
Identification of microplastics with cantilever enhanced photoacoustic 
spectroscopy in infrared region

Sudatta Das a,*, Rita Fernandes b,c, Juho Karhu a,d, Blaz Hrovat e, Arto Koistinen e ,  
Roberto Martins c , Carlos Marques b,h, Juha Toivonen f, Erkki Ikonen a,g

a Metrology Research Institute, Aalto University, Espoo, Finland
b CICECO, Physics Department, University of Aveiro, Aveiro 3810-193, Portugal
c CESAM & Department of Biology, University of Aveiro, Aveiro 3810-193, Portugal
d Department of Chemistry, University of Helsinki, Helsinki, Finland
e University of Eastern Finland, Department of Technical Physics, Kuopio, Finland
f Photonics Laboratory, Physics Unit, Tampere University, Tampere, Finland
g VTT MIKES, VTT Technical Research Centre Finland, Espoo, Finland
h Department of Physics, VSB – Technical University of Ostrava, Ostrava 70800, Czech Republic

A R T I C L E  I N F O

Keywords:
Environmental monitoring
Photo acoustics spectroscopy (PAS)
Infra-red region (IR)
Microplastics identification

A B S T R A C T

Microplastics have become ubiquitous in the environment, posing significant threats to ecosystems and organ
isms across the globe. Accurate risk assessment of these pollutants hinges on the availability of comprehensive 
qualitative and quantitative data. This paper demonstrates the potential of photoacoustic spectroscopy (PAS) 
coupled with an external cavity quantum cascade laser (EC-QCL) for identifying various plastic polymers within 
the mid-infrared (mid-IR) range. To simulate the presence of microplastics in aqueous environments, the par
ticles were prepared under controlled conditions through cryogenic milling of commercial polymer beads, fol
lowed by dispersion in ultrapure water. Finally, these simulated samples underwent filtration using gold-coated 
polycarbonate filters. The microplastics deposited on these filters were successfully identified by analyzing the 
photoacoustic (PA) spectra of individual particles or small clusters. The resulting absorption spectra were 
compared with both attenuated total reflectance (ATR) library spectra and transmission (TRX) spectra. While the 
PA spectra closely matched the transmission spectra, they exhibited shifts in absorption peak positions compared 
to ATR spectra. This study serves as a proof of concept, highlighting the capability of photoacoustic spectroscopy 
in identifying microplastic particles in environmental samples and paving the way for more accurate and efficient 
microplastic detection methodologies.

1. Introduction

The global production of plastics has reached staggering levels, with 
the latest report [1], estimating an annual output of 460 Mt. Alarmingly, 
this unsustainable trend, coupled with poor waste management prac
tices, is projected to result in a catastrophic 12 000 Mt of plastics ending 
up in the environment by 2050 [2]. The root cause of this environmental 
crisis lies in the weathering effect [3], a natural degradation process that 
causes larger plastic items to break down into smaller fragments. These 
fragmented plastics, known as microplastics and nanoplastics, are now 
polluting both terrestrial and aquatic ecosystems at an alarming rate. 
Microplastics [4,5] are typically defined as plastic particles ranging from 
0.1 µm to 5 mm, while those sized at or below 0.1 μm are classified as 

nanoplastics [6]. These particles can enter the human body through oral 
intake, inhalation, and dermal contact [7] raising serious health con
cerns due to their persistence, bioaccumulation and potential toxicity [8, 
9]. A striking example of their ecological impact was reported in 
Samarinda City, Indonesia, where microplastics were detected in the 
digestive tracts of Silver Barb (Barbonymus gonionotus), with a total of 
448 microplastic particles recovered across all specimens [10]. Such 
findings highlight the direct ecological impact of microplastics on 
aquatic species and raises serious concerns about their potential transfer 
through the food chain. Numerous studies have been conducted in 
recent years to identify the sources, sinks, occurrence, monitoring, and 
assessment of microplastics to better understand their distribution and 
abundance in the environment [11–13].
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Analytical methods used for microplastic analysis include micro
scopy (Scanning electron microscopy, SEM), pyrolysis-gas chromatog
raphy coupled with mass spectrometry (py-GC/MS), Fourier transform 
infrared spectroscopy (FTIR), Raman spectroscopy, and optical photo
thermal infrared spectroscopy (O-PTIR) [14–16]. Among these, FTIR 
and Raman spectroscopy are widely used methods for identifying 
microplastics in environmental samples. FTIR analyzes the absorption of 
IR radiation to identify molecular vibrations associated with specific 
chemical bonds and functional groups. In contrast, Raman spectroscopy 
is based on inelastic scattering of light, enabling the identification of 
polymer types, even those with particle sizes below 20 µm. However, 
both techniques face limitations in terms of acquisition times and matrix 
interference.

An external cavity quantum cascade laser (EC-QCL) has been suc
cessfully employed in previous studies of microplastic detection in the IR 
region, using hyperspectral imaging [17] and laser direct infrared 
(LDIR) method [18]. Additionally, the introduction of machine learning 
(ML) has greatly advanced the analysis of spectral data for the detection 
and classification of microplastics. Traditional approaches often rely on 
manual interpretation, which can be time-consuming and susceptible to 
human error, especially when handling complex environmental sam
ples. In contrast, ML algorithms have been successfully integrated with 
techniques such as FTIR, Raman spectroscopy, and hyperspectral im
aging to automate microplastic identification. This integration is 
particularly valuable for real-time monitoring applications, where rapid, 
accurate, and scalable detection methods are crucial [19,20]

Photoacoustic spectroscopy (PAS), on the other hand, is recognized 
as a non-destructive, versatile, and powerful analytical technique that 
utilizes the principles of light absorption and acoustic wave generation 
to provide insights into the composition of various materials. In the 
realm of microplastic research, PAS has already demonstrated its utility 
by successfully identifying microplastics in the UV–VIS spectral range 
[21]. Recent advancements in PA imaging with deep learning [22] have 
enabled the microplastic detection with high accuracy. Despite its po
tential, PAS has not yet been tested for infrared (IR) spectroscopic 
analysis in the chemical identification of microplastics. Notably, the 
sensitivity of PAS can be significantly enhanced through the use of a 
sensitive cantilever microphone [23], enabling the detection of lower 
concentrations of analytes compared to conventional PAS. Hence, this 
approach with cantilever-enhanced photoacoustic spectroscopy 
(CEPAS) enables the detection of much lower analyte concentrations 
compared to conventional PAS systems. Additionally, CEPAS offers a 
wide linear dynamic range, allowing quantitative analysis across a 
broad concentration range [24,25].

The technique relies on the motion of an ultra-thin cantilever, which 
functions as a microphone that responds to pressure variations in the 
surrounding air or gas, induced by modulated infrared light absorption. 
When the target sample, within the enclosed chamber absorbs energy 
from a laser, its molecules transition from their ground state to an 
excited state. Subsequently, these excited molecules undergo thermal 
relaxation, resulting in an increase in local pressure. When the laser is 
modulated, this heating occurs periodically, producing cyclic thermal 
expansion and generating acoustic waves. The cantilever detects these 
pressure fluctuations, and its mechanical motion is read by an optical 
interferometer, producing a PA signal output. In this study, we 
demonstrate for the first time, the application of CEPAS in the mid-IR 
range for the identification of microplastic polymers in the size range 
of 25–70 µm.

2. Material and methods

2.1. Instrumentation

The experimental setup (shown in Fig. 1) utilizes a tunable EC-QCL 
to generate IR radiation in the wavelength range of 8.5–10.5 μm. In 
this configuration, solid samples are enclosed within the sample 

chamber of the PA cell (PA 301, Gasera, https://gasera.fi/product 
/pa301) and irradiated by the EC-QCL (Hedgehog, Daylight Solutions, 
https://www.daylightsolutions.com/products/hedgehog/). The PA cell 
comprises of a transparent KBr window, a thin layer of air, and an 
aluminum sample holder with a diameter of 10 mm. The cantilever 
sensor, in conjunction with the readout interferometer, functions as an 
optical microphone. This setup exhibits superior sensitivity compared to 
conventional microphone technologies when applied to PA detection.

During measurements, the laser beam first passes through an un
coated ZnSe beam splitter (WW71050, Thorlabs). From there, one 
portion of the beam is reflected through an anti-reflection coated ZnSe 
window (WG70530-G) to a thermopile-based power meter (TIS A32, 
Heimann Sensor). The second ZnSe window is used to reduce the optical 
power to a level suitable for the detector. The other portion of the beam 
transmits through a mechanical chopper (SR540, Stanford Research 
Systems), which periodically chops the beam at a frequency of 120 Hz. 
The chopped beam is then focused on the sample by an off-axis parabolic 
mirror. The laser spot size, calculated at 280 µm, was determined from 
the beam diameter of 2.33 mm before the parabolic mirror along with 
the mirror focal length of 50.8 mm. The PA cell is mounted on a trans
lation stage, enabling fine adjustment of the laser spot position relative 
to the sample inside the cell. A LabVIEW-based program was developed 
and implemented to control laser parameters, perform wavelength 
scanning, and record signals from both the microphone and the power 
meter.

Fig. 2 shows the laser power distribution over the measured IR re
gion. Since the PA signal depends on the optical power, the power is 
monitored throughout the measurements. However, it is important to 
note that the measurements from the power meter are influenced by the 
protective windows covering the sensor head. To accurately account for 

Fig. 1. Schematic diagram of PA measurement setup. The PA 301 unit was 
mounted on a translation stage, allowing movement of the sample holder with 
respect to the parabolic mirror and the beam path.

Fig. 2. Laser power distribution measured using a thermopile-based 
power meter.
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the transmission effects of the optical window in the power meter, as 
well as the wavelength-dependent reflectivity of the two ZnSe windows, 
we performed a separate comparative analysis using a windowless 
thermopile power meter (B01-SMC, greenTEG) positioned prior to the 
PA cell. This second power meter provided the actual power entering the 
PA cell. By calculating the ratio of the signals obtained from both de
vices, we were able to correct the power spectrum recorded during the 
PA measurements effectively.

2.2. Sample preparation

The study aims to identify microplastics derived from commonly 
used polymers found in packaging, textiles, and other everyday products 
[26]. To support this objective, the setup was tested using samples 
prepared from polystyrene (PS), polyvinyl chloride (PVC), and poly
ethylene terephthalate (PET) beads. The first step in microplastic 
preparation involved immersing commercial beads of PS (143 E Basf, 
Germany), PVC (Etradur and etraplast, Etra Finland), and PET (RAM
APET R182, Indorama, Indonesia) in liquid nitrogen for approximately 
10 min. The cryogenically frozen beads were then milled using a Retsch 
ZM200 polymer mill to produce fine microplastic particles, following 
the method described in a previous study [27]. The resulting powder 
was then sieved using steel precision sieves with mesh sizes of 25, 70 and 
100 µm. Further details regarding the preparation and characterization 
of the microplastic samples can be found in the earlier publication [27].

To investigate the potential of using PAS for microplastic detection, 
separate filter samples were prepared using microplastics of PS, PVC, 
and PET, with particle sizes ranging from 25 to 70 µm. The microplastics 
were initially dispersed in ultrapure water to simulate environmental 
water samples. Approximately 50 ml of each dispersion was then filtered 
through gold-coated polycarbonate filters with 0.8 µm pore sizes and 
25 mm diameters. A circular disk of 9 mm was manually excised from 
each filter using a hole punch to fit into the sample holder of the PA cell. 
The prepared filter samples, shown in Fig. 3, were maintained at low 
particle concentration to facilitate targeted analysis of individual par
ticles or small clusters using the tightly focused laser beam.

3. Results

In this demonstration, we collected paired sample and background 
signals for each filter by manually scanning the laser position across the 
filter surface. To locate a microplastic particle, the laser wavelength was 
precisely tuned to match the peak absorption of the corresponding 
plastic polymer. The spatial scanning process began by positioning the 
laser beam at the center of the filter, followed by adjusting the position 
to maximize the PA signal intensity. Once the optimal position was 
identified, the sample spectrum was recorded over a wavelength range 
of 8.9–10.5 µm, in 13 nm increments. To establish a reliable baseline, 
the laser wavelength was again tuned to match the peak absorption, but 
the beam was redirected to a nearby location where the signal was 
minimal and remained stable even with slight positional changes. The 
background spectrum was then measured using the same settings as 
those used for particle measurement.

All the measured raw spectra are processed through three steps:

3.1. Power normalizing all sample and background spectra

Since PA signal is directly proportional to the optical power, all 
spectra were normalized by dividing the raw PA signal by the measured 
laser power. Fig. 4 shows an example of power-normalized raw spectra 
of a filtered PET sample acquired at different laser power levels, adjusted 
by varying the driving current. Despite these changes, the spectral shape 
and intensity remain consistent, indicating that power normalization 
effectively corrects for variations in optical power. For all original 
sample measurements, the laser current was set to 1400 mA. It is worth 
noting that most of the remaining spectral noise originates from the laser 
wavelength scanning process. This may be due to slight fluctuations in 
optical power that are not fully corrected by normalization or due to 
minor beam pointing variations caused by tuning of the laser cavity 
grating.

To assess the repeatability of the measurement, both signal and 
background spectra were measured five times for each sample. Fig. 5
presents the individual raw spectra of a PS particle, demonstrating the 
stability and reproducibility of the PA signal. The average of the five 
repeated measurements was used for subsequent data analysis.

3.2. Subtracting the background spectra from the sample spectra

As previously stated, the baseline or background signal was deter
mined by positioning the laser beam to a nearby location on the filter. 
The process began by centering the laser on the filter. The stage was then 
gradually moved in both directions, and the presence of a particle was 
identified by monitoring the PA signal: a sharp increase followed by a 
decrease in signal intensity indicated that the laser had passed over a 
particle. To determine the background signal, the stage was moved 
further to a region where the PA signal remained stable as the laser 
position was adjusted, confirming that the laser was no longer inter
acting with any particle. This stable, low-level signal was recorded as the 

Fig. 3. Prepared filter samples with PS, PVC and PET (from left to right).

Fig. 4. PA spectra acquired at different power levels, after applying power 
normalization but prior to background subtraction and any additional signal 
processing. The optical power was varied by adjusting the laser driving current, 
as indicated in the figure legend.
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filter background. Fig. 6 presents a comparison between the power- 
normalized raw spectrum of a PS particle and its corresponding filter 
background. As shown, the background signal is consistently lower than 
the sample signal and does not exhibit any strong spectral features that 
could interfere with microplastic detection. Finally, the background 
spectrum was subtracted from the total PA signal, yielding the corrected 
spectrum corresponding to the microplastic sample.

To quantitatively assess the signal quality, the signal-to-noise ratio 
(SNR) was calculated from the power-normalized and background- 
subtracted spectra. The resulting SNR values were 14.46 for PS, 80.53 
for PVC, and 71.44 for PET. The signal was evaluated as the peak height 
of characteristic absorption bands (at wavelength 9.72 µm for PS, 
10.35 µm for PVC, and 10.27 µm for PET), measured from the lowest 
local trough at the base of each peak. The standard deviation of the filter 
background spectrum was used as the noise level. These values 
demonstrate that the signals are significantly above the noise level, 
thereby validating the sensitivity and reproducibility of the PA spectral 
measurements.

3.3. Signal smoothing

At this point, the smoothing filter is applied to the spectrum by 
calculating the adjacent average of five consecutive data points. This 
step partially counteracts the laser scanning noise, at a cost of increased 

measurement time, since the spectra must be collected at smaller 
wavelength steps to adequately resolve the polymer features. Fig. 7
presents the processed PA spectra of filter samples made from PS, PVC, 
and PET. For comparative analysis, the optical absorption (OA) spectra 
of the pristine powders used to prepare these samples were also 
measured using Attenuated Total Reflectance Fourier Transform 
Infrared Spectroscopy (ATR-FTIR). To facilitate easier comparison, all 
spectra have been normalized in the figures.

4. Discussion

We focused our analysis on the major absorption peaks of PS, PVC, 
and PET, which were observed within the wavelength range of 
8.9–10.5 µm, as shown in Fig. 7. The PA spectra of the filter samples 
exhibited all spectral features present in the FTIR spectra, enabling 
reliable chemical identification of the polymers. However, we observed 
shifts in peak positions compared to FTIR spectra, with PET exhibiting 
the most pronounced wavelength shift.

The PA response is influenced by several factors, including laser 
power, absorption coefficient (β) and sample’s thermal diffusion length 
(µα) which is inversely proportional to the modulation frequency. In our 
study, we set modulation frequency at 120 Hz, resulting in a calculated 
µα in the range of 20 µm for all the plastics analyzed. Importantly, a 
saturation effect occurs when the sample’s absorption length (denoted 
as β⁻¹) becomes shorter than its µα. In this saturated regime, the PA signal 
amplitude becomes independent of β. Only the heat generated within µα 
has a significant contribution to the PA signal, while heat generated 
deeper in the sample does not have time to reach the surface within the 
time scale of the modulation.

To understand the cause of the observed peak shifts, we calculated 
the absorption lengths for PS and PVC, from their respective refractive 
indices [28,29]. The analysis revealed that these absorption lengths are 
comparable to, or greater than, their µα even at the top of the observed 
absorption peaks, suggesting that the signal remains proportional to the 
β. In contrast, PET demonstrates a much smaller absorption length 
relative to its µα [28], resulting in the confinement of radiation to a 
smaller region and consequently leading to PA saturation [30,31]. In the 
presence of saturation, satellite absorption from the adjacent, more 
intense absorption band in PET can significantly influence the shape of 
the absorption spectrum. This effect extends to regions surrounding 
weaker absorption features, potentially causing apparent shifts in their 
peak positions.

A recent study [32] also reported similar shifts between transmission 
(TRX) and ATR spectra, attributing these shifts to the refractive index 
dependence in ATR measurements [33]. In Fig. 8, we compare the shifts 
observed in the ATR and TRX spectra from the referenced article [27]
with the PA spectra measured in our study. Notably, the TRX and PA 
spectra align closely, while the peaks in the ATR spectra are shifted. 
These differences likely stem from the unique optical characteristics 
inherent to ATR spectroscopy. The close agreement between the PAS 
and TRX spectra suggests that TRX-mode library spectra may be more 
appropriate as references in PAS-based spectral comparisons. However, 
it is important to note that when comparing spectra across different 
modalities, both the refractive index dependence of ATR spectra and the 
saturation effects in PAS must be considered. As both phenomena are 
proportional to absorption, distinguishing between them can be 
challenging.

5. Conclusion

To the best of our knowledge, this study presents the first application 
of CEPAS for mid-IR spectral analysis of microplastics, highlighting its 
strong potential as a powerful technique for their detection and chemical 
identification. The method was applied to three widely used polymer 
types: PS, PVC, and PET and the resulting spectral data were compared 
with traditional ATR-FTIR measurements, demonstrating the capability 

Fig. 5. Five individual measurements of PS particle, after applying power 
normalization but prior to background subtraction and any additional signal 
processing, demonstrating the repeatability of the measurement.

Fig. 6. Raw Polystyrene spectra with background signal. The background 
signal is collected by carefully tuning the position of the filter to a spot without 
microplastics.
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of CEPAS for accurate chemical identification of microplastics. 
Although, the current study focused on idealized microplastic samples 
selected based on material availability and spectral range constraints, 
the approach shows strong potential for adaptation to more diverse 
microplastic types and complex environmental matrices. Expanding the 
method to encompass a wider variety of polymers and real-world sample 
conditions will be an important direction for future work [34].

Several key developments are envisioned to enhance the system’s 
applicability. First, a broader wavelength range will be essential to 
differentiate a wider variety of polymer types and to deal with inter
ference from the environmental matrix. The integration of automated 
scanning stages will also be critical for comprehensive filter analysis, 
supporting high-throughput workflows needed in environmental 
monitoring. In addition, since PA signals are influenced by particle size 
due to thermal diffusion effects, future research should investigate the 
use of multiple modulation frequencies to assess the potential for par
ticle size discrimination. Furthermore, adapting the system for real 
environmental matrices will require not only hardware upgrades but 
also the development of spectral processing techniques to manage 
ambient interferences and improve signal robustness. CEPAS offers 
several notable advantages over conventional FTIR methods, including 
higher sensitivity and the potential for detection of smaller microplastic 
particles. With targeted enhancements, the technique could evolve into 
a powerful and versatile tool for microplastic analysis in both laboratory 

and field settings.
Lastly, comparison with TRX spectra revealed that CEPAS aligns 

more closely with TRX than with ATR-FTIR data. This highlights the 
importance of exercising caution when comparing peak positions across 
modalities. Wavelength shifts can arise due to the optical characteristics 
inherent to ATR spectroscopy or saturation effects in PAS. This obser
vation is particularly relevant when using reference spectral databases 
that primarily contain ATR-FTIR spectra, as such discrepancies can lead 
to suboptimal matching and potential misidentification.
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Fig. 7. Processed PA spectra for PS, PVC and PET with ATR-FTIR spectra for comparison. All spectra are normalized by dividing with maximum value within the 
measured range. The PA spectra were measured from individual microplastic particles in the filter samples, while the ATR-FTIR spectra were measured from the 
powders used to prepare the filter samples.

Fig. 8. Comparison between PA spectra, transmission (TRX) and ATR spectra of 
PET (The vertical lines indicating peaks in the PA spectra are added to show 
the shifts).
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[16] J.S. Böke, J. Popp, C. Krafft, Optical photothermal infrared spectroscopy with 
simultaneously acquired Raman spectroscopy for two-dimensional microplastic 
identification, Sci. Rep. 12 (2022) 18785, https://doi.org/10.1038/s41598-022- 
23318-2.

[17] S. Primpke, M. Godejohann, G. Gerdts, Rapid identification and quantification of 
microplastics in the environment by quantum cascade laser-based hyperspectral 
infrared chemical imaging, Environ. Sci. Technol. 54 (2020) 15893–15903, 
https://doi.org/10.1021/acs.est.0c05722.
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