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ABSTRACT: Respiration is an important index to evaluate the life status of organisms, thus monitoring respiration is of great 

significance. This study proposes a new methodology for non-invasive and real-time monitoring of organismal respiration based on 

laser-induced breakdown spectroscopy (LIBS). The study comprises two main components: dynamic monitoring and static analysis. 

In the dynamic monitoring section, LIBS is used to continuously detect and analyze multiple elements (C, H, O, and N) exhaled 

steadily by participants, with the carbon signal showing the closest correlation to the respiratory cycle. Fast Fourier Transform (FFT) 

is then applied to the carbon signal to achieve frequency domain 

analysis. Furthermore, it is also found that the presence of organismal 

respiration should be inferred from multiple element signals, rather 

than relying solely on the presence of carbon signal. In the static 

analysis, linear discriminant analysis (LDA) and backpropagation 

artificial neural networks (BP-ANN) are employed after LIBS 

measurement indicating the traceability of respiration sources is 

possible. This study offers a novel perspective on respiratory 

monitoring, demonstrating the potential of this method for real-time, 

convenient, and cost-effective respiration monitoring.  
 

INTRODUCTION 

Respiration is one of the fundamental processes of life, not only a 

key link for maintaining cellular metabolism and acid-base 

equilibrium of organisms but also an indispensable indicator for 

evaluating organismal health status. The research on respiration 

has received considerable scholarly attention in the last few 

decades. For example, Park et al. found an association between 

vocalizations and breathing in mammals,1 and Yvon-Durocher et 

al. explored temperature dependence of ecosystem respiration.2 

Many diseases, including sleep apnea,3 chronic obstructive 

pulmonary disease (COPD),4 and cardiac arrest,5 can also be 

reflected from the respiratory state. Therefore, monitoring 

respiration is highly important for biological and medical research. 

Accurately monitoring respiration is essential for multiple fields. 

Nan et al. have presented a WiFi-based contactless and real-time 

respiration monitoring system, which monitors respiration through 

the amplitude and phase difference of WiFi channel state 

information (CSI).6 Nevertheless, this system relies heavily on the 

network and is difficult to implement in situations where the 

network is poor. Moreover, utilizing acoustic signal reflection to 

monitor respiration has been proposed by Wang et al.7 Although it 

is non-invasive detection, it has strict requirements for 

environmental noise control and can be hard to conduct in noisy 

environments. Additionally, Karlen et al. have monitored 

respiration by estimating respiratory rate in real-time from 

photoplethysmography (PPG) signals acquired by pulse oximetry, 

which integrates an Incremental-Merge Segmentation algorithm, 

Fast Fourier Transform and Smart Fusion method.8 Whereas, the 
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complexity of this algorithmic approach may render the method 

tough to master, time-consuming, and less practical for 

widespread application. Besides, Chen et al. employed a humidity 

sensor based on nanoforest to monitor respiration.9 While this 

device can monitor respiration precisely, its high material cost and 

intricate fabrication process may hinder its widespread adoption. 

Most existing methods have their own merits and drawbacks. 

Therefore, there is still a high demand to optimize a better method. 

In this work, attempts are made to develop a simple, convenient, 

portable, efficient, and easily measurable monitoring respiration 

method. 

A promising candidate is laser-induced breakdown 

spectroscopy (LIBS). It is a spectral determination technique 

capable of quickly extracting the spectrum of substances.10 The 

atomic emission lines obtained from LIBS can be utilized to 

identify the elemental composition of materials being measured.11 

Compared with other contemporary elemental analysis techniques, 

such as atomic absorption spectrometry (AAS), X-ray 

fluorescence (XRF), and inductively coupled plasma-mass 

spectrometry (ICP-MS), LIBS presents many advantages.12 These 

include little or no sample preparation, in-situ measurement, rapid 

real-time analysis, simultaneous multi-element analysis, and non-

invasive analysis.10,11 However, LIBS also has drawbacks, such as 

limited sensitivity and detection capabilities for light elements and 

halogens,13 as well as the presence of matrix effects.14 Most studies 

have concentrated on utilizing LIBS for detecting solid materials. 

15-17 Comparatively, fewer research efforts have been dedicated to 

analyzing gases and aerosols using LIBS, suggesting that the 

detection of gas and aerosol with LIBS is more challenging. 

The novelty of the presented work lies in introducing a simple 

and rapid method based on LIBS for monitoring organismal 

respiration, which is promising to mitigate the limitations of the 

existing technologies mentioned above. The performance of the 

developed method has been tested and validated under different 

respiratory cycles. LIBS is used to detect components of 

substances exhaled by organisms, and the changes in carbon signal 

intensity can serve as a reference for real-time monitoring of 

respiration. Additionally, the respiratory rate of each organism can 

be calculated by combining FFT. Moreover, two machine learning 

algorithms are introduced to trace the source of respiration. Linear 

discriminant analysis (LDA) is employed to extract spectral 

features and reduce dimensions for the improvement of the model 

performance. In consideration of the self-learning and self-

adaptive ability of the backpropagation artificial neural networks 

(BP-ANN),18 the classification models can be established to 

identify different respiration. A new model integrated with these 

two algorithms is expected to realize the traceability of different 

respirations. 

EXPERIMENTAL 

Experiment setup. The LIBS-based experiment system setup 

presented in Fig. 1 is composed of a high power Q-switched (pulse 

mode) Nd: YAG (neodymium-doped yttrium aluminum garnet) 

laser, a reflective mirror, a focusing lens, a signal detector, a multi-

channel spectrometer (AvaSpec ULS2048-4 Channel-usb 2.0, 

Avantes), a digital delay generator, fiber, and a computer. In this 

experiment, the laser operates at a fundamental wavelength of 

1064 nm. The laser produces pulses with a duration of 10 ns, a 

frequency of 10 Hz, and a pulse energy of 200 mJ. Assuming that 

all elemental components in the sample are excited by the high-

powered laser, the photons emitted by the plasma contain the same 

elemental composition as the sample. The emission signal of the 

plasma at broadband wavelengths is captured by the detector and 

relayed via a bundle of optical fiber to the spectrometer,19 which 

has a spectral detection range spanning 200 nm to 890 nm with a 

spectral resolution of about 0.08 nm. The time delay between the 

laser and the spectrometer can facilitate precise control over the 

timing of signal acquisition, with a delay set at 1.35 µs.20 

Additionally, to reduce background noise and improve signal-to-

noise ratio (SNR), the integral time of the spectrometer is set to 2 ms. 

Scenario preparation. In the experiment, to monitor the 

organismal respiration, the sampling mode of the spectrometer 

was set to dynamic mode. Under the dynamic conditions, a total 

of 1200 sets of spectral data were measured and every 10 spectral 

data points were averaged. To verify the reliability and adaptability 

of the method, six sets of different respiratory cycles were preset 

before the experiment, and respiring time intervals for each group 

were 5 s, 8 s, 10 s, 15 s, 18 s, and 20 s respectively to simulate the 

respiration of various organisms in diverse physiological states in 

nature. To obtain a consistent sample, the participants need to 

exhale at a constant rate at one end of the paper tube to get stable 

respiration. The opposite end of the paper tube directed the exhaled 

substance to a designated area under the LIBS detection probe. 

The purpose of the tube is to guide the substance for more precise 

measurement, ensuring a better signal-to-noise ratio. Following 

free diffusion, the exhaled gas and aerosol were efficiently 

detected by the probe, guaranteeing effusion and analysis of the 

sample.  

 

 

 

 

 

Fig. 1 Schematic diagram of the experimental system. 
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RESULTS AND DISCUSSION 

Analysis of the spectrum of respiration. Before exploring 

respiration, it is necessary to conduct an elemental analysis of the 

ambient air and exhaled substance to better distinguish whether the 

organism is in respiration. In this section, ambient air and 

substances exhaled by participants are selected as the experimental 

objects to perform the spectral analysis. All characteristic spectral 

lines can be identified based on the reference to the National 

Institute of Standards and Technology (NIST) atomic database and 

related studies,21-22 which can assist in qualitative elemental analysis. 

Six respiratory cycles were monitored for up to 120 s, and a total 

of 1200 sets of spectral data were measured, and every 10 spectral 

data points were averaged. To ensure the universality of the 

experimental conclusions, a full band of spectra of one respiratory 

cycle was selected randomly for the identification of characteristic 

spectral lines. The compositions of samples in two situations are 

analyzed, and the spectral information is illustrated in Fig. 2. It can 

be observed that the primary elements of the substance produced 

by respiration are carbon, hydrogen, oxygen, and nitrogen. Among 

them, the spectral intensity of carbon and hydrogen is much higher 

than that of ambient air, while the spectral intensity of oxygen and 

nitrogen is slightly higher. It can be inferred that the concentrations 

of carbon, hydrogen, nitrogen, and oxygen increase during 

respiration. The subsequent analysis will further explore the 

relationship between carbon, hydrogen, and respiration. In 

addition, three CN molecular spectral bands of Δv=+1, Δv=0, and 

Δv=-1 are found in the LIBS spectrum, which is formed by the 

recreation between the carbon in the exhaled substances and inert 

nitrogen in the air. From the CN spectral line, one finds that the 

content of CN increases with the rising carbon intensity and the 

spectral intensity of CN reaches stable when the carbon intensity 

reaches a certain value. 

In the wavelength range of 200 nm to 890 nm, the spectral lines 

of C, H, O, and N are dominant in the spectrum of exhaled 

substances, which is consistent with the established fact that 

exhaled air mostly contains nitrogen, oxygen, carbon dioxide, 

hydrogen,23 inert gases, and water vapor.24 Among them, the 

signals of C and H changed obviously. Therefore, the subsequent 

research focuses on C and H. This experimental result further 

proves the feasibility of using LIBS to explore and monitor 

respiration. 

Dynamic monitoring of carbon. Dynamic measurement is 

carried on over the whole respiratory process for up to 120 s, and 

wavelengths 246 nm to 249 nm are taken here for analysis. Six 

different respiratory cycles from left to right and from top to 

bottom are 5 s, 8 s, 10 s, 15 s, 18 s, and 20 s respectively. To ensure 

the universality of the conclusion, the respiratory and non- 

respiratory moments of each respiratory cycle are selected   

 

 

 

 

 

Fig. 2 The LIBS spectrum of substances in two situations under same 

respiratory cycle (respiratory interval is 8 s). 

randomly. A three-dimensional curved surface is created to display 

the time on the X-axis, the wavelength distribution on the Y-axis, 

and the dynamic changes in spectral intensity on the Z-axis. To 

highlight the temporal variation of intensity, as shown in Fig. 3, 

the Z-axis data is projected onto the two-dimensional plane of X 

and Y. 

To accurately capture and monitor changes in carbon intensity 

during respiration, a multidimensional comparison method is 

adopted. In the horizontal dimension, the carbon signal with a 

wavelength of 247.87 nm is selected as the reference object. Its 

variation with the respiratory cycle is shown in the right graph of 

Fig. 3. As the respiring begins, the carbon intensity gradually 

increases and decreases at the end of the respiring. This change 

pattern is highly following respiratory physiological processes. On 

the vertical dimension, the upper line chart of Fig. 3 depicts the 

difference in carbon intensity between the respiratory situation and 

the non-respiratory situation at the same respiratory rate. It can be 

noted that carbon intensity increases substantially during 

respiration. 

Meanwhile, Fig. 4 demonstrates the pattern of carbon intensity 

changing with the respiratory cycle, which further proves the 

above findings. Once respiration occurs, carbon intensity increases. 

When organisms respire at a stable respiratory rate, it can be 

clearly observed from Fig. 4 that the peak of the carbon signal also 

presents corresponding periodic changes, and the time interval 

between each carbon signal peak perfectly matches the time 

interval between each respiration in the respiratory cycle. 

Based on the analysis of Figs. 3 and 4, there is an extremely 

close relationship between changes in carbon signal and 

respiratory patterns can be concluded. This discovery presents an 

effective respiratory monitoring method, which utilizes the 

dynamic changes in carbon intensity to monitor respiration. 
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Fig. 3 Spectral change rule of carbon in respiration (the wavelength of carbon is 247.87 nm; respiratory interval: (a) 5 s; (b) 8 s; (c) 10 s; (d) 15 s; (e) 18 s; (f) 

20 s). 
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Fig. 4 The variation patterns of carbon signal under different respiratory 

cycles (the wavelength of carbon is 247.87 nm). 

 

 

 

 

 

Fig. 5 Frequency spectrum of different organisms (respiratory interval: (a) 

5 s; (b) 8 s; (c) 10 s; (d) 15 s; (e) 18 s; (f) 20 s). 

Measurement of respiratory rate. Due to the close relationship 

between carbon signal and respiration, the periodicity of its signal 

coincides with the respiratory cycle, thus carbon signal is selected 

as a reference for evaluating respiratory rate. The spectral intensity 

of carbon is used to draw a time-intensity line graph. Then, FFT 

algorithm is utilized to further convert it into a frequency-

amplitude graph shown in Fig. 5. As can be seen, the 

corresponding X-axis value of the highest peak vertex in the line 

graph is the respiratory rate of this organism. Taking organism five 

as an example, it respires every 8 s. Accordingly, in Fig. 5, the 

frequency is 0.125 (i.e. 1/8 second, which is in keeping with the 8-

second respiratory cycle). As for the smaller peaks other than the 

main peak in Fig. 5, they may be caused by the incomplete 

regularity of the respiratory process, including small fluctuations 

in time intervals and inconsistencies in respiratory intensity, which 

are common in the natural respiratory state of organisms. In 

conclusion, this method through combining LIBS with FFT can 

be used to achieve the measurement of the organismal respiratory 

rate in their natural respiratory state. 

Dynamic monitoring of hydrogen. From the spectrum, it can be 

found that the spectral intensity of carbon and hydrogen increases 

obviously during respiration. It is necessary to explore the 

relationship between hydrogen intensity and respiration. To better 

monitor the dynamic changes in hydrogen during the respiratory 

cycle, analysis is focused on its characteristic peak. Because the 

wavelength of its characteristic peak is 656.22 nm, the surrounding 

wavelengths of 652 nm to 659 nm are selected. 5 s, 8 s, 10 s, 15 s, 

18 s, and 20 s respiratory cycles are analyzed in multiple 

dimensions, and respiratory and non-respiratory moments for each 

respiratory cycle are selected randomly. Fig. 6 reveals that the 

spectral intensity of hydrogen varies in respiratory and non-

respiratory situations. Specifically, when focusing on the hydrogen 

signal at a wavelength of 656.22 nm, it can be clearly observed 

that its signal intensity varies with the fluctuations of the 

respiratory cycle. Although the change in the hydrogen signal is 

not as obvious and intuitive as the change in the carbon signal, it 

is observed that the hydrogen signal changes periodically. 

Furthermore, from a vertical perspective, comparing the hydrogen 

intensity at respiration and non-respiratory situations, it is evident 

from the upper line graph in Fig. 6 that there is a noticeable 

increase in hydrogen intensity at respiration moments. 

These findings provide strong support in the selection of 

reference elements for monitoring respiration. Of particular 

importance is that considering the periodic changes in carbon 

signal alone is not sufficient to conclusively prove the existence of 

organismal respiration. However, when both the carbon signal and 

hydrogen signal present periodic changes, this can indicate a high 

possibility of the existence of organismal respiration.  

Traceability of respiration. Research from ETH Zurich shows 

that the compounds exhaled by individuals are as unique as 

fingerprints, akin to a "gas fingerprint," allowing doctors to 

diagnose diseases based on them.25 In this section, the study tries 

to trace respiration from different individuals using LDA and BP-

ANN. LDA is a supervised data dimensionality reduction method 

that projects the data in a high-dimensional space into a low-

dimensional space, making data of the same class as compact as 

possible and data of different classes as dispersed as possible.26 

Hence, LDA is employed to reduce the dimension of different 

types of respiration. Three participants were randomly selected for 

monitoring their respirations via LIBS. The moment when 

respiration occurs should be chosen, namely when the carbon 

signal appears. Data are preprocessed, the wavelength of four 

channels is put together in a single large dataset, and the duplicates 

are removed, then LDA is performed. After dimension reduction, 

the three types of respiration were differentiated, proving the 

respiration of the three samples can be roughly distinguished from 

each other. 



 

www.at-spectrosc.com/as/article/pdf/2024241 513                Atom. Spectrosc. 2024, 45(6), 508–515. 

1
2

0
1

0
0

8
0

6
0

4
0

2
0

0

1
0

0
0

0

2
0

0
0

0

3
0

0
0

0

4
0

0
0

0

Intensity /arbitrary units

T
im

e/s

 h
y
d
ro

g
en

 sig
n
al

652 653 654 655 656 657 658 659

0

20

40

60

80

100

120

Wavelength/nm

T
im

e/s

0.000

3425

6850

1.028E+4

1.370E+4

1.713E+4

2.055E+4

2.398E+4

2.740E+4

(a)

652 653 654 655 656 657 658 659

0

5000

10000

15000

20000

In
te

n
si

ty
 /

ar
b

it
ra

ry
 u

n
it

s

A

 respiratory situation

 non-respiratory situation

652 653 654 655 656 657 658 659

0

20

40

60

80

100

120

Wavelength/nm

T
im

e/s

0.000

3425

6850

1.028E+4

1.370E+4

1.713E+4

2.055E+4

2.398E+4

2.740E+4

1
2

0
1

0
0

8
0

6
0

4
0

2
0

0

1
0

0
0

0

1
5

0
0

0

2
0

0
0

0

2
5

0
0

0

3
0

0
0

0

Intensity /arbitrary units

T
im

e/s

 h
y

d
ro

g
en

 sig
n

al
(b)

652 653 654 655 656 657 658 659

0

5000

10000

15000

20000

25000

30000

In
te

n
si

ty
 /

ar
b

it
ra

ry
 u

n
it

s

A

 respiratory situation

 non-respiratory situation

1
2
0

1
0
0

8
0

6
0

4
0

2
0

0

1
0
0
0
0

2
0
0
0
0

3
0
0
0
0

4
0
0
0
0

Intensity /arbitrary units

T
im

e/s

 h
y

d
ro

g
en

 sig
n

al

652 653 654 655 656 657 658 659

0

20

40

60

80

100

120

Wavelength/nm

T
im

e/s

0.000

3425

6850

1.028E+4

1.370E+4

1.713E+4

2.055E+4

2.398E+4

2.740E+4

(c)

652 653 654 655 656 657 658 659

0

10000

20000

30000

In
te

n
si

ty
 /

ar
b
it

ra
ry

 u
n
it

s

A

 respiratory situation

 non-respiratory situation

652 653 654 655 656 657 658 659

0

20

40

60

80

100

120

Wavelength/nm

T
im

e/s

0.000

3938

7875

1.181E+4

1.575E+4

1.969E+4

2.363E+4

2.756E+4

3.150E+4

1
2
0

1
0
0

8
0

6
0

4
0

2
0

0

1
0
0
0
0

2
0
0
0
0

3
0
0
0
0

Intensity /arbitrary units

T
im

e/s

 h
y
d
ro

g
en

 sig
n
al

(d)

652 653 654 655 656 657 658 659

0

10000

20000

30000

In
te

n
si

ty
 /

ar
b
it

ra
ry

 u
n
it

s  respiratory situation

 non-respiratory situation

652 653 654 655 656 657 658 659

0

20

40

60

80

100

120

Wavelength/nm

T
im

e/s

0.000

3425

6850

1.028E+4

1.370E+4

1.713E+4

2.055E+4

2.398E+4

2.740E+4

1
2
0

1
0
0

8
0

6
0

4
0

2
0

0

1
0
0
0
0

1
5
0
0
0

2
0
0
0
0

2
5
0
0
0

Intensity /arbitrary units

T
im

e/s

 h
y

d
ro

g
en

 sig
n

al

(e)

652 653 654 655 656 657 658 659

0

10000

20000

30000

In
te

n
si

ty
 /

ar
b

it
ra

ry
 u

n
it

s  respiratory situation

 non-respiratory situation

652 653 654 655 656 657 658 659

0

20

40

60

80

100

120

Wavelength/nm

T
im

e/s

0.000

3425

6850

1.028E+4

1.370E+4

1.713E+4

2.055E+4

2.398E+4

2.740E+4

1
2
0

1
0
0

8
0

6
0

4
0

2
0

0

1
0
0
0
0

2
0
0
0
0

3
0
0
0
0

Intensity /arbitrary units

T
im

e/s

 h
y

d
ro

g
en

 sig
n

al

(f)

652 653 654 655 656 657 658 659

0

10000

20000

30000

In
te

n
si

ty
 /

ar
b
it

ra
ry

 u
n
it

s

 respiratory situation

 non-respiratory situation

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6 Spectral change rule of hydrogen in respiration (the wavelength of hydrogen is 656.22 nm; respiratory interval: (a) 5 s; (b) 8 s; (c) 10 s; (d) 15 s; (e) 18 

s; (f) 20 s).
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BP-ANN algorithms tend to provide high classification 

accuracies with a strong learning ability, large-scale distribution, 

and parallel processing. Therefore BP-ANNs are well suited for 

identification and classification of respiration data.27 The LDA 

results were used to train BP-ANN and achieved an accuracy of 

89.96%. This result provides a reference for future research. It is 

noted that only three participants were included in this experiment 

which may limit generalizability. Additionally, air can be detected 

during respiratory intervals, but air interference remains 

unavoidable at present. Thus, future work will focus on expanding 

the sample size for broader conclusions and developing algorithms 

to mitigate air interference. 

CONCLUSION 

This work promotes the application of LIBS for non-invasive and 

real-time monitoring of organismal respiration. This new method 

not only monitors respiration in real time but also measures 

respiratory rate as well as traces the source of different respirations. 

The entire process of respiring was monitored for up to 120 s, and 

ambient air and substances exhaled by participants were selected 

as the analysis objects. The characteristic lines of C, H, O, N, and 

CN molecular bands were observed in spectra. The significant 

discrepancies in the spectra of substance samples in the two states 

were mainly reflected in the spectral lines of C (247.87 nm) and H 

(656.22 nm) with different intensities. Through analysis, it was 

found that the change rule of the carbon signal is highly consistent 

with the respiratory cycle. Therefore, the dynamic changes in 

carbon signal are used to monitor respiration. In addition, the 

components of exhaled substances obtained through LIBS are 

consistent with the theory. Moreover, the measurement results of 

respiratory rate calculated by LIBS and FFT are relatively accurate. 

Meanwhile, the experimental results can indicate that verifying the 

existence of organismal respiration should be inferred by signals 

of multiple elements, rather than relying solely on the presence of 

carbon signal. Furthermore, the combination of LDA and BP-

ANN is employed for the traceability of respiration, and the 

accuracy of prediction reached 89.96%. In conclusion, this work 

demonstrates that LIBS can achieve non-invasive and real-time 

monitoring of organismal respiration. By combining with FFT, the 

method can realize the dynamic measurement of respiratory rate. 

The employment of machine learning algorithms can show the 

traceability of different respiration is possible. In comparison to 

existing methods, this approach addresses the limitations of 

previous techniques, such as restricted application scenarios, high 

operational complexity, time inefficiency, and complicated 

manufacturing processes. This paper introduces a novel method 

for the field of respiration with promising potential for practical 

applications. Moving forward, efforts will be made to overcome 

existing limitations, and research on this method in multiple fields 

will be further conducted. 
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