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Detection of microplastics and nanoplastics released from a kitchen blender 
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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• Raman imaging identifies acrylonitrile 
butadiene styrene micro- and 
nanoplastics. 

• The PCA/algebra-based algorithm min
imises bias for plastic identification. 

• Image re-construction via Gaussian 
fitting helps to reduce the noise in 
Raman maps. 

• Billions of plastic fragments may be 
released during 30-second blending.  
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A B S T R A C T   

Microplastics and nanoplastics have secretly entered our daily lives but the extent of the problem is still unclear, 
as the characterisation is still a challenge, particularly for nanoplastics. Herein we test a blender that we use in 
our kitchen to make juice and we find that a significant amount of microplastics and nanoplastics (~0.36–0.78 ×
109 within 30 s) are released from the plastic container. We advance the characterisation of microplastics and 
nanoplastics using Raman imaging to generate a scanning spectrum matrix, akin to a hyperspectral matrix, which 
contains 900 spectra (30 × 30). By mapping these hundreds of spectra as images, with help of algorithms, we can 
directly visualise the microplastics and nanoplastics with an increased sensitivity from statistical point of view. 
Raman imaging has a main disadvantage of the imaging resolution, originating from the diffraction of the laser 
spot, which is proposed to be improved by shrinking the scanning pixel size, zooming in the scanning area to 
capture details of nanoplastics. Using image re-construction towards deconvolution, the nanoplastics can be 
effective characterised and the bumpy image of microplastics stemming from the signal variation can be sub
sequently smoothened to further increase the signal-noise ratio. Overall, the advancements on Raman imaging 
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can provide a suitable approach to characterise microplastics and nanoplastics released in our daily lives, for 
which we should be cautious.   

1. Introduction 

The proliferation of plastic products over the past several decades 
raises problems in numerous areas of our society. Accumulation of 
synthetic plastic waste in the environment threatens living organisms 
and their habitats, potentially posing a significant risk to biodiversity 
[7]. This worrying trend will continue in the foreseeable future, due to 
people’s heavy reliance on the plastic and the low recycling rate [14]. 
Once in the environment, plastic products may break down over time 
and release small fragments as microplastics (<5 mm) and nanoplastics 
(<1 µm) [8]. Compared with large pieces of plastic waste, these tiny 
plastic contaminants can be more detrimental to the natural environ
ment. Since these contaminants have the large specific surface area due 
to their small sizes and large quantities, microplastics and nanoplastics 
are able to carry a variety of harmful chemicals [12]. Eventually these 
contaminants can move through the food chain and return to humans 
[11]. 

In addition to being environmental contaminants, microplastics and 
nanoplastics are also released and present in our daily lives. An 
increasing number of indoor microplastic sources have been identified 
in recent years, such as clothing made from synthetic materials [26], 
personal care products, food packaging, kitchenware and gardening 
tools [1,19]. These contaminants can be created as a consequence of the 
fragmentation of plastic items through strong mechanical force (e.g., 
cutting, shredding, scuffing, and abrasion), weathering, ageing and 
degradation [15,22]. Given that people spend up to 90% of their time 
indoors, health risks due to exposure to microplastics and nanoplastics 
indoors in our daily lives should not be overlooked [21]. Unfortunately, 
the current understanding is still very limited. 

The kitchen is one place where plastic can be easily found. Plastic 
products are generally durable and lightweight, and using them has 
become a way of our daily lives [10]. Plastic kitchenware and appliances 
are useful for performing common household activities, such as prepa
ration, processing, serving and storage of food and beverages. As a group 
of popular kitchen appliances, blenders are versatile tools to mix food 
and liquid, and some of them have the function of crushing hard objects, 
such as coffee beans, ice and frozen ingredients. A blender has a motor 
that drives a sharp stainless steel blade to chop objects in a jar or 
container [16]. The intense spiral motion produces a significant shear 
force likely resulting in friction between the chopped objects and the 
inner wall of the plastics container [17]. Such an interaction can affect 
the integrity of the plastic material and release unwanted plastic debris 
into the food or juice, leading to microplastics and even nanoplastics 
contamination concerns. However, to investigate this possibility and the 
extent of microplastic or nanoplastics released, an effective analytical 
method needs to be employed. 

Several technologies are available for identifying micro-/nano
plastics, with common ones including microscopy, pyrolysis gas chro
matography/mass spectrometry, Fourier transform infrared 
spectroscopy (FTIR), and Raman spectroscopy [8]. Microscopic inspec
tion is usually performed in the first step to enable identification of the 
suspected particles, but a further step is needed to confirm the chemical 
character of the particles. Raman spectroscopy is one of the most 
powerful analytical methods, especially when it comes to characterising 
the small fraction of microplastics (<20 µm) and nanoplastics [2,9]. The 
high resolution of Raman microscopy enables the visualisation of par
ticles even in the nanometre range (down to 100 nm) by mapping the 
scanning spectrum matrix that are collected pixel-by-pixel towards im
aging [20]. Raman imaging can also identify plastic additives and pig
ments that might have harmful biological effects as well [27]. Although 
Raman imaging is deemed an effective analytical method for 

microplastics and nanoplastics, more work remains to be done to vali
date and optimise this technology. 

This study aims to advance the characterisation of microplastics and 
nanoplastics by researching plastic fragments created under high shear 
force applied in a blender. We adjust Raman imaging parameters to 
visualise this distinctive form of microplastics and nanoplastics. Several 
algorithms, such as algebra-based and principal component analysis 
(PCA), are used to process the scanning spectrum matrices (akin to a 
hyperspectral matrix), to enhance signal recognition towards imaging. 
After imaging, in order to address several important technical problems, 
such as imaging resolution limit and signal variation resulting from an 
uneven sample surface, we develop another algorithm towards image re- 
construction that is similar to FIONA—fluorescence imaging with one- 
nanometre accuracy [24]. Overall, the findings obtained from this 
work will contribute to the progress of Raman imaging application in the 
realm of microplastics and nanoplastics. The results also extend the 
existing scientific knowledge of indoor plastic contamination, high
lighting an urgent need for comprehensive risk assessment. 

2. Materials and methods 

2.1. Chemicals and samples 

All chemicals including ethanol and acetone were purchased from 
Sigma-Aldrich (Australia) and used as received. Milli Q water (>18 
MΩ•cm) was used for the analysis. The blender was purchased from a 
local supermarket (BigW, Australia), and shown in Fig. S1 (Supporting 
Information). 

All virgin microplastics (beads or pellets, usually with diameters < 1 
mm) including polystyrene (PS), polyethylene terephthalate (PET), 
polyethylene (PE), polyvinyl chloride (PVC) and polypropylene (PP) 
were purchased from Sigma-Aldrich (Australia) and used as received. 
Several Raman spectra were extracted from the database when the 
standard plastic targets were not available, inducing polyamide (PA or 
PA 6), poly(methyl methacrylate) (PMMA), polycarbonate (PC, be 
careful, it is different from the principal components of PCA, marked as 
PC# in this study, such as PC1, PC2 etc.), polyurethane (PUR), and 
acrylonitrile butadiene styrene (ABS). 

Before test, the blender was cleaned in turn with tap water, boiling 
water, ethanol and MQ water. The wall of the container was scratch 
using a stainless knife to collect some debris as “mother” material, which 
acted as reference for our test. 

To mimic the blending process and simplify the sample preparation, 
we used MQ water to generate ice block in a refrigerator. We then mixed 
12 pieces of ice blocks (~10 mL each) of with MQ water to ~500 mL, 
and blended them immediately, without food or fruit, using the pause 
function (1 s period of working and 1 s period of halting). During the 
blending process, we noted that the ice usually disappear/melt within 
30 s. After that, we transferred the ~500 mL liquid to a glass beaker 
(2–5 L) (previously cleaned with MQ water, acetone, ethanol with help 
of sonication), boiled them to nearly dry. We then washed the beaker 
with MQ water for 3 times and collected the liquid of ~15 mL. From this 
concentrated liquid (from 500 mL to 15 mL), we took a droplet of ~5 μL 
and deposited onto a glass slide surface that had been previously cleaned 
by dipping into piranha solution (1:1 H2SO4: H2O2, v/v. Be cautious, this 
solution reacts vigorously with organics). After drying in room tempera
ture, the Raman test was followed. Each test was conducted in duplicate. 

Although the mimicked process is different from real situations, this 
study can lead to a better understanding on the likelihood of the 
releasing microplastics and nanoplastics from the cooking ware in our 
kitchen. For QC/QA control, we blend the MQ water for 0 s and 30 s, and 
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kept the ice/MQ water static for 30 s as well. The same protocol was 
followed to test the particles as controls. In general, we did not get the 
significant amount of particle as we reported below. To minimise the 
alien particles, cotton clothing or lab coat were worn and plastic con
tainers and tools were avoided wherever possible. Glass sample con
tainers were used and covered with aluminium foil. Prior to working 
commencing, work surfaces were cleaned using Milli Q water and 
ethanol. Experiments were conducted in the fume hood where possible. 

Different brands of blenders might generate the varied results, due to 
different materials, working mortar/speed/function, conditions (dry or 
wet) and configurations. We understand that the manufacturers intend 
to select the hard plastic materials with anti-fraction properties, to 
minimise the releasing particles during the blending process. The 
blender we tested herein has the container of plastics, which obviously is 
not made of glass or stainless steel. 

2.2. Testing protocols and data analysis algorithms 

The testing protocols were following the previous study [20]. In 
brief, Raman spectra were recorded using a WITec confocal Raman 
microscope (Alpha 300RS, Germany) equipped with a 532 nm laser 
diode (<30 mW), under an objective lens (100 × or others) at room 
temperature (~24 ◦C). In this test, we usually use the maximum laser 
power to collect the meaningful signal, which should be cautious to 
avoid the potential damage to the sample by the laser burning. 

To map the image, the laser was scanning on the sample surface to 
collect the signal at each pixel or point. A previous study has demon
strated the capability of Raman imaging to analyse polystyrene nano
plastics down to 100 nm [20]. The methodology is validated and 
advanced herein to investigate the debris particles, particularly the ones 
smaller than 1 µm, or the nanoplastics, aided with the following 
algorithms. 

2.2.1. PCA-based algorithm 
The raw data from Raman scanning spectrum matrices were analysed 

by PCA in Origin (Pro 2022) software, as reported before [13], to 
regenerate the PCA spectrum via score (as y-axis, while the wavenumber 
as x-axis), and PCA image via loading coefficient (as z-axis, while the 
scanning pixel position as x/y-axis). Depending on the presentation 
orientation of the raw data array, the score and the loading coefficients 
can be swapped or transposed. 

2.2.2. Algebra-based algorithm 
Two or more images, no matter the mapped Raman intensity or PC 

loading coefficients, can be merged using algebra functions as well, 
including “SUBTRACT”, “TIME”, etc., using Origin software too [13]. In 
brief, we normalise the loading coefficient to 0–1 (such as using function 
“(xi – xmin)/(xmax – xmin)”). We then subtract or time/multiply them with 
each other (as a merged one as z-axis) to generate a “merged” image. 

2.3. Particle analysis 

For particle analysis, ImageJ software was employed. Using ImageJ 
enabled the recognition of individual particles in complex aggregates or 
clusters, leading to an effective particle quantification [3]. After an 
image was opened in the software, the image background was sub
tracted using a suitable value (to clearly present and distinguish the 
to-be-targeted particles), and the random noise was removed by filter 
such as Gaussian blur. A colour threshold was adjusted to make almost 
every to-be-targeted particle identifiable; the image was made binary, 
followed by filling hole and watershed, and lastly the implementation of 
the particle analysis function [6]. The outlines of each particle can be 
extracted, and the particle area can be converted to size by root-squaring 
for statistical analysis, aided by Origin software again. 

Fig. 1. SEM images under different magnifications, recorded on glass surface from the boundary of the “coffee ring”, left behind by a droplet of ~5 μL. (a) shows the 
overview of the coffee ring. (b-d) show the details. (The “coffee ring” effect is the phenomenon as follows: when a liquid droplet dries up on a surface, the suspended 
particles in the liquid have the tendency to drift outwards from the centre and concentrate at the outer rim of the droplet). 
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2.4. Particle characterisation 

An SEM (Zeiss Sigma VP) was used to characterise the morphology of 
the microplastics and nanoplastics, in addition to Energy-dispersive X- 
ray spectroscopy (EDS) detection. The sample was sputter-coated with a 
thin layer of platinum (~6 nm) to increase the conductivity. The 
accelerate voltage was 10–20 kV with a working distance 5–10 mm [5]. 

2. Results and discussion 

3.1. SEM observation of debris in processed water samples 

Fig. 1 shows the typical SEM images that we collected on the glass 
surface, leaving behind by a droplet of ~5 μL of the blender "juice" 
sample, once dried. In (a), we note there is a coffee ring and most of 
debris were concentrated along this ring [23,25]. The coffee ring is 
marked in (a) and we focus our test on it. 

Fig. 2. Photo image (a), Raman spectra (b), correlation matrix (c), and correlation values (d). The assignment is indicated by circulating in (c, d).  

Fig. 3. Photo image (a), typical Raman spectra (b) and Raman intensity images (c-g). The squared area in (a) of 10 µm × 10 µm was scanned. Raman spectra were 
collected under an objective lens of 100 × , integration time of 1 s for each pixel of 0.33 µm × 0.33 µm (to create a matrix of 30 × 30). (b) shows the Raman spectra 
of ABS and the “mother” container, to compare with 1 single spectrum (10 s integration) and 3 typical scanning spectra (1 s) collected from the positions marked in 
(g), and their average spectrum of 900 (30 × 30) spectra. The intensity images (c-g) are mapped at a blank wavenumber window (c), the characteristic peaks of ABS 
(d-g), as marked under each image (and the peak width), after 10% colour off-setting. 
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Once zoomed in, Fig. 1(b) shows more details of the debris, from 
micro size to nano size, as presented in (c, d). Because there is no such 
kind of coffee ring from our control tests, the debris we collected in Fig. 1 
is released from the blending process, particularly in the presence of ice 
blocks. Most likely, the blender generates a high-speed vortex in the 
container, which sends the ice blocks to scratch the container inner well 
and release debris. The detailed mechanism is beyond the scope of this 

research. In the following, we will test whether or not these debris are 
made of plastic, to confirm that the debris are either microplastics or 
nanoplastics. 

3.2. Plastic identification: material of “mother” container 

In this section, using Raman spectrum we identified container plastic 

Fig. 4. Photo image (a), SEM images (b, g), Raman spectrum (c) and images (d-f) at different magnifications. The area in (a) of 80 µm × 80 µm was scanned and 
gradually zoomed in as (d-f), via the squared areas. Raman spectra were collected under an objective lens of 100 × , integration time of 1 s for each pixel of 2.7 µm 
× 2.7 µm (d), or 1 µm × 1 µm (e), or 0.33 µm × 0.33 µm (f) (to create a matrix of 30 × 30 in all cases). (b, g) shows the SEM images for comparison. (c) shows the 
Raman spectrum of “mother” container, to compare with a single spectrum (10 s) and 3 typical scanning spectra (1 s). The intensity images (d-f) are mapped at 
~1000 cm− 1 of ABS, using 3D presentation and white background. The squared area in (f) is further tested in Fig. 6. 

Fig. 5. PCA analysis on the raw spectrum matrix data in Fig. 4(f). (a) is the PCA spectrum, with ABS as a reference. (b, c) are the PCA images of PC1 and PC2, 
respectively. (d) shows the box plot of the loading coefficients, after normalised and merged, as indicated. (e, f) merge the images (b, c), using the indicated algebra- 
functions on the colour scale bars. 
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first, then using Raman imaging to capture microplastics and nano
plastics in Figs. 3–6. 

To identify the container materials of polymers (obviously not glass 
nor stainless steel), we sampled the container outer wall first. The 
sample is shown in Fig. 2(a). The typical spectrum is shown in (b), with 
the spectrum of ABS as reference. From the sample’s spectrum 
(“mother”), we can see that the strong background of fluorescence 
dominates the collected signal. Once the spectrum is pre-treated, such as 
to correct the baseline or the fluorescence background, the spectrum 
looks close to that of ABS [18]. 

This assignment can be further confirmed by a digital approach [13]. 
That is, we mixed this spectrum (after pre-treatment) with 10 common 
plastics’ spectra, in order to correlate them via chemometrics. The 
correlate matrix is presented in Fig. 2(c). A “sword” pattern is symmetric 
along the diagonal, where each plastic is correlated with itself and 
generates a correlation value of 1. For our sample, only the right column 
or the bottom row is meaningful, which is extracted and presented in 
(d). We can see the highest correlation value of 0.46777 is generated for 
ABS, which leads us to assign the “mother” material of the container to 
ABS. 

This assignment was conducted by selecting the maximum correla
tion value of 0.46777 to ABS (the second one is 0.36909 to PS). This 
domestic product might be not a pure ABS but a mixture with co- 
ingredients such as pigment or colorant, as evidence by the strong 
fluorescence in Fig. 2(b), which leads to the low correction value. 
Another possible reason, as suggested by the database (Rochman Lab), 
this ABS reference spectrum might be not a pure one because it has been 
also collected from domestic products, not from the pure sample. In the 
meantime, ABS has a similar spectrum with PS, but the peak at 
~2240 cm− 1 (marked by dashed line in b) can clearly distinguish them, 
which leads to the assignment to ABS, rather than PS. 

In the following, we tested whether the debris particles in Fig. 1 
released from the “mother” container (ABS) were microplastics/nano
plastics or not. 

3.3. Raman imaging: microplastics and nanoplastics 

3.3.1. Identification and visualisation of microplastics and nanoplastics 
As mentioned, once a droplet is dried on the glass surface, a coffee 

ring is generally observed [23]. The testing on the central part is pro
vided in Fig. S2 (Supporting Information). In this section and blow, we 
test the coffee ring area, as shown in Fig. 1. 

Along the coffee ring, a photo image is shown in Fig. 3(a). In (b), the 
spectrum we collected (Single) is compared with the ABS spectrum and 
the “mother” container. The strong peaks appear at ~1000 cm− 1 (in- 
plane deformation of the benzene ring), ~1450 cm− 1, ~1600 cm− 1 

(stretching vibration of the benzene ring) and ~2910 cm− 1 (C-H), which 
leads to the assignment to ABS [18]. The peaks at ~1000 cm− 1 and 
~2910 cm− 1 are stronger than the rests but the latter is usually shielded 
by the fluorescence background, so that the former should be paid more 
attention. 

The single spectrum just suggests, at the signal collection position, 
the suspect is likely made of ABS. Other area remains unclear. We thus 
scan the squared area in Fig. 3(a), the typical spectra we collected are 
shown in (b), including a relative strong one (#1), a middle one (#2) 
and a weak one (#3) that was collected from the blank area as the 
spectrum background. Basically, the spectra of Scans #1–2 are similar 
with the single spectrum but with a lower signal intensity, due the short 
integration time (1 s vs. 10 s). The average spectrum from the whole 
spectrum matrix of 900 (30 × 30) spectra is also show. It looks similar 
with Scan #3, suggesting the scanning area is dominated by the blank 
(glass also emit scattering), echoing the image in (a). 

From the scanning spectrum matrix that contains 900 spectra, we can 
map the characteristic peaks of ABS to directly visualise it. The signal- 
noise ratio can be significantly increased, from a statistical point of 
view. Before we map the characteristic peaks of ABS, we map a blank 
window where ABS has no contribution and generate an image in Fig. 3 
(c). Only random noise is mapped, suggesting that Raman imaging can 
specifically capture targeted plastic via the characteristic peaks. 

The characteristic peaks of ABS are mapped as images in Fig. 3(d-g). 
All have similar pattern, while (f) is blurred, due to the weak peak, as 
evidenced in (b). The rest images are clear, particularly in (d), sug
gesting the presence of ABS. The difference among them is due to 
different intrinsic intensity of the mapped characteristic peaks, and the 
spectrum background, as discussed above. In the meantime, the surface 
group of the particles might be derivate during the releasing process. We 
thus selected the peak at ~1000 cm− 1 in the following to simplify the 
analysis. The specific positions to collect the spectra of scans #1–3 in (b) 

Fig. 6. Raman images (a, e), PCA images (b-c, f-i) and spectrum (d). (e, g, i) are other versions of (a, f, h), after image re-construction to enhance the signal-noise 
ratio. The squared area in Fig. 4(f) of 3 µm × 3 µm was scanned and Raman spectra were collected under an objective lens of 100 × , integration time of 1 s for each 
pixel of 0.1 µm × 0.1 µm (to create a matrix of 30 × 30). (b, c) show the PCA images of PC1 and PC2, respectively. (d) shows PCA spectrum, with reference of ABS. 
The intensity images (f, h) merge PC1 and PC2, as suggested under the images. 
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are marked in (g). On the other hand, not every dot/particle in (a) has 
been mapped by Raman, due to the different imaging approach (e.g. 
photo and Raman). The reason will be detailed below. 

3.3.2. Raman imaging: effect of scanning pixel size 
In Fig. 4, we zoom in the scanning area to study the effect of the 

scanning pixel size. The SEM image in (b) looks a little different from 
photo image in (a), due to the slightly mis-matched position under the 
photo camera and the SEM. The typical spectra we collected are shown 
in (c), including a single spectrum with a longer integration time (10 s 
vs. 1 s). Two characteristic peaks are marked, from which we can basi
cally assign them to ABS again. 

Similarly, we map the images to visualise ABS microplastics and 
nanoplastics, with an increased signal-noise ratio. As discussed above, 
we focus the strong peak at ~1000 cm− 1 and generate the images in 
Fig. 4(d-f), at different scanning area size or different magnifications. 
Basically, from (d) to (e) to (f), more detailed structures are mapped. We 
thus should balance between the low and the high magnifications, to see 
the overview and the details, the situation of which is similar with other 
microscopy too. 

In Fig. 4(d), when the scanning is conducted with a pixel size of 
2.7 µm × 2.7 µm, some fine structure might emit weak signal so that 
cannot be effectively picked up for imaging. On the contrary, in (e, f), 
the scanning pixel size has been decreased to 1 µm × 1 µm (e), or 
0.33 µm × 0.33 µm (f). Consequently, the fine particles or structures can 
be mapped. 

However, compared the Raman images in Fig. 4(d-f) with the SEM 
images in (b, g), the difference is still there, although they are basically 
matched. Particularly when compared (f) with (g), not every particle in 
the SEM image is mapped by Raman. That is because the different im
aging approach, SEM has a much higher resolution (nm or sub) than 
Raman, using electron beam to collect the secondary electron, while 
Raman uses laser to emit the spectrum. From Raman imaging, herewith 
we used an objective lens of 100 × , the imaging resolution (or the 
recommended scanning pixel size) is controlled by the laser diffraction, 
at λ/2NA, ~300 nm because the wavelength of λ is 532 nm and the 
numerical aperture NA is 0.9. That is, to image the nanoplastics that 
generally have a weak signal, we should decrease the scanning pixel size 
to zoom in the scanning area, to enable the central part of the laser spot 
(with the size of ~300 nm where the energy density is much higher than 
the off-central area, following a Gaussian surface) to excite the Raman 
scattering, towards the effective imaging. Even so, the imaging resolu
tion of Raman is not comparable with that of SEM, which leads to the 
difference. 

3.3.3. PCA analysis of Raman raw data 
The above solo peak’s imaging might suffer the bias, meaning a low 

imaging certainty. A chemometrics of PCA has been recently employed 
to directly decode the scanning Raman spectrum matrix, for the whole 
set of spectrum rather than a solo peak, to participate the imaging 
process. That is, ideally, PCA can orthogonally decompose the matrix to 
two new matrices, one containing the spectrum profile information 
(score) while another containing the intensity information (PCA in
tensity for the loading coefficient). The former can generate the PCA 
spectrum, while the latter can be mapped as image (PCA image), to take 
all contributions from the whole set of spectrum. Using this approach we 
analysis the raw data in Fig. 4(f) and the results are presented in Fig. 5. 

In Fig. 5(a), the PCA spectrum of PC1 is dominated by the spectrum 
background that looks similar with the scan #3 in Fig. 3(b), to generate a 
non-flat baseline with two broad peaks at ~1100 cm− 1 and ~2430 cm− 1 

that are assigned to glass background. The peak at ~1000 cm− 1 is also 
observed, suggesting that PC1 also contains the contribution from the 
ABS plastic. PC2 has a flat baseline and dominated by the peak at 
~1000 cm− 1, suggesting the main contribution from ABS. The rests look 
like the noise, or the PCA calculation deviations. More PCA parameters 
are provided in Fig. S3 (Supporting Information). 

We map the loading coefficients of PC1 and PC2 to generate images 
in Fig. 5(b, c). Again, PC1′ image in (b) is dominated by the image 
background, while PC2′s image in (c) is dominated by the plastic ABS. 
(c) looks like Fig. 4(f), further confirming the presence of ABS and 
suggesting the success of PCA analysis. 

Since both PC1 and PC2 contain the contribution from ABS, due to 
the appearance peak at ~1000 cm− 1, we thus can merge them to pick up 
the un-supervised PCA analysis signal, to intentionally correct the non- 
supervised results [4,13]. To this end, we need pre-teat the PCA intensity 
or the loading coefficients first, as suggested in Fig. 5(d). By normalising 
them to the same range of 0–1, the different eigenvalue percentages can 
be intentionally corrected, to avoid the bias. 

Using the normalised loading coefficients, we can merge them to 
generate images in Fig. 5(e, f), to pick up both contributions from PC1 
and PC2. In (e), we take PC1 image as background to correct the PC2 
image, using an algebra function of “PC2 – PC1′′. In (e), we time or 
multiply them together, using “PC1 × PC2′′, to enlarge and emphasis the 
similar part (at the same pixel) from PC1 and PC2, seemingly originating 
from the peak at ~1000 cm− 1 that appeared in PC1 and PC2. In both 
cases, the images in (e, f) are similar with that in Fig. 4(f), suggesting the 
success on the further treatment. Note, herewith the image certainty has 
been further increased, when compared with the images in Fig. 5(c), 4 
(f). 

3.3.4. High resolution and image re-construction towards deconvolution 
We further zoom-in the scanning area squared in Fig. 4(f) and the 

results are presented in Fig. 6. The size of the scanning pixel 
(100 nm × 100 nm) is much smaller than the recommended one at 
~300 nm. In this case, by shrinking the scanning size, we hopefully 
capture more detailed structures, because the centroid of the laser (a 
Gaussian surface) will have more chance to excite the stronger signal. In 
Fig. 6(a), a Raman image is presented as a reference, by mapping the 
strongest peak at ~1000 cm− 1, as discussed above. 

Once PCA is conducted, the PC1-PC2 images are shown in Fig. 6(b, 
c). Compared with (a), a reversed pattern is observed from (c), while (b) 
looks like the background. That, the pattern in (a) is mapped as a "hole" 
in (c). The reason is due to the reversed peak at ~1000 cm− 1 in (d) for 
PC2, suggesting the important of further treatment on the non- 
supervised PCA. Other PCs’ images and analysis parameters are pro
vided in Fig. S4 (Supporting Information). 

Similarly, we employ algebra function to further treat the PCA results 
and present them as images in Fig. 6(f, h). Due to the PC2′s reversed 
peak at ~1000 cm− 1 in (c, d), we correct the loading coefficient of PC2 
either with (− 1) in (f), or (1-PC2) in (h), after being normalised them to 
0–1. The patterns in (f, h) are thus similar with that in (a), to visualise 
the ABS nanoplastics, particularly in (h). 

In Fig. 6(a, f, h), the noise might be strong, which can lead to the false 
image. The reason is either due to the decreased scanning pixel to 
100 nm × 100 nm, smaller than the recommended one (~300 nm), or 
owing the small size or cross-section of nanoplastic. To remove this 
noise, we can either off-set the colour or re-construct the image via 
deconvolution. In the latter case, a similar approach with FINOA was 
reported to realise a super-resolution imaging [24]. Using the similar 
approach, we re-construct the images (a, f, h) to images (e, g, i), by 
fitting as Gaussian surface in 2D. Basically they match well with these 
images before the re-construction. However, the noise can be signifi
cantly decreased by the fitting, which can either filter the noise (not pick 
up towards fitting) or average the random noise (pick up as back
ground). In (e), the vertical line on the right boundary originating from 
the boundary effect should be ignored. In (g, i), two big particles 
(top-right one and middle-bottom one) are re-constructed with a smooth 
surface, which is different from (e), originating from the extra contri
bution of the PCA-algebra algorithm. Several particles are simulta
neously images in (e, g, i), the circulated ones. In this case, we can assign 
them to nanoplastics that were released from the blender. More fitting 
details are provided in Fig. S5, Tables S1-S3 (Supporting Information). 
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3.4. Particle analysis for estimating the amount of plastic debris released 

Herein we analysed the amount of the particles released, using 
software ImageJ. Four typical SEM images recorded from the “coffee 
ring” area were analysed in Fig. 7. The outlines of the targeted particles 
are shown for comparison, along with the image size. Basically, ~0.16 
particle/μm2 is released by averaging them. 

In Fig. 1, the droplet of ~5 μL dried on glass slide surface, left behind 
a pattern of a “coffee ring” with a diameter 5–10 mm (D). The thickness 
/ width of the coffee ring is estimated at 50 ~μm (d). Therefore, the 
coffee ring has an area of πDd, 0.78–1.6 × 106 μm2, to cover 
~0.12–0.26 × 106 particles (using the density of ~0.16 particle/μm2). 
This droplet of ~5 μL was sampled from ~15 mL concentrated liquid 
from a run of blending, and this means the blending process of 30 s 
might release ~0.36–0.78 × 109 microplastics and nanoplastics. This 
amount is significant and might be underestimated, because the central 
part of the droplet beyond the “coffee ring” was not counted. 

This estimate has variations depending on the materials and features 
of the blender (container, speed, working mechanism/configuration 
etc.), food materials (hardness/shape/size/amount), blending duration, 
temperature, presence of ice block (shape/size/amount) etc. The soft
ware ImageJ results may also experience discrepancy, such as from the 
background selection, colour threshold, size adjustment etc.[6]. Our 
results clearly suggests that the blender can be a source of microplastics 
and nanoplastics in our kitchen. Since the plastic debris are directly 
present in our food and might enter our digestion system, we should be 
very cautious to use the blender in our kitchen, given the risk assessment 
has not yet been conducted. Another material, such as glass and stainless 
steel, is thus recommended. 

4. Conclusion 

The characterisation of microplastics and nanoplastics is still faced 
with some challenges. We suggest that the Raman imaging can be a 
suitable approach for future research, by balancing between the ad
vantages and the disadvantages. Specifically, the Raman imaging works 
like a microscopy, if the signal is well extracted and interpreted: 
zooming in can capture details such as nanoplastics, and zooming out 
can provide overview of a big area. Once zoomed-in, however, the signal 
should be well justified to avoid the potential bias, such as via image 
algorithm. The combination of morphology analysis with chemical 
identification, such as combining SEM-Raman in the same platform, 
should be another approach to be explored, towards the instrument 

integration. Further research is also needed to address this balance to
wards broader applications. 

Currently we have advanced Raman imaging to capture micro
plastics and particularly nanoplastics released from a kitchen blender. 
The significant releasing amount sends us a strong warning that we 
should be careful to use blenders to make juice or to smash food. 
Microplastics and nanoplastics is a vast but hardly visible issue, and we 
are potentially exposed to them to a greater extent than we perceive. 
Risk assessment is therefore recommended in support of management 
and regulation targeted at plastic product safety. 
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