used for atmospheric
environment measurement, which has important application value for the detection of NH3 in
atmospheric environment.
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Fig. 1. (a) Sources of NHj; (b) Sensor side view; (c) The main structure of the cavity; (d)
Optical path structure of NH; detection sensor based on OA-ICOS; (e) Photograph of the NH;
sensor; (f) Diagram depicting the NH; detection sensor utilizing a virtual instrument platform.

Sensor Configuration



The main sources of NH3 in the atmosphere and the main components of haze are shown in Fig.
1(a). In order to measure the content of ammonia in the atmosphere, an ammonia detection
sensor is built. Fig. 1(b) are structural diagrams of the detection device. Fig. 1(d) shows the
optical part. The sensor diagram is shown in Fig. 1(e). As shown in Fig. 1(f), the gas processing
part, the optical part, and the electrical part are included in the experimental setup.

In the optical part, use Solidworks to design the removable cavity, through the sealing flange
for sealing and fixing the cavity and the main frame, to avoid the error caused by the
displacement of the cavity in the welding process, the total length of the cavity is 150 mm, the
overall structure is shown in Fig. 1(c). After testing, the cavity sealing and stability is better.

The absorption spectrum of NH; gas in the range of 5882.35~6666.67cm™ is shown in Fig.
2(a). In order to eliminate interference from H»>O and CO», the NH3 absorption peak with low
interference at a center wavelength of 6528.27cm™! was selected as the best target line.
Simulation of the absorption spectra of 1 ppm NH; and ambient concentrations of H,O and
COy, as depicted in Fig. 2(b). Among them, the low interference NHj3 absorption peak centered
at 6528.27 cm™! was identified as the optimal absorption line. Therefore, using a 1531.7 nm
DFB laser to detect NH3, lock the NH3 absorption line at 6528.27cm!. The relationship between
optical power and wavelength under different driving currents is measured. The measured W-
I (wavelength-current) and P-I (power-current) curves are shown in Fig. 2(c).

In the electrical part, it mainly consists of three electronic components: a laptop computer
(LENOVO, YOGAT710), a DAQ card (Measurement Computing, USB-1808X), and a constant
current source module (Wavelength Electronics, LDTC0520). The analog output module of the
data acquisition card controlled by LabVIEW generates a combined waveform of a high
frequency sine wave (7.8 kHz) and a low frequency sawtooth wave (5 Hz), which provides a
current source to make the DFB laser emit light. The Quadrature lock-in amplifier and memory
module developed on the LabVIEW platform reduce noise by processing 10 times the average.
In the sensor, EEMD and CS-Elman algorithms are integrated respectively for spectrum
preprocessing and concentration inversion.
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Fig. 2. (a) Absorption bands of 1 ppm NHj in the range of 6500cm™! to 6666cm™ at 1 atm, 296K, and 300 m optical
paths; (b) Absorption lines of 1 ppmNH;, 1% H,0, 400 ppm CO; at 6528.27 cm™ at 1 atm, 296K and 300 m optical
path; (c) Graph of response of current to wavelength and optical power.

Optical and 1/f noise processing
3.1 Cavity mode noise processing

A key challenge in the output absorption spectroscopy of off-axis integrating cavities lies in
the signal interference caused by light intensity fluctuations due to interference in F-P
cavities, a phenomenon commonly referred to as cavity mode noise, which significantly limits
the high sensitivity performance of the system [15]. Assuming that N is the number of lasers
coupled into the cavity per second at an integration time T, the signal collected by the
detector contains TN transmission peaks; when the frequency of the scanning signal is f and
the number of couplings into the cavity is n, the number of laser couplings into the cavity per
second is N=2fn. The relative dispersion & of a single transmission peak is related to the laser
modulation frequency, which takes values between 0.15 and 0.5 for the noise magnitude [16]:
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Then increasing the mode of the laser in the optical resonant cavity reduces the cavity film
noise, which can be achieved by using off-axis incidence. In order to ensure that the beam can
be reflected repeatedly in the cavity when using off-axis incidence, the re-entrant condition
must be met, when the number of cavity moulds is enough, the result of integrating the cavities
can be analogous to a Herriott or White pool,an ellipse-like pattern is formed on the lens. In
the case of satisfying the resonant cavity stability condition, the re-entrant condition is
expressed as:

2m6 =2nx
cos(260) =1 —é’ @)

When n is set to an integer, the FSR is 1/m times the original, and the value of m is affected
by both spot size and lens size. In the case of off-axis incidence, when the FSR is close to zero,
the mode density inside the cavity rises sharply, making the light propagation nearly continuous,
and the original cavity mode structure is almost difficult to be recognised. Under this situation,
the cavity mode noise is effectively suppressed.

After off-axis processing, the system will still have some residual cavity mode noise and
because the output signal from the off-axis integrating cavity is weak, the absorption spectrum
detected by the detector is weak and often accompanied by random noise, which distorts the
ammonia spectrum and affects the detection limit of the sensor. In order to enhance the
robustness of the sensor, pre-processing of the raw signals obtained from the ammonia spectra
is essential, and this process can be implemented by relying on techniques and algorithms of
digital signal processing. In this paper applying the EEMD (Ensemble Empirical Mode
Decomposition) technique [17-18].

The EEMD [19-23] decomposition steps are as follows:

(1) The overall average number M is defined.

(2) To generate a new signal, a standard plus distribution of white noise is added to the
original signal.

x,(8) = x(2) + m,(£),i = 1,2,..M, 3)
In the equation, #() is the original signal. is representative of the i-th addition of white
noise sequence, while x,(r) denotes the i-th experimental attachment of noise signal

(3) The resulting noise signals are decomposed separately by EMD, and the forms of their
respective IMF sums are obtained:

5(0=3 8,0 +7, 0 (4)

In the equation, g, (v) is the j- th IMF, g, ;(f) decomposed after adding white noise for the

i-th time. It represents the residual function, which is the average trend of the signal. J is the
number of IMFs.

(4) Iteratively perform steps (2) and (3) M times, incorporating varying amplitudes of white
noise into each decomposition to derive the set of IMF:

g1,,'(t)sgz,,(t)ag3,,'(t)~-~g,u,/(t)’
L ’ (%)
j=12,.J
(5) The above corresponding IMF sets are averaged, and by adopting the principle that the
average value of uncorrelated sequences is zero, the IMF decomposed by EEMD is finally
obtained, that is:



g,(0)= ﬁz;‘; g, (0,i=12,. M, j=12,...J, (6)
In the formula, g,() is the jth IMF decomposed by EEMD.

3.2 1/f noise processing

In the case of off-axis incidence, the energy of the original single fundamental mode is
distributed into many higher-order transverse modes,lead to the output power detected by the
detector is very weak, and the signal-to-noise ratio of the device is difficult to improve due to
the limitation of the laser power and the sensitivity of the detector. Lasers and detectors will
introduce 1/f noise into the measurement results, and the characteristics of this noise is that
the lower the frequency, the higher the noise, so the introduction of wavelength modulation
spectroscopy (WMS) to effectively suppress the low-frequency noise, and further improve the
sensor signal-to-noise ratio.

When the laser is injected with a sinusoidal modulated current of frequency f, the laser's

emitted light intensity and wave number change at the same time, and the light intensity 7, (t)

and wave number v(¢) can be expressed as follows:

1, (t)=GE[1+iik cos(k-27 fi+y, )},

k=1

(N
v(t)=v,+ Y a,cos(2x fi+¢,)

n=1

G denotes the amplification factor of the detector; / represents the intensity of the laser
light when unmodulated; i, is the Fourier coefficient for k modulations of the laser intensity;
v, represents the phase change of the modulated light intensity of the kth order; v, represents
the centre wavelength of the laser emission; a, represents the depth of the nth modulation; ¢

represents the phase corresponding to the nth modulation.
The spectral absorptivity « (t) , can be expanded according to the Beer-Lambert law into a

Fourier series with frequency f as the fundamental frequency:

o t)=i[Mk cos(k-27 ft)+ N, sin(k-27rft)], (8)

k=0
M, and N, are the kth Fourier coefficients, denoted as

M, = ﬁf [v +;a cos (n- 27rft+¢”)}c05kgd9

1
M= (1+6,)x
Using digital phase-locking technology to obtain the harmonic signals of light intensity at
a specific modulation frequency, separate the light intensity signals and demodulate them by
multiplying by cos(n) and sin(n), using a low-pass filter to filter out high-frequency noise to
obtain the X and Y components of the nth harmonic signal, to provide a reliable basis for
subsequent data analysis and processing.
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When there is no absorption that means m=n and n=0, we substitute to get:



X = G21(, i,cos(p,),

an

Y= —%in sin(g,)

Compare and represent the raw harmonic amplitude with the harmonic amplitude after
subtracting the background:

R, =Xy +Y5, (12)
S, =%, - x5 ) (v, -va)

Perform a normalisation operation to deduct the harmonic amplitudes in the background

signal:
X Xx° 2 Yy yo 2 (13)
S o P
1f 1f 17 1f

From the above equation, the harmonic amplitude obtained is mainly related to the
absorption, which effectively improves the sensor signal-to-noise ratio, and the subsequent use
of phase-locked amplifiers for harmonic signal extraction.

2. Performance verification
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Fig. 3. (a) Absorption spectra of NH; near 6528.27cm! and fitting baseline; (b) Sensor-recorded raw 2f signals; (c)
Signals recorded and filtered using EMD; (d) Signals recorded and filtered using EEMD.

TABLE 1. SNR Comparison

. SNR
Algorithms 10 ppm 5 ppm 2 ppm
Raw 2f signal 16.49 14.57 12.05
EMD 35.27 30.05 24.27
EEMD 53.57 51.49 50.26

4.1 Calibration of effective optical path length and cavity mirror reflectivity

To determine the effective optical path length and calibrate the mirror reflectivity of the cavity,
a 5hz sawtooth signal is used for scanning. A 1531.7 nm DFB was used to lock the NHj3
absorption line at 6528.27 cm™!, with a NH;3 sample concentration level of 10 ppmyv introduced
into the off-axis integrated cavity. As shown in Fig. 3(a), the differential signal can be obtained
by subtracting the background-fitted signal from the absorption signal. The maximum
absorption occurs at t=0.11 s, with an absorption signal corresponding to a voltage of 0.073 V,
and a voltage of 0.079 V at non-absorption regions. The output voltage, input current, and
output optical power all exhibit linear response with acquisition time, so absorbance (A) can be
calculated using equation 14.

v,

a=-n[ 1), (14)
The absorbance was determined to be 0.0789 by calculation. According to the HITRAN
molecular absorption database, the actual total optical path length is determined to be 330.5 m.

Using the actual optical path length, the effective reflectivity of the high-reflectance mirror can



be reverse-engineered. Through computation, the calibrated reflectivity of the cavity mirror is
found to be 99.95%.

4.2 Filtering performances using EEMD signal-processing

In order to test the practical denoising effect of the EEMD algorithm, partial gas experiments
were first conducted, and the original 2f signals were collected and compared with the filtered
signals to evaluate their SNR. N, gas with NH3 concentrations of 10, 5, and 2 ppmv was
detected using an automated gas distribution system. The collected original signals, EMD-
filtered signals, and EEMD-filtered signals are shown in Fig. 3.(b) (¢) and (d). The original
signal contains obvious noise as can be seen from Figure 8. The SNR of the original 2f signals
and the denoised 2f signals after EEMD filtering are calculated according to the formula and
presented in Table I. Compared to the original signals, the SNR of the signals after EEMD
filtering is significantly improved to varying degrees, indicating the effectiveness and
superiority of this filtering algorithm in noise reduction.

4.3 Concentration inversion calibration and data fitting

The concentration calibration experiment utilized an automated gas distribution station with N,
as carrier gas and dynamic mixing of NH3 in the concentration range of 10~100 ppm and 0.4~10
ppm. During the calibration process, the gas progresses from lower experimental concentrations,
with gradients and spectra processed by algorithms as shown in Fig. 4(a) and (b) respectively,
while the relationship between average voltage and gas concentration is depicted in Fig. 4(c)
and (d).

Fig. 4(c) shows the sensor's exceptional linearity concerning NH3 within the concentration
range of 0.4 ~ 10 ppm, yielding a robust linear relationship between NH3 concentration and the
2f peak value. The combined linear coefficient R achieves a remarkable value of 0.9993, which
is expressed as follows:

¥ =7.6769 x Max(2f) +1.1606, (15)

Furthermore, the linear relationship for the concentrations ranging of 10 ~ 100 ppm is
illustrated by Fig. 4(d), with the linear coefficient R? reaching 0.9981. Through curve fitting,
the relationship between concentration and 2f peak can be expressed as follows:
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Fig. 4. (a) 0.4~10 ppm NHj; concentration gradient and measured spectra; (b) 10~100 ppm NH; concentration
gradient and measured spectra; (c) 0.4~10 ppm 2f amplitude and concentration linear fitting curve; (d) 10~100 ppm
2f amplitude and concentration linear fitting curve.

4.4 Comparison of concentration inversion algorithm results

In this paper, the inversion model is provided by the Elman neural network [24-27]. To solve
the slow training and potential local minimum trap while improving the generalization
performance, the initial weights and thresholds of the network are optimized by the Cuckoo
Search (CS) algorithm [28]. Finally, the concentration inversion prediction model of CS-Elman
neural network (CS-Elman) is established.

The concentration inversion was performed for the 2f signal of NH3 in the range of 0 ~ 10
ppm and 0 ~ 100 ppm. The concentration retrieval performance of CS-Elman, BPNN, LSSVM



and Elman algorithms is compared. NH3 gas spectra were modeled using a five-fold cross-
validation approach across both concentration ranges. Four folds were dedicated to training,
leaving one for validation. The outcomes of this five-fold cross-validation method are
demonstrated in Fig. 5(a) and (c), with the prediction results shown in Fig. 5(b) and (d). The
predicted concentrations by the CS-Elman algorithm are closest to the true values with the
smallest absolute error.

Comparison results of linear correlation coefficient R?, root mean square error (RMSE), and
standard deviation between the predicted and actual concentrations obtained by different
algorithms are shown in Table II and III. Error analysis after processing by the CS-Elman
algorithm showed an improvement of 2 to 4 times compared to the other three algorithm models.
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Fig. 5. (a) Comparison chart of predicted values and set values of BPNN, LSSVM, ElmanNN and CS-Elman
algorithms are in the range of NH; concentration from 0 to 10 ppm; (b) Comparison of error between standard
concentration and measured concentration for BPNN, LSSVM, ElmanNN, and CS-Elman algorithms at
concentrations of 0~10 pm; (c) Comparison plots of predicted values and set values of BPNN, LSSVM, ElmanNN
and CS-Elman algorithms are in the range of NH; concentration from 0 to 100 ppm; (d) Comparison of error between
standard concentration and measured concentration for BPNN, LSSVM, ElmanNN, and CS-Elman algorithms at
concentrations of 0~100 ppm.

TABLE 2. Comparison of Fitting Accuracy of Four Algorithms at 0~10 ppm NH; Concentration

. Standard RMSE
Algorithms deviation(ppm) (ppm) R’
BPNN 0.268 1.865 0.9982
LSSVM 0.015 0.098 0.9991
ElmanNN 0.025 0.156 0.9997
CS-Elman 0.004 0.061 0.9999

TABLE 3. Comparison of Fitting Accuracy of Four Algorithms at 0~100 ppm NH; Concentration

. Standard RMSE 2
Algorithms deviation(ppm) (ppm) R
BPNN 1.015 2.415 0.9975
LSSVM 0.108 1.096 0.9993
ElmanNN 0.003 0.052 0.9995
CS-Elman 0.001 0.035 0.9998

4.5 Sensor stability

The stability, resolution and limit of detection (LoD) of the sensor are verified by experiments.
A standard concentration of 20 ppm NH; was provided by an automatic gas distribution station
and pumped into the off-axis integration cavity for gas detection. Concentration measurements
were then recorded over a 90-minute period. The results are depicted in Fig. 6. The unfiltered
NH3 concentration is shown in Fig. 6(a). The concentration fluctuated between 19.905~20.107
ppm with a standard deviation of 0.0417 ppm. Fig. 6(b) shows that after EEMD filtering, the
NHj; concentration is between 19.951~20.041 ppm, with a maximum fluctuation error of 0.0898
ppm and a standard deviation of 0.0107 ppm. The Allen variance without using the
preprocessing algorithm is shown in Fig. 6(c) with an integration time of 49 s and a theoretical



LoD of 5.14 ppb for the sensor. After spectral preprocessing algorithms were applied, it is
indicated by Fig. 6(d) that, with an integration time of 1 s, the LoD is measured at 10.35 ppb,
and when the integration time is 43 s, the LoD is increased to 1.54 ppb. This shows that the
LoD has been significantly improved after EEMD processing, and the sensor has high stability
and SNR in long-term operation.
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Fig. 6. (a) Long-term stability data of the original signal 2f signal; (b) Long-term stability data atter EEMD
processing; (c) Allan variance analysis of the original 2f signal; (d) Allan variance analysis after EEMD processing.

4.6 Field Application

The air was continuously measured for 90 min, and the gas concentration detected in real time
was shown in Fig. 7. The ammonia concentration fluctuated in the range of 400~800 ppb. In
view of the sudden rise in NH3 concentration, it is speculated that the chemical laboratory on
the same floor is carrying out chemical experiments. Field experiment results show that the
device has excellent performance in monitoring trace gases.
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Fig. 7. NH; trace detection sensor deployed on site.
3. Conclusion

In this paper, a near-infrared WM-OA-ICOS sensor is demonstrated, suppression of cavity
mould noise through the use of off-axis methods and suppressing 1/f noise by introducing WMS,
integrates a spectral denoising algorithm and a concentration inversion model to enable
continuous real-time detection of NH3 was developed. Experimentally verified the sensor has
a compact structure with an effective absorption length of 330.5 m. The EEMD algorithm is
used as a spectral preprocessing method to effectively remove the noise in the 2f signal. In
order to improve the accuracy and sensitivity of NH3 concentration inversion, a method
combining the CS algorithm and Elman neural network is designed. After 90 min of long-term
stability experiments, the standard concentration of NH3 is 20 ppm, the concentration value is
between 19.951~20.041 ppm. NH3 concentration analysis is then conducted using the Allan
deviation method, revealing the LoD of ~1.54 ppb and an average detection time of 43 s. In
addition, the OA-ICOS sensor was tested in an outdoor laboratory and its stability in monitoring
atmospheric gases was further confirmed by 1 hour of ambient NH3 monitoring.
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