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A B S T R A C T

In photoacoustic spectroscopy (PAS) based gas detection, measurement accuracy and sensitivity are frequently 
constrained by noise interference, particularly under low signal-to-noise ratio (SNR) conditions. Conventional 
filtering methods are generally unable to effectively suppress noise while preserving signal integrity and 
retaining characteristic features, thereby restricting further improvements in detection performance. To address 
this limitation, a novel signal-denoising framework, termed U-LSTM, is proposed by integrating the symmetric 
encoder-decoder architecture of a U-shaped neural network (U-Net) with Long Short-Term Memory (LSTM) 
modules. This hybrid architecture enables the simultaneous extraction of local signal features and the modeling 
of global temporal dependencies, thereby attaining superior suppression of complex, nonlinear noise. The results 
demonstrate that the proposed U-LSTM model substantially outperforms conventional filtering methods. For 
example, when processing the second-harmonic (2 f) signal of carbon monoxide (CO), the SNR increased from 
15.4 for the original signal to 390.4 after denoising, demonstrating the excellent noise-suppression and signal- 
reconstruction capabilities. The proposed method provides a robust and effective denoising solution for PAS- 
based trace-gas detection and significantly improves detection accuracy and system reliability in noisy 
environments.

1. Introduction

Gas detection technology plays a vital role in diverse fields such as 
environmental monitoring [1], industrial safety [2], and medical diag
nosis [3–8], particularly for the accurate detection of trace gases. 
Recently, laser-based spectroscopy techniques have attracted significant 
attention due to their high selectivity, exceptional sensitivity, long 
operational lifetime, and low maintenance requirements [9,10]. Com
mon optical sensing techniques for greenhouse gas detection include 
tunable diode laser absorption spectroscopy (TDLAS), cavity ring-down 
spectroscopy (CRDS) [11], Fourier transform infrared spectroscopy 
(FTIR) [12], non-dispersive infrared spectroscopy (NDIR) [13], and 
photoacoustic spectroscopy (PAS). PAS is particularly noteworthy for its 
background-free detection capability [14,15], making it highly suitable 
for trace gas analysis. In PAS, target gas molecules absorb laser energy at 

specific wavelengths and are excited from the ground state to an excited 
state. According to the principle of energy conservation, the excited 
molecules relax to the ground state through non-radiative transitions, 
releasing energy in the form of acoustic waves. These acoustic signals 
are typically detected by a microphone or a quartz tuning fork, which 
converts them into the electrical current signal [16–20]. Since the 
amplitude of the acoustic signal is directly proportional to the gas con
centration, the concentration can be accurately determined by 
measuring the corresponding electrical output. Moreover, PAS-based 
sensors possess the advantage of being insensitive to detector wave
length selectivity, as the signal is generated acoustically rather than 
optically. As a result, the detection sensitivity can be further enhanced 
when using mid- or far-infrared excitation sources, where molecular 
absorption cross-sections are significantly stronger. However, lasers 
operating in the mid- and far-infrared regions are typically expensive, 
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bulky, and often require water-cooling systems, which limits their 
suitability for practical applications. With the rapid advancements of 
fiber-optic communication technologies, near-infrared distributed 
feedback (DFB) lasers have become more compact, cost-effective, and 
well-suited for integration into photoacoustic sensors. Additionally, 
since the detection sensitivity of PAS sensors is directly proportional to 
the excitation optical power, it can be enhanced by optimizing the op
tical power while avoiding signal saturation. However, in real-world 
measurements, the background-free detection advantage of PAS can 
be compromised by environmental and window-induced noise, espe
cially when high-power excitation sources are employed [21–24].

In recent years, digital filtering techniques have become increasingly 
prevalent in spectral signal processing due to their low cost, high 
compatibility, and simple system architecture. These filters enhance 
measurements qualities without altering the optical setup, thereby 
improving the adaptability and robustness of detection systems. 
Commonly used algorithms include adjacent average filtering (AF), 
Savitzky-Golay (SG) filtering, and wavelet denoising (WD). The AF al
gorithm reduces noise by averaging data points within a local neigh
borhood, making it effective for suppressing high-frequency noise. 
However, for nonlinear signals, it often leads to the loss of edge infor
mation [25]. The SG filter applies a local polynomial least-squares fit, 
preserving higher-order signal features and achieving a balance between 
smoothing and feature retention. However, its performance depends 
strongly on the stationarity and continuity of input data, requiring 
careful parameter optimization to achieve optimal denoising perfor
mance [26]. The WD algorithm, leveraging strong time-frequency 
localization capabilities, is particularly effective for noise suppression 
and feature extraction in non-stationary signals, as it can identify and 
retain transient and high-frequency components. Nonetheless, its 
effectiveness is highly sensitive to parameter choices, such as the 
wavelet basis, thresholding method, and decomposition level, which 
must be fine-tuned for specific applications [27]. Although these 
filtering techniques can effectively suppress noise through different 
mathematical mechanisms, addressing signal properties in the time, 
statistical, and frequency domains, their performance varies with the 
application conditions. As signal and noise complexity increases, tradi
tional filtering approaches often fail to adequately handle nonlinearities, 
complex noise structures, or non-smooth spectral features.

The rapid advancement of artificial intelligence, particularly deep 

learning (DL) [28], has yielded remarkable progress in various optical 
applications, including ultrashort pulse reconstruction, hyperspectral 
imaging classification, and gas concentration inversion [29–31]. Deep 
learning models, especially those based on neural network architectures, 
possess powerful nonlinear mapping and modeling capabilities, 
enabling effective self-regulation and adaptive feedback. These 
strengths have opened new possibilities for enhancing optical mea
surement technologies. Currently, most research efforts focus on inte
grating deep learning with traditional filtering methods to optimize key 
parameters, thereby reducing human bias and improving the adapt
ability and stability of conventional algorithms. However, these hybrid 
approaches still depend heavily on traditional filters, with neural net
works serving primarily as auxiliary tools rather than independently 
performing noise reduction on spectral signals. This dependency con
strains the potential of neural networks, limiting their ability to fully 
exploit their denoising and feature extraction capabilities [32–35]. A 
few studies have explored end-to-end deep learning models for noise 
reduction [36,37]. However, these efforts generally employ simplified 
network architectures and remain in early development stages. There
fore, further research into integration of deep neural networks with 
optical measurement systems is essential for fully leveraging spectral 
information and advancing gas detection technologies.

Building on these insights, this study proposes a novel deep learning 
framework that combines a U-shaped convolutional neural network (U- 
Net) [38] with a long short-term memory (LSTM) architecture to miti
gate noise-induced correlation degradation in photoacoustic spectros
copy (PAS). The proposed U-LSTM model achieves outstanding 
denoising performance, enabling precise detection of low signal-to-noise 
ratio and providing a robust solution for accurate gas detection in 
complex environments.

2. U-LSTM model

The convolutional neural network (CNN) is classified as a feed- 
forward neural network in which convolutional operations are 
employed within a deep architecture. It is particularly suited for pro
cessing data with grid-like structures, such as images, videos, and 
speech. A typical CNN includes an input layer, one or more hidden 
layers, and an output layer. The hidden layers typically contain three 
types of components, i.e. convolutional layers, pooling layers, and fully 

Fig. 1. Schematic of the model.
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connected layers. In CNNs, initial features are extracted through con
volutional operations, after which activation functions are applied to 
introduce nonlinear transformations. This nonlinear mapping enables 
the model to capture complex features, thereby enhancing its expressive 
power. As a result, the model performs deeper abstractions and achieves 
a more sophisticated understanding of the data. This ability to capture 
intricate patterns and relationships within the data substantially im
proves the model performance, allowing it to extract more meaningful 
and valuable information. The signal discussed in this work is the 
second-harmonic (2 f) signal, represented as a one-dimensional time 
series. One-dimensional CNNs (1D CNNs) are particularly effective for 
processing sequential data, as they capture local dependencies by 
applying convolutional filters across the sequence, making them an ideal 
choice for time-series data analysis.

The long short-term memory (LSTM) model is a type of recurrent 
neural network (RNN) that excels in sequence learning. It addresses the 
limitations of traditional RNNs, particularly the difficulty in capturing 
long-term dependencies caused by gradient vanishing or explosion. The 
structure of the LSTM cell is illustrated in Fig. 1. At the core of the LSTM 
is the introduction of gating mechanisms and cell states. The forget gate 
ft determines which historical information is discarded, the input gate it 
controls the storage of new information, and the output gate ot regulates 
the final output state. The cell state serves as the memory backbone 
across time steps, enabling the LSTM to selectively retain important 
information while filtering out redundant data. This design allows the 
LSTM to effectively model temporal dependencies and capture long- 
term relationships in sequential data. The formulation for LSTM is as 
Eqs. (1–6): 

it = σ(Wi⋅[xt , ht− 1] + bi) (1) 

ft = σ(Wf ⋅[xt , ht− 1] + bf ) (2) 

ot = σ(Wo⋅[xt , ht− 1] + bo) (3) 

c̃t = tanh(Wc⋅[xt , ht− 1] + bc) (4) 

ct = ft ⊙ ct− 1 + it ⊙ c̃t (5) 

ht = ot ⊙ tanh(ct) (6) 

.
σ denotes the sigmoid activation function, ☉ denotes element-wise 

accumulation, Wi, Wf , Wo, Wc and bi, bf , bo, bc represent the weight 
matrix and bias term of each module, respectively, xt denotes the input 
value at time t, ht denotes the hidden state vector at time t, ct denotes the 
updated cell state at time t, ̃ct denotes the candidate cell state at time t, 
and tanh denotes the hyperbolic tangent function.

Several state-of-the-art models are based on network architectures 
such as autoencoders, residual networks, dense networks, or their 
combinations. In this study, the U-Net deep learning framework is 
implemented. The U-Net model is a specific type of autoencoder archi
tecture. The encoding part (contraction path) follows the typical archi
tecture of a CNN. Its detailed structure is illustrated in Fig. 1 and 
includes two convolutional layers. Each convolutional layer performs 
convolutions on the feature maps, with the operations determined by the 
number of kernels and the stride. After these operations, the corre
sponding new feature maps are generated. Subsequently, a batch 
normalization (BN) operation is applied to enhance the model’s gener
alization ability. The ReLU activation function is then used to introduce 
a nonlinear transformation to the output feature maps. Max pooling is 
applied for downsampling, with the number of feature channels doubled 
at each step. The output of the final convolutional layer is then passed to 
the bottleneck LSTM layer to capture time-dependent relationships and 
establish global temporal dependencies within the signal. In the pro
posed U-LSTM architecture, the LSTM module is inserted only at the 
bottleneck layer between the encoder and decoder to capture global 
temporal dependencies, rather than being applied to other feature 
extraction stages. The decoding section (expansion path) restores the 
size of the feature maps and maintains a structure that is symmetric to 
the encoding section. This symmetry allows the reuse of feature maps by 
concatenating those at the same level, thereby reducing information loss 
during the encoding-decoding process.

Thus, the U-LSTM model was developed to perform noise reduction 
on photoacoustic spectroscopy signals. This architecture bridges 
dimensional expansion and reduction by first projecting the input data 
into a higher-dimensional feature space and subsequently mapping it 

Fig. 2. Schematic diagram of CO gas sensor.
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back to a lower dimensional representation. Through this process, noise 
filtering is achieved without attenuating the signal peak amplitude. By 
analyzing spectral data on a global scale, the model captures de
pendencies and correlations among all data points while preserving the 
essential peak characteristics of the signal. The model input consists of a 
noisy signal with 1222 data points, and the output is the corresponding 
smoothed, noise-free signal reconstruction.

3. Experimental system and data collection

3.1. Experimental setup

The experimental system is shown in Fig. 2. A gas distribution system 
was employed to mix CO with zero gas in different proportions. In this 
work, zero gas refers to synthetic air, which is mainly composed of ni
trogen and oxygen and contains no target gas components. The CO 
mixtures used in this work were generated from 1% CO balanced in zero 
gas and were further diluted to the desired concentrations using mass 
flow controllers. To optimize signal quality, the gas flow rate was 
maintained at 50 standard cubic centimeters per minute (sccm) to 
minimize airflow-induced noise. The sample gases were kept at room 
temperature (approximately 296–298 K, ~23–25◦C) without additional 
heating or cooling. The prepared gas mixtures at different concentra
tions were introduced into the sealed differential resonant photoacoustic 
cell through a mass flow controller (MFC). After passing through the 
cell, the gas was then evacuated through a pressure controller by using a 
vacuum pump. Both the gas flow rate and pressure within the sensing 
system were precisely regulated using flow meters and pressure con
trollers to ensure stable operating conditions throughout the experi
ments. A low-noise differential resonant photoacoustic cell was 
employed to enhance detection sensitivity and suppress external noise. 
The cell contains two identical cylindrical cavities serving as resonant 
chambers, each 90 mm in length and 4 mm in radius, and was designed 
with fully symmetrical geometry to minimize noise generated by 
airflow, window absorption, and electromagnetic interference. The 
resonant frequency of the differential photoacoustic resonator was 
1786 Hz. A signal generator was used to produce two types of waveform 
signals, sine waves and sawtooth waves. These signals modulated the 
frequency and intensity of the laser. When the emitted laser passes 
through the photoacoustic cell, an interaction occurs between the laser 

and gas molecules. The resulting photoacoustic signal was detected by 
two Primo EM258 electret condenser microphones integrated into the 
detection cavity. The EM258 is an omnidirectional microphone with a 
sensitivity of − 32 ± 3 dB at 1 kHz (0 dB = 1 V/Pa), an impedance of 1.6 
kΩ ± 30% at 1 kHz, an S/N ratio of 74 dB at 1 kHz, and a maximum 
input sound pressure level of 115 dB SPL. Its frequency response covers 
approximately 100 Hz− 20 kHz. The microphones converted the pho
toacoustic signals into electrical signals, which were then transmitted to 
the differential amplification circuit and lock-in amplifier to extract the 
2 f signal. A personal computer was used for data acquisition and control 
via an RS232 serial port, and the acquired data were displayed in real 
time using a LabVIEW program. The corresponding 2 f signals from CO 
samples at different concentrations were recorded and analyzed.

Based on the spectral line intensity, the HITRAN database was used 
to identify a strong absorption peak of CO at a wavenumber of 
6377.4 cm− 1 (Fig. 3). The system uses a DFB diode laser as the excitation 
source, with a center wavelength of 1567.38 nm. This wavelength was 
coarsely adjusted by changing the temperature and finely tuning the 
injection current.

3.2. Dataset description

The deep learning model for photoacoustic spectroscopy denoising 
was trained using theoretically simulated second-harmonic (2 f) signals 
derived from the HITRAN database. The spectral line parameters were 
obtained from the HITRAN database using the SpectraPlot Line Survey 
tool. For the CO absorption line near 6377.4 cm− 1, the air-broadened 
half-width γair, self-broadened half-width γself , and temperature- 
dependence exponent nair were 0.0606 cm− 1 atm− 1, 0.066 cm− 1 

atm− 1, and 0.75, respectively. Spectral data corresponding to 200 sets of 
CO/synthetic-air mixtures at varying concentrations were generated. 
Specifically, the concentration points were distributed in three ranges, 
including 55 sets from 40 to 95 ppm, 135 sets from 110 to 400 ppm, and 
10 sets from 410 to 500 ppm. Instead of using a single fixed step size, a 
non-uniform concentration distribution was adopted to cover different 
concentration regions. Based on the simulated spectral absorbance, the 
2 f signal was obtained by first defining key modulation parameters, 
such as the center wavelength and modulation depth. The wavelength of 
the laser was modulated as Eq. (7)

λ(t) = λ0 +Δλ⋅ sin(2πft) (7) 

Fig. 3. Absorption lines of CO and H2O between 6376 cm− 1 and 6380 cm− 1.
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where f is the modulation frequency, λ0 represents the center wave
length, and △λ denotes the modulation depth. Numerical calculations 
indicated that the modulation depth corresponding to the maximum 2 f 
signal was approximately 2.2 times the half width at half maximum 
(HWHM). The photoacoustic signal P(t) is proportional to the absorbed 
optical power, as shown in Eq. (8)

P(t)∝I(t)⋅(A(λ(t)) (8) 

where I(t) is the laser intensity and A(λ(t)) is the instantaneous absor
bance. The 2 f signal originates from the second-harmonic term in the 
Fourier expansion of A(λ(t)).

These signals were inherently ideal and free from noise interference. 
To simulate real-world experimental conditions and enhance the 
model’s ability to process noisy data, Gaussian white noise was added 
together with non-Gaussian components, including pink noise and low- 
frequency sinusoidal noise. The standard deviation of the Gaussian 
white noise was set in the range of approximately 1 × 10− 6 to 1 × 10− 5, 
while the amplitude of the pink noise was approximately 1 × 10− 6 to 
3 × 10− 6 and that of the low-frequency sinusoidal noise was approxi
mately 3 × 10− 6. By adjusting these noise parameters, the overall noise 
level was varied to expand the dataset, ensuring that the spectral char
acteristics closely resembled those of the experimental spectra. This 
approach improves the model robustness and enables it to perform 
reliably under unforeseen disturbances.

As a result, a comprehensive dataset comprising 836 sets of CO PAS 
2 f signals was constructed. Each signal contained 1222 data points, and 
all ideal CO PAS 2 f signals were treated as ground-truth references 
(model labels).

To ensure the stability and generalization of the trained model when 
applied to experimentally measured data, the comprehensive dataset 
was normalized. This preprocessing step involved subtracting the mean 
of each signal and dividing it by its standard deviation, thereby stan
dardizing the data such that the mean equals zero and the standard 
deviation equals one. Mathematically, this normalization process can be 
expressed as Eq. (9)

y =
x − μ

σ (9) 

where x represents the original 2 f signal, μ represents the normalized 2 f 
signal, μ is the mean of all x, and σ is the standard deviation of x. The 
network parameters were then trained using the normalized dataset, and 
the entire learning procedure is illustrated in Fig. 4.

3.3. Training the U-LSTM model

The U-LSTM model was implemented using the PyTorch 2.4.1 deep 
learning framework under Python 3.8 and CUDA 12.4. As shown in 
Fig. 1, the U-LSTM model adopted an encoder-LSTM-decoder architec
ture. The input was a one-dimensional 2 f signal with a size of 1 × 1222. 
The encoder contained two Conv1D blocks, where the feature channels 
were mapped from 1 to 32 and then from 32 to 64. Both Conv1D layers 
used a kernel size of 5, a stride of 1, and same padding, followed by 
batch normalization and ReLU activation. Max pooling with a kernel 
size of 3 and a stride of 3 was applied after each encoder block for 
downsampling. The extracted high-level features were then fed into a 
two-layer LSTM module at the bottleneck, where the feature dimension 
was increased from 64 to 128 to capture global temporal dependencies. 
In the decoder, two transposed convolutional layers were used for 
upsampling, with channel transitions of 128–64 and 64–32, respec
tively. Skip connections were introduced between the encoder and 
decoder to preserve local feature information. Finally, a 1 × 1 Conv1D 
layer mapped the 32-channel feature representation back to a single- 
channel denoised output. The dataset was randomly divided into 
training and testing sets at an 8:2 ratio. During training, hyper
parameters were tuned within a predefined range to optimize model 
performance and ensure robust convergence. The mean square error 
(MSE) was employed as the loss function in the model, as shown in Eq. 
(10)

Fig. 4. Detailed learning procedure of U-LSTM algorithm.
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MSE =
1
n
∑n

i=1
(y(i) − ŷ(i))2 (10) 

where i is the index corresponding to the whole output data or label of 
the input data, and n is the number of the data points of the truth label. 
y(i) represents the 2 f signal output signal value of the model at the 
position i. ŷ(i) denotes the 2 f signal label value at the position i. To 
accelerate training and prevent gradient vanishing or explosion, the 
ReLU activation function was used in the model, as shown in Eq. (11)

ReLU(x) =
{ x, x > 0

0, otherwise
(11) 

.
During algorithm training, a batch size of 128 was used, together 

with the Adam optimizer with a learning rate of 0.0001, for a total of 
500 epochs. All training and testing were performed on an NVIDIA 3050 
Ti GPU. After training was completed, the parameters and structure of 
the optimal model were saved. The trained model was further evaluated 
in inference mode, and the average inference time for a single 

Fig. 5. (a) Comparison of noisy signal and denoised signal. (b) Comparison of denoised signal and original signal.
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normalized 1222-point 2 f signal was approximately 175 ms on the same 
NVIDIA 3050 Ti GPU.

4. Results and discussion

Based on the test dataset, Fig. 5(a) compares the noisy and denoised 
signals, demonstrating that the model effectively suppresses noise. Fig. 5
(b) presents a comparison between the denoised signal and the ideal 
signal, confirming that the model preserves the fundamental charac
teristics of the original waveform. Collectively, these results validate the 
effectiveness of the proposed model in photoacoustic signal denoising.

Subsequently, the denoising performance of the proposed model was 
systematically compared with those of conventional filtering methods 
and deep-learning-based approaches. The 2 f signals were processed 
using the S-G, AF, WD, CNN, U-Net, and U-LSTM algorithms, and the 
corresponding filtering results, together with the original noisy signal, 
are presented in Fig. 6(a). To more intuitively evaluate the denoising 
capability of each method, an enlarged view of the non-absorptive re
gion is provided in Fig. 6(b). The results show that the S-G and AF al
gorithms exhibit relatively limited noise suppression capability, as 
evidenced by the residual fluctuations observed in both the absorptive 

and non-absorptive regions. Although partial suppression of high- 
frequency noise is achieved, obvious baseline oscillations still remain, 
suggesting that these methods provide limited denoising performance 
under complex noise conditions. In comparison, improved smoothing 
performance is achieved by the WD algorithm owing to its superior 
time–frequency localization capability. However, slight distortions of 
local signal details are still observed after processing.

Compared with conventional filtering methods, the deep-learning- 
based CNN, U-Net, and U-LSTM approaches exhibit significantly 
enhanced denoising performance. Random noise is effectively sup
pressed by the CNN model; however, local fluctuations near the ab
sorption peaks are still retained, indicating limited capability in 
modeling long-range temporal dependencies. By employing the enco
der–decoder architecture and skip-connection mechanism, the U-Net 
model further improves signal smoothness while enhancing feature 
extraction and information recovery during the reconstruction process. 
Among all investigated methods, the proposed U-LSTM model exhibits 
the best overall denoising performance. This improvement can be 
attributed to the synergistic effect of the U-Net and LSTM modules. The 
U-Net encoder-decoder structure with skip connections enhances local 
spectral feature extraction and helps preserve the main waveform 

Fig. 6. (a) Filtering effectiveness of different filtering algorithms. (b) Detailed comparison of denoising performance in the non-absorptive region for different 
filtering algorithms. The curves are vertically offset for clarity.
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morphology, while the LSTM layer captures the global sequential cor
relations of the 2 f signal and further suppresses residual noise fluctua
tions. Therefore, the superior denoising performance of the U-LSTM 
model can be attributed to the synergistic integration of local feature 
extraction and temporal dependency modeling, rather than to either 
component individually. In particular, the smallest baseline fluctuation 
is observed in the non-absorptive region after U-LSTM processing. SNR 
and MSE serve as primary metrics for evaluating denoising performance, 
defined as Eqs. (12) and (13)

SNR =
Signalpeak

std(Signalnoise)
(12) 

MSE =
1
n
∑n

i=1
(Signaldenoised − Signalnoise− free)

2 (13) 

where std denotes the standard deviation, Signalpeak is the peak ampli
tude of the 2 f signal, Signalnoise is the noise component of the 2 f signal, 
Signaldenoised is the denoised signal, and Signalnoise− free is the ideal analog 
2 f signal.

Detailed comparison parameters are summarized in Table 1. When 
the U-LSTM model was applied for signal denoising, the SNR of the noisy 
2 f signal increased significantly from 19.119 to 585.839, while the MSE 
decreased from 9.853 × 10− 12 to 1.192 × 10− 12. In the non-absorptive 

region, the U-LSTM algorithm effectively suppresses noise fluctua
tions, whereas in the absorption region, the principal spectral charac
teristics and peak morphology are well preserved while residual noise is 
efficiently removed, resulting in smoother and clearer signal profiles.

Compared with conventional filtering methods, including S-G, AF, 
and WD, the deep-learning-based CNN, U-Net, and U-LSTM approaches 
exhibit superior denoising performance. The CNN model increases the 
SNR to 154.319 and reduces the MSE to 1.082 × 10− 12, indicating 
improved noise suppression capability compared with traditional 
methods. By employing the encoder-decoder architecture and skip 
connections, the U-Net model further enhances signal reconstruction 
performance, achieving an SNR of 368.625 and the lowest MSE of 
8.66 × 10− 13. Although the MSE obtained by the U-LSTM model is 
slightly higher than that of U-Net, the U-LSTM model achieves the 
highest SNR of 585.839, demonstrating superior capability in sup
pressing noise fluctuations and enhancing signal quality. These results 
indicate that the U-Net model provides better point-wise reconstruction 
accuracy, whereas the proposed U-LSTM model exhibits stronger overall 
denoising capability and signal enhancement performance for simulated 
2 f signals. Although MSE provides a useful measure of the overall point- 
by-point reconstruction error, SNR is considered a more critical evalu
ation metric for the present photoacoustic denoising task. In photo
acoustic gas sensing, the practical detection capability is mainly 
determined by the amplitude of the absorption-related signal relative to 
the residual noise background. Therefore, SNR is directly associated 
with signal detectability, measurement precision, and the potential limit 
of detection. In contrast, MSE reflects the average deviation over the 
entire waveform and may not fully represent the improvement in 
sensing performance, especially when slight smoothing or amplitude 
distortion occurs. For this reason, MSE was used as a complementary 
reconstruction metric, whereas SNR was emphasized as the primary 
indicator for evaluating the denoising performance.

Building upon the promising results obtained from the simulated 
dataset, the trained U-LSTM model was further applied to the experi
mentally measured 2 f signal of 1% CO balanced in zero gas. The cor
responding denoising results are presented in Fig. 7, demonstrating that 
the trained model exhibits strong robustness, effectively suppressing 

Table 1 
Comparison of the signal-to-noise ratio (SNR) and mean squared error (MSE) 
obtained using different filtering algorithms for simulated 2 f photoacoustic 
signals.

Filtering method SNR MSE

Noisy signal 19.119 9.853e− 12

S-G 82.205 4.686e− 12

AF 71.043 3.032e− 12

WD 123.856 1.71e− 12

CNN 154.319 1.082e− 12

U-Net 368.625 8.66e− 13

U-LSTM 585.839 1.192e− 12

Fig. 7. Denoising results of the 2 f signal measured for 1% CO in zero gas using the U-LSTM model.
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noise while preserving the essential features of the CO signal at this 
concentration.

Fig. 8 displays the peak amplitude and noise standard deviation of 
both the experimentally measured and denoised 2 f signal. The SNR of 
the original signal was ~15.4, and after denoising, it increased to ~390, 
representing an approximately 25-fold improvement.

5. Conclusions

This study proposes a U-LSTM model designed to reduce noise in 
photoacoustic spectroscopy signals under complex noise conditions. By 
integrating a U-shaped convolutional network architecture with LSTM 
modules, the model overcomes the feature extraction limitations of 
shallow networks, substantially enhancing both noise reduction per
formance and system stability. Experiments with simulated data 
demonstrate that the U-LSTM model outperforms traditional filtering 

Fig. 8. (a) Experimentally measured peak amplitude and noise standard deviation of the 2 f signal. (b) Corresponding values after U-LSTM denoising, showing a 
significant enhancement in SNR and overall signal clarity.
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methods, achieving an SNR of ~ 585.8 and an MSE of 1.2 × 10− 12. 
Analysis of experimental data further reveals that, for a 1% concentra
tion of CO in zero gas, the model increases the SNR by approximately 25- 
fold. These findings confirm that the proposed U-LSTM-based denoising 
algorithm exhibits high robustness and excellent denoising perfor
mance. The proposed U-LSTM model learns the mapping relationship 
between noisy and clean photoacoustic 2 f signals, and therefore has 
potential applicability to other gas species or photoacoustic sensing 
platforms. Nevertheless, because different gases and sensing systems 
may exhibit different absorption line shapes, modulation conditions, 
resonance characteristics, and noise distributions, additional training 
data, transfer learning, or model fine-tuning may be required for prac
tical implementation in other systems. From an engineering perspective, 
the proposed method can serve as a software-based denoising strategy 
without significantly modifying the optical or acoustic hardware, which 
is beneficial for improving signal quality and detection stability in 
practical photoacoustic gas sensing applications. The proposed 
approach provides a promising framework for high-precision gas 
detection in challenging environments and contributes to the advance
ment of deep learning applications in optical and photoacoustic gas 
sensing.
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