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Abstract

The identification and imaging of pollen grains in-flight was performed via illumination of the pollen
grains with three collinear laser beams that had central wavelengths of 450 nm, 520 nm and 635 nm.
Two neural networks are reported here; the first neural network was able to categorise pollen grain
species from their scattering patterns with ~86% accuracy, while the second neural network generated
images of the pollen grains from their scattering patterns. This work demonstrates the potential
application of laser scattering and deep learning for real-world in-flight pollen identification.

Introduction

In the UK, more than 10 million people suffer from hay fever [1], with the susceptibility of sufferers varying
depending on the types of pollen, such as weed or grass pollen [2, 3]. Hay fever symptoms include sinusitis, nasal
polyposis, conjunctivitis, otitis media with effusion, upper respiratory infections and sleep disorders [4—6]. Since
some people may be more susceptible to specific types of pollen, it is therefore important to determine the type
and number of individual species in a person’s vicinity, as this may provide diagnostic information for their
allergy. In addition, monitoring of pollen grains could provide greater information regarding pollen distribution
for tracking of seasonal levels [7-9], regional and worldwide levels [ 10—13], and linking these to health effects
[14]. Furthermore, this information could benefit studies on transport of pollen, such as from one country to
another [15], insect migrations [16], as well as forecasting for crop production [17]. Current routine techniques
for determining airborne particulate matter involve large filter gathering systems, such as Burkard traps [18-20],
which can then enable microscopy and chemical identification in a specialised laboratory.

Recently explored methods for faster identification of individual pollen grains include an automated
microscope to identify pollen grains [21] and deep learning methods for the classification of pollen grain species
from their visible light microscope images [22—27]. The need for increased temporal and spatial resolution of
pollen distribution has led to research into real-time monitoring of aerosols, and specifically pollen [28], that
include using robotic systems with [29] and without deep learning for pollen classification [30, 31], as well as
optical particle counters that use the scattering of light to detect pollen [32—34]. Imaging of non-flowing
microplastics and diatoms has been performed using holography with fibre-coupled solid state lasers [35]. Real-
time in-flight monitoring has been demonstrated using extensive and complex laboratory-based optical
apparatus such as fluorescence spectroscopy [36], while in-flight imaging of pollen grains has been carried out
using holography with fluorescence spectroscopy [37], as well as using holography and an unmanned aerial
vehicle (UAV) [38]. The ability to image and identify single pollen grains outdoors and in-flight using a small,
simple device (e.g. Raspberry Pi microcomputer-size [39]) involving as few optics as possible would be
invaluable for use in large-scale air-quality monitoring networks [40].

The spatial intensity distribution of the light scattered from a particulate varies depending on its chemical
composition [41], and encodes information regarding the particulate’s size, shape, structure and refractive index
[42—45]. Identification of pollen grains directly from their scattering patterns has the potential to reduce the
number of optics in a system, as an imaging lens would not be needed. Owing to the complexity of scattering
patterns they typically cannot be categorised analytically, however, deep learning convolutional neural networks
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Figure 1. Schematics of the experimental setup used for (a) training and (b) testing the neural networks, showing the illumination of
pollen grains using three different lasers and the subsequent recording of the scattering pattern by a camera. For testing, the glass slide
was removed and pollen grains were dispersed through the beam via the use of a funnel to allow the pollen grains to fall through the
laser beam waist. Left inset: experimentally recorded image and corresponding scattering pattern of Narcissus pollen grain captured in
the experimental setup. Right inset: in-flight scattering pattern during Narcissus pollen grain dispersing.

[46—48] (such as those used to classify objects from images [49-52]) have been successfully employed to classify
particulates such as pollen grains from their scattering patterns [53, 54]. Whilst previous work has also shown
the ability to generate an image from the scattering pattern using deep learning [55], the particulates were
mounted on a glass slide in one position in space, and were therefore stationary and not able to migrate in the
manner typical for airborne pollen grains. Classification of airborne particulates is significantly more
challenging because of the movement of the particulates (which necessitates shorter camera integration times)
and also the fact that each particulate may not flow directly through the focus (and hence the neural network
must have the capability to identify particulates at all positions throughout the focus). In this work, we
simultaneously classify in-flight pollen grains from their scattering patterns, and generate images of those pollen
grains directly from their scattering patterns.

Experimental methods

Sample fabrication

Pollen grains obtained from Sigma Aldrich, and the University of Southampton grounds, included Populous
deltoides and Narcissus. All the pollen grains were deposited onto separate regions of a glass slide (borosilicate,
75mm x 25mm X 1 mm)toaidin the correctlabelling and collection of scattering patterns.

Experimental setup

The experimental setup used to obtain scattering patterns for training and then testing the neural networks is
shown in figure 1. Three collinear laser beams at central wavelengths of 450 nm, 520 nm and 635 nm, were
focussed using a cylindrical lens (focal length of 15 cm) onto the surface of a glass slide. The resultant beam had a
size at the focus of ~100 yum x 5 mm, with a confocal length of ~10 mm. The pollen-covered glass slides were
mounted on a motorized 3-axis stage (Zaber) that was automated using Python. The coordinate positions of the
pollen grains on the slide were determined by imaging them using a camera (Thorlabs DCC1645C HQ,

1280 x 1024 pixelsanda 50 x Olympus objective NA = 0.4)). A white light source was employed to aid in the
imaging and correct alignment of pollen grains. Subsequently, the imaging objective and white light source were
removed and the camera sensor was placed 3 mm from the beam waist, along the laser axis, in order to collect
scattering patterns from the pollen grains as they were translated in 3-dimensions (3D) through the beam.
Afterwards, the pollen covered glass slide was removed and a 1 mm diameter nozzle was placed 5 mm above the
beam, so that pollen grains could be dispersed under gravity through the beam and the scattering patterns of in-
flight pollen grains recorded as a video sequence. The same camera settings (5 ms integration time) were used for
recording the still images and the video recording.
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Data collection

For each pollen grain (10 grains for each species), 1331 scattering pattern images were obtained, giving a total of
39930 scattering patterns for training the neural networks, which included images collected with the glass-slide
removed, hence corresponding to a null category. For testing the neural networks on laser scattering patterns
from in-flight pollen grains, Populus deltoides and then Narcissus pollen grains were dispersed through the nozzle
and a video of the laser scatter was recorded. The scattering patterns and images of the pollen grains were
cropped to 256 x 256 pixels, before being used as inputs for the neural networks.

Neural networks

Two neural networks were used in this work. Firstly, a convolutional neural network (CNN) based on Inception
v3 [56] was used to categorise two different pollen grain species, as well as a null category, from their scattering
patterns. Secondly, a conditional generative adversarial network (cGAN) [57] based on the network described in
[58], was used to generate images of the pollen grains from their scattering patterns. The scattering pattern from
an object depends on the intensity and phase of the electric field at that position. As the intensity and phase vary
throughout a laser focus, the scattering pattern from an object is therefore dependent on the position of the
object with respect to the laser focus. This poses a challenge when retrieving an image from a scattering pattern,
as a single object may be associated with many scattering patterns. Here, we solve this challenge by training the
neural network with additional positional data, namely the XYZ position of the object. The neural network is
therefore trained to understand that differences in scattering patterns may correspond to the position of the
object in addition to the size, shape and refractive index of the object. For convenience, we include this XYZ
positional information as a red, green and blue (RGB) barcode in the pollen grain images, with different intensity
levels corresponding to different positions in the 3D sensing volume. The generated images also included a
‘barcode’, which corresponded to the X, Y, and Z positions of the pollen grain(s), with respect to the laser focus,
hence extending previous work achieved using pollen at a single position in space. As shown in figure 3, the
barcode consisted of 3 lines of colour (RGB for XYZ in which the position was normalised to the range 0-255)
inserted at the left of the target images for cGAN training, to be used as a 3D-space identifier. The motivation
here was that the experimental scattering patterns would be dependent on the exact position of the pollen grain,
particularly for the position through the focus along the axis of the laser path, and hence providing the pollen
grain position during training would encourage the neural networks to understand the nature of the variation in
scattering patterns. Note that the XYZ barcode was not needed for testing the neural network, and rather the
neural network was trained to actually produce the barcode directly from each scattering pattern, i.e. to identify
the XYZ position of the pollen grain from the scattering pattern. The neural networks were trained and tested on
acomputer using an NVIDIA RTX 2080 graphics processing unit (GPU). The time for training the image
generation of the CCN was ~ 10 min, while the training for the cGAN was ~ 10 h. The processing time for
generating each test image was ~ 6 milliseconds for the CNN and 130 milliseconds for the cGAN (including
writing the generated image file to disc). Augmentation was used in the CNN training (random X and Y
translation in the image of —5 and +-5 pixels, with data in empty shifted regions set to zero, and using image
scaling of 1 to 1.7 x). The data was partitioned for training, validation and testing in the proportions 75:20:5,
respectively. However, in the case of the species categorisation CNN, only 10% of the total data (10% of data
from each grain, including equivalent amount for null category) were used, to reduce training times and allow
faster iteration over the hyper-parameters. For the image reconstruction cGAN, 100% of the static training data
was used, barring the same 201 scattering patterns that were also used for testing the CNN. Subsequently,

100 frames of video for each pollen species were used for testing the neural networks for in-flight predictions.

Results and discussion

The predictions of three different categories at different points within the 3D space of the laser beam waist are
displayed as the confusion matrix shown in figure 3(a). The matrix shows the neural network correctly predicted
99% of the categories. Figures 3(b)—(d) show examples of experimental scattering patterns, experimental
microscopy images, and images generated by the cGAN, for the case of (b) Populus deltoides, (c) Narcissus and (d)
the null category.

To assist in understanding the capability of the CNN, figure 5(a) shows a cropped scattering pattern (for ease
of highlighting regions) from the beam with no pollen present (null category), figure 5(b) displays a cropped
version of the Narcissus scattering pattern from figure 4(c), and figure 5(c) shows the corresponding activation
map (gradient-weighted class activation mapping technique [59]) of (b). The map shows the regions of the
scattering pattern that were activated by the neural network during the classification decision (red strongest, blue
weakest). This result indicates that the CNN was more strongly activated by the region of the beam where the
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Figure 2. Images of (a) 10 Populus deltoides and (b) 10 Narcissus pollen grains from which laser light was scattered for training of the
neural networks.

strongest scattering effects from the pollen grain were present. Both the activation and the accuracy of prediction
by CNN gave confidence that the network could be used for sensing pollen grains in-flight.

Figure 6(a) shows classification results for 200 frames of video that were recorded during testing with
airborne particles. Throughout the video, Populus deltoides (frames 1-100) and Narcissus (frames 101-200, viaa
funnel, into the laser beam focus) pollen grains, were dispersed through the laser beam. In addition, the frame-
to-frame absolute change in the summed intensity of the image (normalised to 1) is also shown in the graph.
Significant changes in intensity greater than the noise (~ 0.01 counts) are likely to indicate the presence of pollen
and therefore allow us to identify frames where the null category was incorrectly assigned. For 100 frames of
recording for Populus deltoides testing, 2 frames were identified as having pollen scattering patterns, while for
100 frames of recording for Narcissus testing, 6 frames were identified as having pollen grain scattering patterns.
In total, out of the 200 frames, 37 had a significant change in intensity, with 8 of those having been detected by
the neural network, while all the others were categorised as being null, meaning that ~ 86% of the frame
predictions were correct.

Figure 6(b) shows predictions of the pollen grain appearance that were generated by the cGAN, from
scattering patterns that were correctly classified by the CNN. The appearance of the pollen in the generated
image of frame 126 shows similarity with the pollen grain type, namely Narcissus, albeit an image of a cluster of
3 pollen grains has been generated. An image generated from one of the correctly predicted null scattering
patterns is also shown, as well as two images generated from correctly predicted Populus deltoides scattering
patterns, although the pollen in frame 34 is very faint. The ability to reconstruct an image correctly is based on
the input data used, hence features of the generated images are similar to those used in training. Moreover, errors
in the predictions, both for pollen identification and imaging, could occur due to the possibility that although
the species of pollen dispersed over the beam waist was known, these particulates could contain clusters of pollen
grains in varying amounts. This could lead to incorrect categorisation of the pollen grains, as well as inability to
reconstruct an image of the pollen (including the barcode) properly, since there was only one occurrence of a
pollen grain cluster in the training data (see figure 2(b)).

In addition, the accuracy of prediction for airborne pollen was lower than in the case of the static (glass slide
mounted) pollen, perhaps due to the potential effect of motion blur in the scattering patterns captured. It is
estimated that the pollen could be travelling at 1 mms ™" at the laser focus due to gravity, meaning during an
integration time of 5 ms, the pollen grain could have travelled 5 zzm, which is approximately 1/20'" of the beam
waist). It may be possible to reduce the probability of incorrect categorisation of scattering patterns via the use of
amore sensitive and faster camera sensor, as well as data augmentation, for example, training using
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Figure 3. Concept of determining a pollen species and generating images of pollen grains from their scattering pattern using neural
networks. The CNN was trained to transform a scattering pattern into a species label. The cGAN was trained to transform a scattering
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Figure 4. (a) Confusion matrix demonstrating the ability of a neural network to predict the pollen species from previously unseen
scattering patterns of Populus deltoides pollen grains, Narcissus pollen grains and the null category. Scattering pattern with the neural
network, experimental microscope image, and image generated by the cGAN for (b) Populus deltoides and (c) Narcissus pollen grains
and (d) the null category. The colour bars and their RGB value at the left of the experimental and generated images relate to the XYZ
position of the pollen grain in 3D space, respectively.

superposition of scattering patterns could help the neural network to identify species from clusters without
significantly increasing training time [60]. Similarly, alarger amount of training data, via inclusion of more
pollen grain clusters, could improve the neural network accuracy and image reconstruction (including the
barcode specifying the pollen’s XYZ position in space). With additional training data, one could identify many
more species of pollen, via neural networks such as Inception v3, which is capable of categorising 1000s of
different types of objects [56].

The mean wind speed in certain regions of the UK can be ~ 3 ms ™! [61], which is around 3 orders of
magnitude greater than the particulate speeds used in this proof-of-principle demonstration. To adapt this
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Figure 5. (a) Cropped scattering pattern with no pollen grain present (null category), (b) cropped scattering pattern from a Narcissus
pollen grain and (c) corresponding activation map from the cropped scattering pattern in (b).
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Figure 6. Capability of the trained neural network to identify pollen grains in-flight for the Populus deltoides, Narcissus and null pollen
grains, showing the prediction for each of the 200 frames (scattering pattern images) in which Populus deltoides (1-100 frames) and
Narcissus (101-200 frames) pollen grains were dispersed over the laser beam focus. Included is the absolute change in summed frame
intensity (normalised to 1), indicating the likely presence of pollen grain(s) within the beam. (b) Generated images from in-flight
captured scattering patterns, showing Populus deltoides, Narcissus and null pollen.

sensing technique for a typical outdoors environment where particulates may have higher speeds, one could use
asensor with a higher frame rate and gain, coupled with an increased laser power. In addition, air flow into the
sensing volume near the camera sensor could be regulated using ducting, baffles and small fans as required

[62, 63]. Finally, a 3D imaging setup could be created to allow real-time capture of the airborne particulates,
allowing confirmation of the shape predictions generated by the cGAN, whilst simultaneously offering a rich
source of additional training data.

Conclusion

To conclude, we have demonstrated the identification of pollen grains from their scattering patterns at different
points in static 3D space (99% accuracy) and in-flight (~ 86% accuracy). We have also shown pollen grain image
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generation in static 3D space and in-flight. Future work should consist of additional real-world measurements
for alarger number of pollen species, which could include a category for unknown, since in the real-world there
will likely be many scattering patterns recorded from untrained pollen grains and airborne particulates.
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