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Abstract—Micro-objects, such as microplastics and particulate
pollution, need to be accurately observed and detected by high-
precision optical systems. Digital holography is a powerful tool
to detect such microscopic objects. However, traditional digital
holography requires additional image processing such as phase
unwrapping, de-noising, and refocusing, which costs a lot of time
and does not have a consistently better performance in micro-
object detection. Here, we propose an intelligent holographic
classifier, which is a deep learning-based lensless inline digital
holography system to detect the micro-object directly on the
raw holograms and show the quantitative information of micro-
objects for individual hologram by automatic object classification.
In a demonstration where we capture the holograms of microplas-
tics particles, which are easily confused with dust particles,
we arrive at an accuracy above 97%. Compared with other
leading classifiers, our method has shorter training time, faster
classification and quantitative analysis, higher accuracy, and
better robustness. Furthermore, this intelligent digital holography
system, which requires only a light-emitting diode (LED), a
sample slide, and a CMOS camera, can be used as a portable
low-cost microplastics counting and classification tool, driving
the development of microplastics detection in the ecological
environment.

Index Terms—digital holography, deep learning, image classi-
fication, microplastics

I. INTRODUCTION

Micro-scale imaging systems, which are used to observe
objects with a general dimension of 100 µm and smaller,
have been widely applied in biomedicine such as microflu-
idic cellular imaging [1], in semiconductor manufacturing
such as integrated circuit micro-defect detection [2], and in
environmental science such as microplastics detection and
monitoring [3]. However, these micro-objects are often mixed
with other particles in the ecological environment (e.g. dust
particles) or embedded in some biological tissues [4], ob-
fuscating some of their features. Consequently, it is difficult
to accurately detect and show the quantitative information
of micro-objects without expensive optical instrumentation or
complicated image processing technologies.

In recent years, for different optical systems, researchers
have devised means to perform object detection or classifi-

cation by developing algorithms on the premise of reducing
image preprocessing steps. For example, Javidi et al. [5] pro-
posed a lensless single-beam pseudo-random encoded imaging
system for cell classification. With this system, the unique
opto-biological signature of the micro-organisms are recorded
by an image sensor and used for the subsequent classification
by random forest or support vector machine. However, an
additional diffuser is needed to modulate the spatial frequency
of the light, increasing the complexity of the optical devices
and possibly introducing aberration. Satat et al. [6] generated
a synthetic random dataset with a Monte Carlo model through
scattering media and trained it with a convolutional neural
networks to do the object poses classification. Equipped with a
graphics processing unit, this classification could be performed
in real-time. When the system working in a completely new
scene, anticipatory preparation is required for rendering the
new synthetic dataset. Jiao et al. [7] developed a single-pixel
imaging system to perform the linear pattern recognition with
an incoherent light source. Compared with the holographic
system, which uses CMOS camera to record image informa-
tion, the image sensor contains only a single pixel. The target
image requires sequential illumination with varying patterns,
which reduces its imaging efficiency.

Currently, digital holography is mainly used to improve the
performance of imaging systems [8], [9] in terms of autofocus-
ing [10], super-resolution [11] and reconstruction [12]–[14].
However, with respect to micro-object detection and classi-
fication, digital holography still needs further improvement.
Compared with conventional 2D images, holograms record the
phase information of objects [15] and have clearer features for
further image classification.

In this work, we propose a deep learning-based lensless digi-
tal holography system for accurate and automatic microplastics
detection and classification. Compared to conventional lens-
based holography techniques [15], this imaging system directly
captures and processes the holograms of microplastic samples
without any optical lenses between the light source and the
image plane. The detection and classification of microplastic
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samples are achieved by a specially designed deep learning
algorithm, called Holographic-Classifier Convolutional Neural
Network (HC-CNN), based on only a single raw microplas-
tics hologram without any denoising and reconstruction pre-
processing. After the deep neural network is trained, this sys-
tem can rapidly provide the classification results in 10 seconds
with a high accuracy of 97.01% while traditional methods
often need several hours and have lower accuracy [4]. This
real-time and precise information is useful for the detection
and recognition of micro-objects underwater or in the air.

Our main contributions can be summarized as follows:

• We propose an intelligent inline lensless digital holog-
raphy classification system enabled by the deep learning
network to detect and classify the micro-objects automat-
ically.

• Our deep learning-enabled digital holography system
classifies the micro-objects directly on the raw holograms
without additional image processing steps, such as image
reconstruction. The system shows better performance in
classification accuracy, efficiency, and robustness.

• A well-labelled hologram dataset is constructed, which
closes the gap of a lack of open source and well-labeled
hologram datasets. It helps to push the combination of
computational imaging, digital holography, and machine
learning.

• Our system provides an efficient tool for microplastics
detection and counting, which is useful for assessing
environmental pollution.

II. MATERIALS AND METHODS

A. Sample selection and preparation

Microplasitcs are chosen as the representative micro-objects
to use with this lensless digital holography system. According
to the National Oceanic and Atmospheric Administration
(NOAA) of the United States, plastic particles with a diameter
less than 5mm are defined as microplastics [16], which are a
leading source of marine pollutants. They may accumulate in
the oceans for many years and can do harm to human’s health.
In recent years, it has attracted a lot of attention from the en-
vironmental protection departments and researchers. However,
the current detection technologies require close involvement of
domain experts and plenty of time to do sample handling [4],
image pre-processing, and manual classification. It is highly
significant to design an automatic detection and classification
system for microplastics.

Several main classes of microplastics are chosen to test in
our study, which are polyethyelene (PE), polystyrene (PS),
low-density polyethylene (LDPE) and polyhydroxyalkanoate
(PHA). The dimension of microplastic samples are between
90 µm and 450 µm. To simulate the real marine detection
environment, the test samples are a mixture of microplastics
and some dust particles (e.g. shattered glass, soil particle, leaf
fragments).

B. Lensless digital holography

As shown in Fig. 1a, an in-line digital holography system
is built with an LED, a CMOS camera (Mako-507b) and a
sample slide. A partially coherent light from the LED with a
wavelength of 440 nm goes through the microplastic samples
and generates a scattered light. Then, the hologram generated
by the interference of the scattered light and the reference light
is recorded by the CMOS camera. The distance between the
LED and the CMOS camera is 18.5 cm, which is equal to
the length of the holography system. The microplastic sample
slide is placed 2.5 cm in front of the CMOS camera. The
raw holograms of the microplastic samples are recorded by
the CMOS camera and stored in the computer for further
labelling and training. Compared to other traditional optical
holography systems [17], the digital inline holography system
has lower hardware complexity and lower system cost, which
opens up possibilities to explore the portable and cost-effective
classification tool.

C. HC-CNN training for classification

The microplastic hologram dataset has the following special
characteristics:

1) The features of holograms are not clear enough. There-
fore, a shallow network structure cannot accurately
extract their feature maps.

2) There are relatively few categories. Redundant network
parameters may cause network over-fitting.

3) The dataset for network training is small. A tiny network
needs to be well trained.

To cater for the above requirements, we design a holographic
classifier CNN, which can achieve automatic microplastics
detection and classification based on the raw holograms.

The detailed structure of the HC-CNN is shown in Fig. 1b.
The hologram in the training set (128×128 pixels, 1 channel)
is first calculated by a convolution layer with a kernel size of
3× 3. The activation function we use is a rectified linear unit
(ReLU), which can prevent the gradient from vanishing. Each
convolution layer is combined with a batch normalization layer
to speed up the training process. Then, they are followed by
a max-pooling layer (2 × 2), which is used to decrease the
number of parameters and avoid network over-fitting. After
computation by the convolution layers and the pooling layers,
the data with a size of 16 × 16 and 256 channels are then
flattened to 1 dimension, with a length of 16, 384. After that,
three fully connected layers are implemented to aggregate the
features. Before each of them, we add a dropout layer to
discard half of the connections. Finally, the possibility of each
class is calculated by a fully connected layer applied with a
softmax function. We use cross-entropy as the loss function.

D. Dataset labelling and network training

To create our classification dataset, every raw hologram is
labelled manually according to their corresponding sample
slides, as given in Fig. 2a. In order to show the holograms
in the database in more detail, we select and enlarge two
sample pictures, which are shown in Fig. 2b and Fig. 2c. The
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(a)

Fig. 1. Schematic of the intelligent holographic classifier (a) Imaging system layout. (a is an LED; b is the sample slide; c is the imaging plane of the CMOS
camera) (b) HC-CNN training with labelled dataset. (BN represents batch normalization layer.) (c) Classification based on the output of HC-CNN.

microplastics and dust particles are marked as “MP” and “dust
particles”, respectively. Compared with microplastics, the dust
particles have more irregular shapes and rough edges.

Sample labels use one-hot encoding for network classifica-
tion. The data quantity distribution of each class in the dataset
is shown in Fig. 2a. To better train our network, we use data
augmentation to enlarge our dataset. A mixture of 4 different
transformations (rotation of 90°, 180°, 270°, horizontal mirror-
ing) are applied to the raw labelled holograms. Afterwards, the
number of holograms increases from 597 to 4768. Then, the
augmented dataset is divided into a training set and a validation
set, with the principle of 10-fold cross validation. The test set
contains 67 unused holograms recorded by the CMOS camera.

The network is implemented in TensorFlow. All the training
was accelerated by a GPU (NVDIA TITAN V, 1455MHz
core frequency), where the Adam optimizer [18] is used for

the gradient updating with a learning rate of 0.0001. Once
the training is completed, the automatic detection could be
finished based on one raw hologram in 10 seconds, while
other microplastic detection methods generally take 20 to 30
minutes [4].

III. RESULTS AND DISCUSSION

To observe the performance of the trained HC-CNN more
visually, we plot the values of accuracy of training set and
validation set with respect to the number of iterations in
Fig. 3. The accuracy of the validation set improves quickly
after about 20 iterations. Therefore, the network starts to
converge effectively after about 20 iterations. As shown in
Fig. 3, the HC-CNN network gives a stable performance when
performing classification of microplastics.

We compare HC-CNN with other leading methods, namely,
Multilayer Perceptron (MLP) [19], Visual Geometry Group
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(a)

(b) (c)
Fig. 2. Sample images in dataset. (a) Labelled raw holograms of different classes. (b) Zoomed in hologram (corresponding to the orange-frame sample image)
with the marks of microplastics and dust particles. (c) Zoomed in hologram (corresponding to green-frame sample image) with the marks of microplastics.

Fig. 3. Training curves of HC-CNN on training set and validation set.

Network-16 (VGG-16) [20], CNN, and ResNet [21], to eval-
uate the classification performance. For a fair comparison, we
adjust the parameters of the above-mentioned networks to ob-
tain the best performances. The performances are evaluated in
terms of accuracy (A) and precision (P), which are calculated

by

A =
XTP +XTN

H
(1)

P =
XTP

XTP +XFP
(2)

where XTP represents the HC-CNN output results correctly
predicting the well-classified samples, XTN represents the
output correctly predicting the mis-classified samples, XFP

represents the output incorrectly predicting the well-classified
samples, and XFN represents the output results incorrectly
predicting the mis-classified samples. H is the number of
holograms in the test set, where H = 67 in our experiment.
We also record the decision time (TD), which is the sum of the
network training time on the training set and the time for test
set classification, and show the decision time of each method
in Fig. 4. To test the robustness of each network, we record
the results of fifteen independent experiments.

In order to quantitatively compare the performances among
different algorithms, we tabulate the values of A, P and
the number of trainable parameters in each structures in
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Fig. 4. Classification performance comparison among HC-CNN, MLP [19],
VGG-16 [20], CNN, ResNet [21] in terms of decision time.

TABLE I
CLASSIFICATION PERFORMANCES OF MLP [19], VGG-16 [20], CNN,

RESNET [21] AND HC-CNN.

Methods A P # of Parameters
MLP [19] 0.6974 0.5376 36,352,326
VGG-16 [20] 0.8524 0.7890 72,396,486
CNN 0.9403 0.9349 4,733,382
ResNet [21] 0.9459 0.9518 24,130,438
HC-CNN 0.9701 0.9761 19,616,070

Table I. As shown in Table I, HC-CNN network has the
highest accuracy and precision. In spite of the ResNet network
showing a close performance with HC-CNN, it costs about
three times more than that of the HC-CNN network (Fig. 4). In
addition, though MLP network costs less time than HC-CNN,
its accuracy is significantly lower. The results of each method
are the mean values of fifteen independent experiments.

In terms of the complexity of the structure, HC-CNN has
more lightweight structure and contains fewer than 20 million
trainable parameters, which is about 80% of ResNet, half of
MLP and 20% of VGG-16. In this way, less computing re-
source is required for the training and classification prediction
of HC-CNN network, and its lightweight network structure
can also relief overfitting of the network. We therefore can
conclude that, compared to other tested networks, HC-CNN is
an accurate and fast network for microplastics classification,
which increases the possibility of further implementation on a
portal device and use for real-time micro-object detection.

IV. CONCLUSION

In this work, we propose a deep learning-based inline lens-
less digital holography system to accurately detect and classify
the micro-objects without complex, expensive optical instru-
mentation and complicated image processing technologies.
The performance of this system is experimentally verified by
training the HC-CNN both on our own well-labelled hologram
dataset and open source holograms. The experimental results
show that our method has higher accuracy, better robustness
and good generalization with a speed 3× quicker than other
leading deep learning networks.

This deep learning-based digital holography system can
be further enhanced to detect and analyze quantitatively
many kinds of micro-objects, such as the particulate pollution
(PM10) [22] in the air or micro-defects [23] on a chip.
Besides, because of its low instrumentation complexity, it
can be packaged as a portal microplastics classification tool,
which can be carried by researchers for real-time detection and
classification of microplastics on the seafront. Additionally,
our work also offers an attractive direction for the develop-
ment of digital holography, that is, a smart imaging system.
Combined with artificial intelligence technologies, many types
of optical systems, such as optical coherence tomography
(OCT) [24] system, light field microscopy [25], fluorescence
microscopy [26], have the opportunities to greatly improve the
imaging quality, ease of operation, imaging speed, etc.

The dataset of used in this study can be download from
https://github.com/ymzhu19eee/dataset microplastics.git
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