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Abstract: An inline digital holography with deep learning is developed to detect mi-
croplastics automatically from the raw holograms, without any additional image processing
and analysis. © 2020 The Author(s)

1. Introduction

Plastic waste, such as bottles on the beach, discarded fishing nets and debris of crushing ships, may eventually be-
come microplastics. These microplastics, which are possibly consumed by living creatures, are very difficult to be
metabolized. In recent years, how to accurately detect and quantify micro-objects (e.g. microplastics) has been ex-
plored by many researchers [1]. However, conventional approaches for the microplastics detection need additional
image processing, such as phase unwrapping, back-propagation, denoising, etc [2]. In view of these limitations,
a microplastics automatic detection system with simple equipment, high accuracy and no additional image pro-
cessing steps is highly desirable. To meet this requirement, inspired by recent works in digital holography [3], a
deep learning-based inline digital holography system is designed in this study. We apply YOLO-LITE [4], which
is a lightweight Convolutional Neural Network (CNN) algorithm, directly to the raw microplastics holograms.
YOLO-LITE, which can be run on a portable electronic device equipped with CPU only, performs one-step object
detection and positioning without any additional image processing steps, such as phase unwrapping and image
reconstruction, which greatly improves the detection speed.

2. Method and Experiment

The principle of an inline digital holography could be represented by a numerical model showing in Eq. 1. As-
suming that one point on the object plane is (x0,y0) and the corresponding point on the imaing plane is (x,y), the
light disturbance Ih(x,y) on the imaging plane caused by every point of the object can be expressed as

Ih(x,y) =
∫

∞

−∞

∫
∞

−∞

q(x0,y0)exp
{

jk
2z

[
(x− x0)

2 +(y− y0)
2]} dx0 dy0, (1)

where q(x0,y0) is the opacity function of the amplitude on every point of the object, k is the wave number, and
z represents the distance between the object plane and the imaging plane. Compared to off-axis holography, the
inline holography system uses fewer optical lenses and does not need additional manual focusing, making the
device cheaper and easier to implement.

The experimental setup is shown in Fig. 1(a). A red light with a wavelength of 632.8 nm and a diameter of
0.48 mm coming from a krypton laser goes through a neutral density filter (GCO-0704M) and a beam splitter in
sequence to ensure that the light intensity is within the visible range of the CMOS camera (Mako-507B). The
laser beam is then expanded by a 10× beam expander (BE10M) and passes through the microplastics sample slide
interfering with the reference light. Finally, the hologram is recorded by the camera on the imaging plane and
stored in the computer for further training and detection. A sample raw holography image is shown in Fig. 1(b).
We apply YOLO-LITE directly on the raw holograms of microplastics for automatic identification.

3. Results and Discussion

We use Low-Density Polyethylene (LDPE) with a radius of 3 mm (±0.5mm) as microplastic samples, as shown
in Fig. 1(c). They are mixed with soils to simulate a turbid water environment. YOLO-LITE is a lightweight
CNN that does not contain a batch normalisation layer, which significantly reduces the computation time. 400 raw
holograms with resolution of 2464× 2464 are downsampled to 484× 484 pixels, and uploaded to the computer
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Fig. 1. (a) inline digital holography system layout, (b) raw hologram of microplastic particles, (c)
microplastic particle samples (LDPE)

(a) (b) (c) (d) (e) (f)

Fig. 2. sample microplastic images of raw holograms (a-c) and detection results (d-f)

as the training dataset of YOLO-LITE. Another 100 holograms are input into the network as a validation dataset.
The test dataset is 50 unused sample holograms, three of which are shown in Fig. 2(a-c).

There are many challenges in the microplastics automatic detection. First, portions of features of microplastics
are blocked or lost, because the microplastics are mixed with other impurities (e.g. dust particles) in the marine
environment. Second, the light emitted by the laser is partially absorbed after passing through a medium with
different refractive indices, like the sample slide and water, which may blur the holograms on the imaging plane.
Furthermore, dust particles can have a shape similar to microplastics, causing confusion in the detection process.

Some detection results are shown in Fig. 2(d-f). The microplastics are successfully detected from their sur-
roundings with an accuracy up to 95 %. The experiment results show that this deep learning-based inline digital
holography system can be used to automatically detect the microplastics directly, based on the raw holograms
without additional image processing. Because of its simple optical structure and lightweight algorithm, this sys-
tem can be further implemented on a portable device without GPU, such as smartphones. Missing targets (Fig.
2(f)) because of their insufficient detection area in the hologram can be detected by increasing the size of the train-
ing dataset. Currently, digital holography has been successfully used in autofocusing [5], image reconstruction [6],
and this work pushes the application to automatic detection of small objects with low computational complexity.
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