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ABSTRACT

Microplastics, which are a major source of pollution in the ocean, need to be accurately detected and monitored.
However, the current detection approaches often require complex optical instrumentation and a long time for
image processing. Furthermore, because of the difficulties of particle sampling, it is hard to collect a dataset with
sufficient images and a balanced distribution. Digital holography, which is a non-destructive imaging method, is
suitable for the in situ imaging. In this work, we propose a novel digital holography microplastics classification
system which combines deep learning and generative adversarial networks. We experimentally show that our
method yields a higher accuracy for microplastics classification and can efficiently reduce the imbalance ratio of
the dataset. This method can be modified for other in situ image classification tasks that likewise suffer from a
small and imbalanced distribution dataset.
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1. INTRODUCTION

Digital holography, which could record the hologram of the object by a CCD or CMOS camera, is capable for the
non-contact and non-destructive imaging.1 The 3D information of the object, such as height and thickness, could
be retrieved by the digital reconstruction with its amplitude and phase information.2–7 Because of its imaging
characteristics, it is a powerful imaging modality for the detection of small object in situ and medical cells which
are sensitive to contact.8–12 Mallahi et al.9 investigated the use of digital holographic microscope for the auto-
matic detection and classification of living organisms in drinking water. Ren et al.11 proposed an autofocusing
algorithm based on the structure tensor to help obtain the axial position information of multisectional objects
using digital holography. This method can extract the focal distance of each section of the multisectional object
regardless of whether they overlap or not. Kim et al.12 proposed a deep transfer learning based lens-free digital
in-line holography to classify individual cells and realise a low-cost, portable tool for point-of-care diagnostics.
Zhang et al.13 provided a noise suppressed dual-wavelength digital holographic microscopy for sub-nanometer
resolution sample profile, which is useful for precision measurement, biological detection, etc. Ren et. al.14

reconstructed the all-in-focus image and depth map for a multisectional object by digital holography and an
end-to-end nonparametric deep learning network. This method can not only generate the depth map of object
without any prior knowledge but also overcome the influence of noise and distortion to the phase map.

Microplatics, which refer to plastic particles smaller than 5 mm, are often found in man-made products such
as toothpaste and scrubs or are produced by the incomplete degradation of large plastic waste such as plastic
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Figure 1. (a) Experimental digital in-line holographic system setup. (b) The structure of ACGAN.

bottles and plastic bags.15 In addition, due to the outbreak of COVID-19, medical waste such as disposable
syringes and medical protective clothing is generated and accumulated in large quantities, and its inadequate
recycling treatment can also exacerbate microplastic pollution.16 Microplastics can be ingested by marine or-
ganisms, endangering their digestive systems or their lives. Therefore, more researchers start to explore a more
accurate detection and classification method for microplastic particles. At present, the main detection methods
of microplastics particles include Fourier infrared spectroscopy, Raman spectroscopy and visual inspection, etc.
However, these optical instruments are expensive, requires complicated image processing steps and are time-
consuming.15 In recent years, a number of research groups have begun to use digital holography to detect the
microplastic particles. For example, Bianco et al.17 use digital holographic microscopy to probe the microplastics
of various materials and presented that the microplastic can be defined by phase contrast map of the microplas-
tics. Zhu et al. combined the digital holography and You-Only-Look-Once (YOLO) to detect the microplastics
without any image preprocessing steps18 and utilized the transfer learning to classify the microplastics with a
small and imbalanced dataset.19

The distribution of microplastic particles in the natural environment is relatively dispersed. Under the range
of the shooting field of the camera, the sample images of microplastics with a large amount are difficult to
collect, which leads to the imbalanced distribution of all kinds of samples in the dataset when microplastic
particle holographic images are classified and labeled according to the number of microplastic particles contained
in them. In addition, the labeling of microplastic particle images also requires visual inspection and manual
labeling by the researchers with professional background, which is time-consuming. This also limits the total
number of images in the dataset, making it less than the demand for the size of dataset required by the deep
learning training process in most cases. Classical data augmentation methods are often used to solve the above
problems, including image rotation, zooming and mirror symmetry, etc. However, the additional information
gained from these generated images is very limited and the effect on the training performance of the classification
task is also small. In recent years, some research groups have used more efficient information generation methods
to synthesize images, such as meta-learning,20,21 transfer learning12,22,23 and Generative Adversarial Network
(GAN),24,25 etc. Inspired by these, in this study, we propose a digital holography and Auxiliary Classifier GAN
(ACGAN)26 based method to classify the microplastic particles with a small and imbalanced dataset. We built
up a digital in-line holography system to collect holograms of microplastic particles. And the collected dataset
with a small size and imbalanced distribution was augmented by ACGAN. After that, the processed database is
sent to a deep learning classification network (holographic classifier convolutional neural network19) for network
training and testing. We experimentally showed that the our method has higher accuracy in microplastics
classification.
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Table 1. The data distribution of each class in the dataset and its degree of imbalance.

Class Initial Augmented

None 1 2 3 4 ≥ 5 ρ
∑C

k=1 nk ρ
∑C

k=1 nk

36 262 89 94 30 22 11.91 533 1.00 1572

2. METHOD

2.1 Digital in-line holography

The experimental setup in this study is built based on the principle of digital in-line holography, as shown in
Fig. 1(a). Compared with traditional holography and digital off-axis holographic set-up, digital in-line holography
yields the maximum space-bandwidth product and requires fewer optical and mechanical instruments, which
introduces less aberration in digital in-line holography system.1 Besides, because the object light and the
reference light propagate along the same optical path, the digital in-line holographic system is more tolerant
to the optical path vibration. Moreover, the simplicity of optical devices makes them cheaper, more portable
and suitable for out-of-lab utility. In this experiment, we used the white light instead of laser as the light
source, because it can suppress the coherence speckle noise and the coherent effect of multiple reflections on
the holograms. In addition, the cost of lamp is only one-fifth to one-tenth that of the laser, further reducing
the overall cost of the experimental equipment. As shown in Fig. 1(a), the white light emitted by the lamp
and collimated by an aspheric lens passes through the sample to form the object light and interfered with the
reference light. And the generated hologram is recorded by a CMOS camera. In order to reduce the aberrations,
the CMOS camera is placed as close as possible to the sample. In this experiment, due to the limitation of the
physical structure of CMOS camera, it is placed 2.5 cm away from the sample.

2.2 Generative Adversarial Network-based deep learning network for microplastics
classification

The working principle of GAN is to train two model networks at the same time, namely generator and discrimi-
nator. The generator learns to generate fake samples in unknown distributions, and the discriminator learns to
distinguish between the real samples and fake samples. In this study, we use ACGAN to generate the synthesis
samples and address the problems caused by the small and imbalanced dataset, for it can generate of specific
classes. The detailed structure of ACGAN is shown in Fig. 1(b). It has two input for generator network (G),
one is the noise (N) and the other is the class label (C) for the images which is used to instruct the learning
process. The input of noise is a structure basis for the generator, which is finally generated as a fake image. The
discriminator (D) will try to distinguish the fake sample (Xf ) generated by the generator and the real sample
(Xr) taken from the dataset. The In addition, the discriminator will also classify the samples and predict their
classes (C = 1, C = 2, . . .). In this study, the generator model and the discriminator model are implemented by
a CNN network, respectively. There are two parts in the loss function of ACGAN. One is Lf , which is used to
judge whether the sample is fake or not, given by

Lf = E[logP (f = real|Xr)] + E[logP (f = fake|Xf )]. (1)

And the other is Lc, which is used to assess the accuracy of data classification, defined as

Lc = E[logP (C = c|Xr)] + E[logP (C = c|Xf )], (2)

where P (f |X) represents the possibility distribution of whether the data source is real data and P (C|X) repre-
sents the possibility distribution of each class. In the optimization process, the discriminator is expected to make
the result of Lc + Lf as large as possible, while the generator is expect to maximum the result of Lc −Lf , that
is, the discriminator is expected to distinguish the real data and fake data as far as possible and can effectively
classify the data, while for the generator, the fake data is expected to be regarded as the real data and can be
effectively classified.

Proc. of SPIE Vol. 11551  115510A-3
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 11 Oct 2020
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Figure 2. The classification performance (accuracy) of the HC-CNN network on different datasets.

Table 2. Classification performances of different methods on the dataset with a size of 1572 images.

Method Accuracy (A) G-mean (G)
CNN 0.895 0.901

HC-CNN19 0.957 0.948
VGG-16 0.921 0.913

Kim et al.12 0.857 0.848
HC-CNN with ACGAN 0.970 0.964

3. EXPERIMENTS AND DISCUSSION

In order to simulate the existence of microplastic particles in the natural environment, we mixed microplastic
particles with soil particles and made the test samples. The types of microplastic particles to be detected include
low-density polyethylene (LDPE), high-density polyethylene (HDPE), polypropylene (PP), polystyrene (PS),
which are the most common microplastic materials in the world.15 We also choose the polyhydroxyalkanoate
(PHA) particles as a representative of the new microplastic particulate material to conduct experiments. A total
of 533 images were recorded by the CMOS camera and classified into None, 1, 2, 3, 4 and ≥ 5 according to the
number of microplastic particles contained in the images. To quantify the degree of imbalance in the dataset,
the imbalance ratio is used and defined as

ρ =
max{nk}
min{nk}

, k = 1, . . . , C, (3)

where max{nk} represents the number of data in the most frequent class and min{nk} represents the number of
data in the least frequent class. We show the number of images in each class and the corresponding imbalance
ratio of the dataset before and after augmentation using ACGAN in Table 1. After the data augmentation, each
class in the new dataset was expanded to 262 images with the same sample size as the most frequent class with the
largest sample size in the initial dataset. And the imbalance ratio ρ of the dataset also decreased from the 11.91
to 1.0. The classification network used in this experiment is the lightweight holographic classifier convolutional
neural network (HC-CNN) specifically designed for the classification of microplastic particles proposed in Ref.19

With VGG-1627 as the backbone network, HC-CNN can efficiently extract features in holographic images through
convolutional layer and pooling layer and classify the images. We use accuracy (A) and G-mean (G) to evaluate
the performances of the classification, given by

A =
XTP +XTN

XTP +XTN +XFP +XFN
, (4)

G =

√(
XTP

XTP +XFN

)(
XTN

XFP +XTN

)
, (5)

where XTP, XTN, XFP, XFN denote the numbers of true-positive, ture-negative, false-positive and false-negative
classification results, respectively. For here, if the prediction results are correctly assigned to the well-classified
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samples by the network, it is regarded as a true-positive classification and otherwise as a false-negative. Likewise,
true-negative represents the mis-classified samples mismatches the prediction result, and false-positive represents
the well-classified samples are incorrectly assigned to the prediction results. As a performance metrics, G-mean
can compensate for the problems that may exist when the accuracy is applied to the imbalanced dataset, which
cannot give consideration to the performance results of high frequency and low frequency classes.

The performances of microplastics classification are showed on Fig. 2. We respectively compare the results of
training and classification prediction of three kinds of datasets input into HC-CNN network after directly doubling
the original dataset, normally augmented dataset, and ACGAN network augmented dataset. The operations of
normally augmentation include image rotation, scaling and mirror symmetry. As shown in Fig. 2, after the
dataset was augmented with ACGAN, its accuracy exceeded the classification prediction performance of other
datasets, reaching 97%. In addition, with the reduction in the number of images, the accuracy of the ACGAN
augmented dataset declined slowly, only by about 5% in the case of 700 samples. In contrast, the accuracy of
the conventional enhanced data set and the original data set decreased by 11.45% and 13.54% respectively. It
can be seen that the ACGAN-based augmentation method is more effective than the normally augmentation
method in expanding the richness of the features of the dataset and in dealing with the classification problem
of small data sets with imbalance distribution. Besides, we also show the classification performances of different
methods are shown in Table 2. Compared with the other traditional and leading methods, our proposed method
yielded a higher accuracy and G-mean value which presented a good performance on the task of microplastics
classification with small dataset.

4. CONCLUSION

We describe our work in automatic detection and classification of microplastic particles, which are emerging
pollutants in the environment, with a fast, non-destructive, and portable digital holography system. Deep learn-
ing and generative adversarial networks are developed to assist the digital holography system for microplastics
classification with a small and imbalanced distribution dataset. Experiment results are compared favorably with
other traditional and leading methods. Our work is also applicable to the detection and classification of other
micro-objects.

Acknowledgement

The work is supported in part by the Research Grants Council of Hong Kong (GRF 17203217, 17201818,
17200019), the University of Hong Kong Interdisciplinary KE Project Fund (KE-ID-2018/19-17) and Environ-
ment and Conservation Fund (ECF Project 109/2019)

REFERENCES

[1] Goodman, J. W., [Introduction to Fourier Optics ], W. H. Freeman, fourth ed. (2017).

[2] Ren, Z., Zeng, T., and Lam, E. Y., “Digital holographic imaging via deep learning,” in [Computational
Optical Sensing and Imaging ], CTu3A–4, Optical Society of America (2019).

[3] Chen, N., Zuo, C., Lam, E. Y., and Lee, B., “3D imaging based on depth measurement technologies,”
Sensors 18(11), 3711 (2018).

[4] Lam, E., “Computational imaging and reconstruction in digital holographic microscopy,” in [Biomedical
Imaging and Sensing Conference ], 10711, 1071104, International Society for Optics and Photonics (2018).

[5] Lam, E., “Holographic imaging and reconstruction using machine learning,” in [Advances in Optoelectronics
and Micro/nano-optics ], InF21 (2018).

[6] Xu, Z., Zuo, S., and Lam, E. Y., “End-to-end learning for digital hologram reconstruction,” in [High-Speed
Biomedical Imaging and Spectroscopy III: Toward Big Data Instrumentation and Management ], 10505,
1050510, International Society for Optics and Photonics (2018).

[7] Zeng, T., So, H. K.-H., and Lam, E. Y., “Redcap: Residual encoder-decoder capsule network for holographic
image reconstruction,” Optics Express 28(4), 4876–4887 (2020).

[8] Meng, N., Lam, E. Y., Tsia, K. K., and So, H. K.-H., “Large-scale multi-class image-based cell classification
with deep learning,” IEEE Journal of Biomedical and Health Informatics 23(5), 2091–2098 (2018).

Proc. of SPIE Vol. 11551  115510A-5
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 11 Oct 2020
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



[9] El Mallahi, A., Minetti, C., and Dubois, F., “Automated three-dimensional detection and classification of
living organisms using digital holographic microscopy with partial spatial coherent source: Application to
the monitoring of drinking water resources,” Applied Optics 52(1), A68–A80 (2013).

[10] Lee, S. J., Yoon, G. Y., and Go, T., “Deep learning-based accurate and rapid tracking of 3d positional
information of microparticles using digital holographic microscopy,” Experiments in Fluids 60(11), 170
(2019).

[11] Ren, Z., Chen, N., and Lam, E. Y., “Automatic focusing for multisectional objects in digital holography
using the structure tensor,” Optics Letters 42(9), 1720–1723 (2017).

[12] Kim, S.-J., Wang, C., Zhao, B., Im, H., Min, J., Choi, H. J., Tadros, J., Choi, N. R., Castro, C. M.,
Weissleder, R., et al., “Deep transfer learning-based hologram classification for molecular diagnostics,”
Scientific Reports 8(1), 1–12 (2018).

[13] Zhang, X., Yang, Y., Lam, E., and Xu, Z., “Noise analysis of dual-wavelength digital holographic mi-
croscopy,” in [Computational Optical Sensing and Imaging ], CTu4C–5, Optical Society of America (2019).

[14] Ren, Z., Xu, Z., and Lam, E. Y., “End-to-end deep learning framework for digital holographic reconstruc-
tion,” Advanced Photonics 1(1), 016004 (2019).

[15] Silva, A. B., Bastos, A. S., Justino, C. I., da Costa, J. P., Duarte, A. C., and Rocha-Santos, T. A., “Mi-
croplastics in the environment: Challenges in analytical chemistry - a review,” Analytica Chimica Acta 1017,
1–19 (August 2018).

[16] Fadare, O. O. and Okoffo, E. D., “Covid-19 face masks: A potential source of microplastic fibers in the
environment,” The Science of the total environment 737, 140279 (2020).

[17] Bianco, V., Memmolo, P., Merola, F., Carcagni, P., Paturzo, M., Distante, C., and Ferraro, P., “Char-
acterization of microplastics by holographic features for automatic detection in heterogeneous samples,”
in [Optical Methods for Inspection, Characterization, and Imaging of Biomaterials IV ], 11060, 110601E,
International Society for Optics and Photonics (2019).

[18] Zhu, Y., Yeung, C. H., and Lam, E. Y., “Automatic detection of microplastics by deep learning enabled dig-
ital holography,” in [Imaging and Applied Optics Congress (Digital Holography and 3D Imaging) ], HTu5B.1
(2020).

[19] Zhu, Y., Yeung, C. H., and Lam, E. Y., “Holographic classifier: Deep learning in digital holography for
automatic micro-objects classification,” in [18th IEEE International Conference on Industrial Informatics ],
516–520 (2020).

[20] Finn, C., Abbeel, P., and Levine, S., “Model-agnostic meta-learning for fast adaptation of deep networks,”
arXiv preprint arXiv:1703.03400 (2017).

[21] Ren, M., Triantafillou, E., Ravi, S., Snell, J., Swersky, K., Tenenbaum, J. B., Larochelle, H., and Zemel,
R. S., “Meta-learning for semi-supervised few-shot classification,” arXiv preprint arXiv:1803.00676 (2018).

[22] Pan, S. J. and Yang, Q., “A survey on transfer learning,” IEEE Transactions on knowledge and data
engineering 22(10), 1345–1359 (2009).

[23] Karri, S. P. K., Chakraborty, D., and Chatterjee, J., “Transfer learning based classification of optical
coherence tomography images with diabetic macular edema and dry age-related macular degeneration,”
Biomedical Optics Express 8(2), 579–592 (2017).

[24] Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A., and
Bengio, Y., “Generative adversarial nets,” in [Advances in Neural Information Processing Systems ], 2672–
2680 (2014).

[25] Frid-Adar, M., Diamant, I., Klang, E., Amitai, M., Goldberger, J., and Greenspan, H., “Gan-based syn-
thetic medical image augmentation for increased cnn performance in liver lesion classification,” Neurocom-
puting 321, 321–331 (2018).

[26] Odena, A., Olah, C., and Shlens, J., “Conditional image synthesis with auxiliary classifier gans,” in [Inter-
national Conference on Machine Learning ], 2642–2651 (2017).

[27] Simonyan, K. and Zisserman, A., “Very deep convolutional networks for large-scale image recognition,”
arXiv preprint arXiv:1409.1556 (2014).

Proc. of SPIE Vol. 11551  115510A-6
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 11 Oct 2020
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use


