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ABSTRACT

Microplastic (MP) pollution poses severe environmental problems. Developing effective imaging tools for the identification and analysis of
MPs is a critical step to curtail their proliferation. Digital holographic imaging can record the morphological and refractive index information
of such small plastic fragments, yet due to the heterogeneous sampling environments and variations in the MP shapes, traditional supervised
learning methods are of limited use. In this work, we pioneer a zero-shot learning method that combines the holographic images with their
semantic attributes to identify the MPs in heterogeneous samples, even if they have not appeared in the training dataset. It makes use of the
attention mechanism for image feature extraction and the Kullback-Leibler divergence both to alleviate the domain shift problem and to
guide the training of the mapping function. Experimental results demonstrate the effectiveness of our approach and the potential use in a
wide variety of environmental pollution assessments.

© 2022 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
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I. INTRODUCTION

Microplastic (MP) particles refer to plastic fragments with a
diameter less than 5 mm.' They are increasingly recognized as
severe sources of pollution. Many domestic and industrial activities,
such as the shedding of fine fibers during laundry, marine aquacul-
ture, and the use of daily necessities, such as toothpaste and facial
cleansers, which contain plastic microbeads, produce a large amount
of MPs.” In addition, plastic products, such as disposable lunch
boxes and bags, may also break down into MPs due to incomplete
recycling, degradation,” and physical abrasion.” Since the COVID-
19 pandemic, such pollution has been exacerbated by the massive
production of plastic medical wastes, such as disposable syringes and
face masks. To make things worse, MPs may be ingested by marine
organisms and further endanger human health through their spread
in the food chain.” Therefore, it is imperative to control the pollution
due to MPs.

A critical step is to identify the type and abundance of MPs in
environmental samples, where they may be mixed with dust, dirt,
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and other small objects. In the laboratories, a common approach
is to pre-filter the samples and pass them through imaging devices,
such as Fourier-transform infrared spectroscopy (FT-IR),” Raman
spectroscopy,’ or even scanning electron microscopy (SEM).” More
recently, digital holography (DH) is also emerging as a viable
alternative.”” " It has several advantages, such as being a non-
contact and high-throughput imaging method with relatively loose
requirements for the imaging environment, and it does not require
complicated pre-processing and preparation of samples. The pos-
sibility of using it in the field and coupling with quick image
analysis sets it apart from other lab-based methods.”'"'*'® This is
because the spatial interference between the reference light and the
object light forms distinct coherence fringes and holograms, thereby
capturing the morphological and refractive index information of
the micro-objects, and computational processing can then lead to
effective MP identification.'’

In recent years, deep learning-based DH identification and clas-
sification methods using supervised training involving well-labeled
datasets have made great progress in a variety of applications.'”'” In

7,076102-1
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these datasets, each image has a corresponding category label so that
the classification network, such as a convolutional neural network
(CNN)*?! or VGGNets,*>*’ learns the relationship between the
image features and the labels, and matches the new input images in
the test datasets based on such relationships. The classification per-
formance of the network, to a large extent, depends on the number
of image-label pairs and whether the images are correctly labeled.
However, in many situations, the laborious task of image label-
ing, especially in some biomedical'”*"** and environmental'”~*
applications, needs to be conducted by professional staff and is very
time-consuming. In addition, some objects, such as MPs, have dis-
tinct feature differences even though they are in the same class,*
making it difficult for networks to learn the mapping functions and
classify the unseen input images depending only on image-label
pairs.

Zero-shot learning (ZSL) is an emerging approach that can
classify unseen or unknown object classes with the help of
auxiliary information, such as attributes, text, and class typol-
ogy information.”””” In ZSL, the network learns the relationship
between the data and their labels by training and, subsequently, can
match the test data with unseen class labels accurately. As such, the
classification performance is not solely reliant on the class labels but
is enhanced by the help of some auxiliary information to reduce the
need for complicated manual labeling.

In this paper, we propose a ZSL method to recognize the MPs
in heterogeneous samples based only on their digital holographic
images and semantic attributes. We build a semantic space to assist
the classification and reduce the error caused by the MP physical
feature variations. In addition, we make use of the attention mech-
anism to mimic the cognitive capabilities of humans in order to
focus on the object features instead of the background area. Fur-
thermore, to alleviate the domain shift problem, which is common
in ZSL, we introduce the Kullback-Leibler divergence to guide the
learning of the mapping function. The effectiveness of the proposed
method is demonstrated both on the DH dataset and the extended
digital image MP dataset. Experimental results show a substantial
performance improvement in MP recognition.

The rest of this paper is organized as follows. In Sec. 11, we out-
line the current progress in MP identification. We also introduce the
related work of learning-based digital holographic imaging for MP
classification, ZSL and the semantic space, and the attention mech-
anism. In Sec. I1I, we pinpoint the present challenges and provide a
detailed description and explanation of our method. In Sec. IV, we
introduce the experimental setup and our main results, together with
ablation experiments to validate the effectiveness of our method.
Finally, in Sec. V, we give a brief summary and discuss the future
directions following this work.

Il. RELATED WORK

A. Learning-based microplastic particles classification
with digital holography

In holographic imaging, the fringe patterns indicate the opti-
cal path difference from the samples. This characteristic allows us to
compute the refractive index and retrieve texture information, mak-
ing it possible to identify much information about the samples with
deep learning. Consequently, several groups have explored the use of
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learning-based holographic imaging to detect and identify MP par-
ticles. Bianco et al.!' demonstrate the feasibility of using machine
learning to classify plastic fragments. Their method consists of an
artificial holographic feature extraction and an image classification
using the support vector machine. However, a limitation of this tech-
nique lies in the challenge of extracting effective features for image
classification.

More recently, deep learning has been applied to identify and
quantify the MPs among different mixtures and in challenging imag-
ing scenarios.”'*’*’" Although the effectiveness of learning-based
classification has been demonstrated on electron microscopic MP
images, 032 BT IR spectra,‘;‘:‘; vibration spectra,” and dark field
microscopic images,” the application of learning-based methods
in holographic MP imaging is not as common, despite various
advantages, such as high resolution, high speed, and non-contact.
One primary reason has been that a well-labeled holographic image
dataset requires costly manpower and material resources to build.
Zhu et al. partially overcame this limitation and constructed a
dataset of holographic MP images and put it in open source® to
achieve real-time MP quantification’ and detection.'? In addition,
they also develop methods with transfer learning” and generative
adversarial networks” to alleviate the misclassification caused by
the imbalanced distribution of image classes in the MP holographic
dataset.

B. Zero-shot learning and the semantic space

ZSL is developed to classify the unseen classes in the target
based on the seen classes in the source by generalizing the image
features from the latter to the former.”” As shown in Fig. 1, a
mapping function relates the visual space to the semantic space.
The expert-designed attributes provide reliable descriptions for the
image classes, improving classification accuracy effectively. Because
the mapping is trained on the seen classes and then applied to the
unseen classes, the key issue in ZSL is figuring out how to learn one
such function that is both general and accurate.

Several models are commonly used to learn the mapping func-
tions, including both the direct attribute prediction (DAP)*® and
the indirect attribute prediction (IAP).”* However, since there is
no intersection between the seen classes in the source and the
unseen classes in the target, the mapping function may suffer
from serious domain shifting when learning only on the source
data.”

C. Attention mechanism for image feature extraction

The conventional CNNs uniformly extract image features from
all regions for further classification. Such an approach is computa-
tionally costly and inefficient. Instead, the attention mechanism is
designed to mimic the visual attention distribution of human beings
when they are viewing an image. Humans automatically focus more
attention on attractive areas than on the whole image.”” Similarly,
with the attention mechanism, the features extracted from various
regions of the image are assigned different weights according to a
weight mask. The effectiveness of attention-based feature extrac-
tion and jin\llage processing has been demonstrated in several recent
works.” "™
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A. Problem definition

Suppose we have data belonging to one of two sets: dataset
D, with N images from the seen classes, and dataset &, with N,
images from the unseen classes.

In the former, assume that there are Cs seen classes. For the
jth image, which we denote as xj», it has a class label cjs» and a set of
attributes &;. Note that the images in the same class are described

by the same attributes. Thus, we have
2.={x.q,4;} forj=1,...,N. (1)

Similarly, in the latter, assume that there are C, unseen classes.
For the jth image, which we denote as x]'-‘, it has no label but there is
still a set of attributes &/;. Again, the images in the same class should
have the same attributes. Correspondingly, we have

Du={xj,d;} forj=1,...,Ny )

The goal of ZSL is to predict, for image x;, the class CJ” eCy,
with the help of &/;. Note that there is no overlap between the seen
classes Cs and the unseen classes C, i.e., Cs N Cy = @. As illustrated
in Fig. 1, we aim to achieve this by learning a mapping function
®(-) on the seen dataset P and aligning the feature centers in the

semantic space A to the centers in the visual space F.

B. Method

Attention-based feature extraction. The images in both datasets
D and D, can be represented by the extracted features in the visual
space. Thus, we calculate the feature center of each class to repre-
sent its location. In addition, the attributes of each class are coded as
vectors and represented by attribute centers in the semantic space.

To achieve the goal in Sec. III A, we apply and then adjust
the attention mechanism to localize the interest region of the input
images, where we keep the weights within the object and scale down
those in the less dominant areas. Taking advantage of the superior
capability of the convolutional block attention module (CBAM) on
weight scaling,*' we use ResNet-101** as the backbone network and
augment it with CBAM in each of the convolution layers to focus on
the more important image regions. The whole process is illustrated
in Fig. 2(a).

APL Photon. 7, 076102 (2022); doi: 10.1063/5.0093439
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feature map & from the previous layer is first calculated by the con-
volution layer (conv). Next, the generated feature map, labeled as
F g, is refined by the CBAM. Rather than directly scaling the weights
in the width, height, and channel dimensions, CBAM decomposes
the 3D feature tensors and computes the 1D channel attention map
(M ), denoted as

Fo=M: O Fg, (3)

where we use ® to represent the element-wise multiplication. The
intermediate feature map % is then multiplied by the 2D spatial
attention map (. ;), written as

Fr=M;0F,, (4)

where &, is the refined feature map. Previous experimental results
show that this multiplication mechanism can reduce replication in
the computation.”'

In the overall feature extraction network shown in Fig. 2(a),
for each input image x; € 25 U D, a d-dimensional feature vector
f e R*! is extracted, and all input images are embedded into the
visual space IF in this form. For each class, a feature center vi (where
ce C;uCy) is defined as the mean value of all the image feature
vectors in this class, where the superscript I refers to the image. Sim-
ilarly, in the semantic space A, a mapping function ®(-) is used for
transferring the attribute o/; and generating the feature centers v,
which is a trainable network containing two fully connected layers
and nonlinear Leaky ReLU activation functions. The transfer process
can be represented as

v = ¢()). (5)

We denote the feature centers of the images as the visual cen-
ter, and the attribute feature centers as the semantic center. As such,
we can classify the images of the unseen classes based on the seen
class images by ZSL, provided that the visual center aligns with the
semantic center.

Feature center alignment. ZSL is susceptible to the domain
shift problem,” which stems from the image feature distribution
gaps between the seen and unseen classes. The mapping function is
learned on the former and applied to the latter directly, which results

7,076102-3
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FIG. 2. The structure diagrams of (a) the feature extraction network, (b) the Conv-Att block, and (c) the convolutional block attention module (CBAM). The feature extraction
network has ResNet-101 as the backbone and consists of a max-pooling layer, Conv-Att blocks, an average pooling layer, and a fully connected layer (FCN). The input
image is processed by the feature extraction network, and a feature vector f; is generated as the output.

in the loss of network generalization and a drop in performance.
This is illustrated in Fig. 3. However, under ideal circumstances,
the visual feature centers of the unseen classes should be perfectly
aligned with the attribute centers by the mapping function. Making
use of the work by Stacke et al.,* which quantifies the distribu-
tion difference to accomplish domain adaption, we employ the
Kullback-Leibler (KL) divergence** as the loss function to learn a
soft assignment mapping function from the attribute feature center
set V4 to the image feature center set Vi. This is defined as

C A
L =Dr(Va || V1) = ZV? log ——, (6)
= vi+e

where € is a small value to prevent the denominator from becoming
zero. Along with the KL divergence loss, which computes the distri-
bution difference, the mean square error (MSE) loss also minimizes
the distance between these two kinds of centers. This is given by

1 &
Luse=— v = vell3. 7)
CS c=1

The overall loss function is defined as
& =L ysg + AL kL, (8)

where A adjusts the relative weight of the two terms.

APL Photon. 7, 076102 (2022); doi: 10.1063/5.0093439
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IV. EXPERIMENT
A. Experimental setup and dataset

We evaluate our method on its ability to identify microplas-
tics among heterogeneous samples. To obtain the discriminative
image features of MPs,'** we use a specially designed single-shot
off-axis digital holographic system*’ to record the images of these
samples. This system has the ability to record holograms with dif-
ferent polarization states in a single shot, which can then be used to
synthesize high-resolution holograms.** The physical image and the
corresponding optical principle diagram of the system setup are both
shown in Figs. 4(a) and 4(b), respectively. The light, which comes
from the laser beam, is expanded by the beam expander (BE) and
separated into the object light and reference light by several beam
splitters (BSs). The former then goes through the samples and inter-
feres with the latter. The resulting holograms are enlarged by the
microscopic objective (MO) and recorded by an electronic sensor.
We use a neutral density filter (NDF) for the light density control,
and several polarizers to adjust the polarization states of the refer-
ence light. The holographic images are recorded with 1280 x 1280
pixels, resized to 224 x 224 pixels to be used as input to the net-
work while the feature vectors are preserved during the training and
testing stages.

Altogether, we collect in this way a dataset containing 1300
images with eight classes, namely, fragment, foam, film, fiber, fiber
and fragment, sand, shells and bones, and others. These attribute
descriptions and category definitions follow the illustrations by
Rocha-Santos and Duarte,* Chap. 3.

7,076102-4
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FIG. 4. The single-shot off-axis digital
holographic system, which is used to
record the image dataset. (a) The physi-
cal image of the experimental setup. BE:
beam expander, BS: beam splitter, MO:
microscope objective, and NDF: neutral
density filter. (b) The optical schematic of
the experimental setup.
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B. Implementation details

The network is implemented in Python. The training process
is running on an Intel Xeon CPU with 12 GB RAM and acceler-
ated by a Tesla K80 GPU. The factor A is fine-tuned in the range of
[1073,107*] with cross-validation.

C. Qualitative analysis

Inspection of attention-based feature extraction. We plot the
activation heat map in Fig. 5 to visualize the interest region of
the feature extraction with the network. Focus regions show higher
heat values in these plots.”” It can be seen that the high heat value
regions appear around the microparticles, which indicates the effec-
tiveness of the attention-based feature extraction mechanism in
scaling the weights of the feature maps according to the image con-
tents. By putting less focus on the background regions, our network
has the capability to extract discriminative features, which are then
evaluated in the MP classification tasks.

Feature center alignment. We randomly select some sample
images from the holographic dataset and plot their feature distri-
butions in order to visualize the capability of the feature center
alignment of our method. As shown in Fig. 6, the semantic centers of
each class, which are generated by the mapping function, are located
closely to their visual centers. This result shows the effectiveness of
the network training strategy with the KL loss function in learning
the mapping function.

D. Experimental results and discussions

We measure the average per-class top-1 accuracy on both the
seen and unseen classes to evaluate the classification performance,
which is denoted by As and A,, respectively. Because the accura-
cies of the seen classes are much more prominent than those of the
unseen classes in ZSL,”” we calculate the harmonic mean accuracy to
soften the impact of the imbalance between the two, defined as

2-A-A
H==""=""* 9)
Ay + A

original
image

activation
heat map

- fragment .
» foam "

film YY)

fiber e oot
» sand :

» shells and bones

« others

B B

Visual space ¢> semantic center /\ visual center
FIG. 6. Visualization of the feature distribution of randomly selected images from
the dataset using t-SNE.*5 The semantic centers generated by the mapping
function locate closely to the visual centers.

TABLE I. Experimental results of the ablation study for attention-based feature extrac-
tion mechanism. As and A, represent the top-1 accuracy on the seen and unseen
classes, respectively. H is their harmonic mean. The results are the average values
based on ten repeated experiments.

Methods As (%) Ay (%) H (%)
ResNet-101 74.02 52.37 61.34
Our method 88.04 71.61 78.98

We first evaluate the effectiveness of the attention based feature
extraction mechanism. We compare the classification performance
of our method and the ResNet-101 network, which has the same
backbone model but without the attention mechanism, on the het-
erogeneous MP dataset. As reported in Table I, the experimental

FIG. 5. Visualization of the activation heat maps of randomly selected images from the dataset. The proposed attention-based feature extraction mechanism scales up the

weights of the interest region in the image.
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TABLE II. Experimental results in top-1 accuracy and the harmonic mean accuracy
with different distance loss functions. As and A, represent the top-1 accuracy on the
seen and unseen classes, respectively. H is their harmonic mean. The notations &' ¢
and &y refer to the Chamfer distance and the Wasserstein distance, respectively.
The results are the average values based on ten repeated experiments.

Loss function As (%) Ay (%) H (%)
L MSE 66.54 50.21 57.23
L MsE + 34 73.57 55.74 63.43
LPyuse+Lw 76.35 59.63 66.96
Our method 87.84 70.97 78.51

results of our method on both the seen and unseen classes show sig-
nificant improvements. The harmonic mean records a 28.76% gain
compared to the ResNet-101 network, which demonstrates the sig-
nificance of the attention mechanism on the feature extraction and
the MP classification tasks.

(a) (b) (©)

ARTICLE scitation.org/journal/app

As discussed earlier, ZSL generally suffers from the domain
shift problem. As shown in Fig. 6, there is a variation between the
visual center and the semantic center of each class, which may raise
from the mismatch between the visual features and the semantic fea-
tures. Here, we analyze the performance of our method in alleviating
this issue by observing the experimental results with different loss
functions for the MP classification tasks. The Chamfer distance’’
and the Wasserstein distance™ are selected for the comparison
experiments, as they are both commonly used distance measure-
ments.” In addition, we also report the results with only the MSE
loss as the control group. As given in Table II, our method achieves
better results on both top-1 accuracies and their harmonic mean
over the other three distance functions. Combining with the visual-
ization results in Fig. 6, we can conclude that the KL divergence loss
function makes a positive contribution in dealing with the domain
shift problem and classifying heterogeneous MP samples.

In reality, MPs have high variance in their shape and morphol-
ogy. No existing database can cover all the varieties. It, therefore, has
crucial significance for researchers if the network can give correct

FIG. 7. Sample images of the seen
classes from the heterogeneous
microplastic digital image dataset. The
classes of the sample images are (a)
fiber, (b) film, (c) foam, (d) sand, (e)
shells and bones, (f) fiber, (g) foam, and
(h) fragment.

FIG. 8. Sample images of the unseen
classes from the heterogeneous
microplastic digital image dataset. The
classes of the sample images are (a)
coal dust and fly ash, (b) pellet, (c)
micro-organisms, (d) fiber and fiber
bundle, (e)-(g) fiber bundle, and (h)
algae and plant matter.

APL Photon. 7, 076102 (2022); doi: 10.1063/5.0093439
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FIG. 9. Accuracy of the seen (As) and unseen (A,) classes, and the harmonic mean
(H) vs the number of unseen classes on the microplastic digital image dataset.

predictions for new MP samples. In addition, some datasets con-
tain conventional images rather than holograms of the MPs, and it
is highly desirable if the network can also deliver good results on
such inputs. To this end, we conduct experiments on a digital MP
image dataset collected by ourselves in multiple sampling sites in
Hong Kong.

We split the images here into the same classes as the holo-
graphic image dataset by some professional researchers. As shown
in Figs. 7 and 8, the digital image dataset has more complex content,
and it is more difficult to make predictions. Natural particles, such
as organic matters and inert minerals,” mix with the MPs, resulting
in occlusion and confusion for the MP recognition. For this chal-
lenging task, we show the experimental results with the change in
the number of unseen classes in Fig. 9. It is worth noting that our
method achieves nearly 60% in the harmonic mean H on the digi-
tal image dataset. Moreover, it shows a slow drop with an increase
in the number of unseen classes. These experimental results indi-
cate a potential value of our method to classify and identify the
heterogeneous MP samples in the field.

V. CONCLUSION

In this work, we propose a zero-shot learning method for
the heterogeneous microplastic sample identification and classifi-
cation task based on their digital holographic images. Different
from the traditional supervised learning classification methods,
ZSL delivers notable results on image classification even though
the samples are never seen during the training process. By lever-
aging the attention mechanism and Kullback-Leibler divergence,
our method shows a substantial performance gain in extracting
the image feature and reducing the domain shift. The experi-
ments are not only conducted on the holographic image dataset,
which contains the morphological and refractive index informa-
tion of the MPs, but also on the more general MP digital image
dataset. This work is significant in assisting the understanding
of the MP pollution and distribution. It also provides insights
into the potential capability of ZSL to identify MPs in the field
intelligently.
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