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a b s t r a c t 

Microalgae classification is important for aquatic environment monitoring, but it is difficult in some in-situ cases. 
The Mueller matrix is known to encode the physical properties including the sophisticated microstructure of 
microalgae cells. In this paper, the concept of polarization fingerprint based on the Mueller matrix is presented 
to extract the parameters to classify microalgae. An experimental setup based on the particulate Mueller matrix 
polarimetry (PMP) is used to measure 25 kinds of microalgae covering seven phyla to form a Mueller matrix 
dataset. The proposed sixteen polarization parameters with explicit physical meanings and associations with the 
structural properties are selected to compose the polarization fingerprint. As a result, different microalgae can 
be effectively classified by the polarization fingerprint and machine learning algorithms. The contribution of the 
parameters in the polarization fingerprint is analyzed to provide the specific features for microalgae classifica- 
tion, which gives insights into microalgae’s exclusive physical properties. The extensibility and flexibility of the 
polarization fingerprint are discussed. This work shows the polarization fingerprint’s power to classify microal- 
gae, which can help retrieve in-situ information on the community structures of microalgae, and further monitor 
the aquatic environment. 

1. Introduction 

Microalgae cells are the key component of the Earth’s biosphere and 
aquatic food webs. They are the sensitive indicators of the ecological 
environment and can help explain and forecast the changes in water 
ecosystems [1–2] . Microalgae cells in water ecosystems vary in their 
concentration and composition with location and time, whose diversity 
and dynamics can directly affect climate, fisheries, and human liveli- 
hoods [3] . Also, microalgae cells can regulate the biological carbon 
pump locally and globally, and they are widely involved in the assess- 
ment of risk and development of environmental regulations [4] . Besides, 
the kinds and concentrations of microalgae have a great impact on the 
inherent and apparent optical properties of the water body, which con- 
tributes to the physical basis of modern water color remote sensing [5] . 
Hitherto, the in-situ accurate classification of different microalgae is still 
quite hard for the research community, because it indeed needs multi- 
modal measurement with high spatial and temporal resolution [6] . 

Recently, the microalgae classification always depends on their phys- 
ical, biological, and chemical information, such as size, shape, mi- 
crostructure, pigment, and intracellular molecules [6–7] . The optical 
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microscope is a common tool to classify different species of microalgae 
by observing their cellular shapes and internal pigment fluorescence [8] . 
Meanwhile, optical microscopes are subjected to the diffraction limit 
and fail to obtain the microstructure information of the microalgae cell, 
which can be especially important in the classification when the microal- 
gae cells have similar shapes. The electron microscope, such as scan- 
ning electron microscope (SEM) and transmission electron microscopy 
(TEM), is also usually adopted to provide the detailed intracellular or 
extracellular microstructure of microalgae cells [9–10] . The observation 
of microalgae using the electron microscope is restricted by high costs, 
high labor intensity, and time consumption [7] . Moreover, there are 
intrinsic difficulties when using these microscopes for in-situ classifica- 
tion of microalgae, due to their complex structure and rigorous sample 
preparation. 

The flow cytometer is also widely used for a variety of tasks to an- 
alyze the compositions and physiological states of the microalgae com- 
munity. It needs strict hydrodynamic focusing to successfully pass cells 
through the detection volume one by one and its characterization gen- 
erally depends on the intensity of scattering light and the fluorescence. 
Most flow cytometers need to stain the specific dyes to label the intra- 
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cellular molecule which is hard for in-situ detection [7] . In addition, 
some submersible flow cytometers have equipped the ability to get the 
cell’s image with limited resolution [11] . Moreover, the side scattering 
intensity is used to characterize the microstructure of microalgae cells, 
which is too insufficient to accurately classify various microalgae cells. 
At present, there still lacks a potential tool to obtain the abundant mi- 
crostructure information for in-situ microalgae classification. 

Polarization is an inherent property of light. Polarization measure- 
ments can provide abundant information about the microstructural 
properties of samples. Usually, the polarization states of light can be 
described by a 4-dimensional vector, called Stokes vector �. The 4 × 4 
Mueller matrix � is a transformation matrix of polarization states of 
light [12] , i.e. � ��� = �� �� , as shown in Eq. (1) . The Mueller matrix el- 
ements represent the capability of the sample to transform the polariza- 
tion states of light before and after the interaction. The Mueller matrix 
elements are affected by many different factors, including the geometri- 
cal properties (size, shape, microstructure, orientation, and alignment), 
the optical properties (refractive index, diattenuation, absorption, and 
retardance), and so on [13] . Generally, the Mueller matrix elements can 
be normalized by � 11 , that is, 	 ij = � ij ∕ � 11 , where i, j = 1, 2, 3, 4. 
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Theoretically, the Mueller matrix can characterize the compre- 
hensive polarization properties of samples [12] . However, individual 
Mueller matrix elements often fail to reveal the apparent relationship 
with specific microstructural features [14] . Many polarization param- 
eters derived by the Mueller matrix decomposition (MMD) [15] and 
Mueller matrix transformation (MMT) [16] , are used to quantitatively 
describe the characteristic features of samples. These have been proven 
to be sensitive to the micro- or macro-structural features and optical or 
other physical properties of biomedical samples [17] . Due to the great 
diversity of microalgae, each of these polarization parameters alone may 
be not adequate in the descriptions and classifications of microalgae 
cells. So, it still needs to find a way to combine these polarization pa- 
rameters with explicit physical meanings together to classify microalgae 
cells, which is beneficial for the microalgae research and resource uti- 
lization. 

The Mueller matrix of individual suspended particles can be mea- 
sured by particulate Mueller matrix polarimetry (PMP) [18] . In pre- 
vious work, different suspended particles are successfully classified by 
the Mueller matrix elements powered by convolutional neural network. 
However, it is hard to physically explain why different suspended parti- 
cles can be classified and to explicitly find which parameters dominate 
the classification. Meanwhile, previous researches have reported the fea- 
tured parameters from the Mueller matrix images to characterize the 
tissue’s microstructure [16] . These encourage us to further find the way 
to exploit the potentialities of PMP on the classification of microalgae. 

In this work, we propose the concept of polarization fingerprint con- 
sisting of these polarization parameters to effectively classify the mi- 
croalgae, with the aid of machine learning algorithms. 25 kinds of mi- 
croalgae in seven phyla are chosen as the samples with the broad repre- 
sentation. Sixteen polarization parameters with explicit physical mean- 
ings and associations with certain structural properties are selected to 
form the polarization fingerprint. Different microalgae are effectively 
classified by the polarization fingerprint and the machine learning al- 
gorithms. Then, the combination of polarization parameters and their 
contribution to the microalgae classification are analyzed, which reveals 
the inclusiveness and exclusiveness of the polarization fingerprint. After 
that, the classification of all kinds of microalgae is carried out and the 
correlation between parameters in the polarization fingerprint is ana- 
lyzed, which discusses the extensibility and flexibility of the polarization 
fingerprint. 

2. Methods 

2.1. Samples 

In this work, 25 kinds of common microalgae are collected as the 
measured samples, and their microscopic photos are shown in Figure 1 . 
These samples are provided by Shanghai Guangyu Biological Technol- 
ogy Co. Ltd., Shanghai, China. The detailed information on these mi- 
croalgae is shown in Table 1 including seven phyla, and these microal- 
gae are wide-ranging and representative in shape and size. During the 
experiments, all of these microalgae are sampled from the original sus- 
pensions, and they are added into the sample pool containing filtered 
seawater, and then measured by PMP. 

2.2. Experimental setup and data 

PMP has been designed to measure the Mueller matrix of individual 
microalgae cells [18] , and its schematic diagram is shown in Figure 2 . 
The illumination arm consists of a 532 nm laser (S) and a polarization 
state generator which consists of a polarizer (P) and a pair of electro- 
optic modulators (E1 and E2) to modulate the illuminating light. The 
modulated illuminating light is divided into two parts by a 10:90 non- 
polarizing beam splitter (N). Herein, 10 percent of the modulated illumi- 
nating light enters into a monitoring polarization state analyzer (M-PSA) 
to monitor � �� , and the rest of the light is then focused by lens 1 (L1) to 
illuminate the suspended microalgae cell. 

The curved surface of the glass beaker (GB) can act as a cylindrical 
lens for both the illuminating light and scattered light. To remove these 
effects, in the sample pool, the GB is placed at the center of a glass do- 
decagon cuvette (DC) filled with distilled water. The measured samples 
are contained in the GB and stirred by a magnetic stirrer at a speed of 
200 rounds per minute. The 120° backscattering detection arm consists 
of lens 2 (L2), lens 3 (L3), a 100 �m pinhole (PH), and a detection polar- 
ization state analyzer (D-PSA), where the scattered Stokes vector � ��� 

of microalgae cell can be measured. Finally, we can use the measured 
� �� and � ��� to calculate the Mueller matrix � of individual microalgae 
cells in the GB. 

The intersection volume of illuminating light and the optical path of 
the detection arm is the scattering volume. In Figure 2 , the PH and the 
scattering volume are the object-image relationships by L2. The scat- 
tering volume is limited to less than 0.01 μL which is determined by 
the focused spot of the illuminating light and the size of PH. If the con- 
centration of the suspended particle is controlled to be less than 10 5 

particles / mL, there is statistically only one particle in the scattering 
volume. Therefore, the measurement of the individual microalgae cell 
can be realized [18] . 

2.3. Polarimetry basis parameters 

Herein, sixteen polarization parameters, which are the functions of 
Mueller matrix elements, are adopted to quantitatively analyze the ex- 
perimental data of microalgae [19] , as shown in Table 2 . Parameter 
M 11 is related to the transmittance or reflectivity of samples [20] , and 
generally can be used to evaluate the intensity of scattered light. M 2 is 
the sum of squares of normalized Mueller matrix elements, which can 
describe the degree of depolarization, and � 2 = 4 is the necessary and 
sufficient condition for the non-depolarizing normalized Mueller matrix 
[21] . M D may be related to the size or depolarization of the scatterer 
[22–23] . Generally, the multiple scattering between the complexities of 
cellular organelles can depolarize the illuminating polarized light, caus- 
ing a low degree of polarization [9] . t represents the overall degree of 
linear anisotropy, which can represent the linear anisotropy degree of 
fibrous structures [24] . � is usually used to evaluate the optical rotation 
[24–25] , and CD is related to the circular dichroism anisotropy [26] . 
D s shows the summation of differences in the nonzero and symmetrical 
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Fig. 1. Optical microscope images of 25 kinds of microalgae. 

Table 1 
Detailed information on the selected microalgae. 

No. Name Phylum Shape and Size 

N1 Cryptomonas ovata Cryptophyta Ovoid, 8-12 �m × 3-8 �m 

N2 Euglena gracilis Euglenophyta Spindly, 40-50 �m × 5-15 �m 

N3 Synechococcus WH7803 Cyanophyta Spherical, 0.5-2 �m 

N4 Dunaliella salina Chlorophyta Ovoid, 18-28 �m × 10-14 �m 

N5 Chlorella marina Chlorophyta Spherical, 2.5-6 μm 

N6 Platymonas subcordiformis Chlorophyta Ovoid, 11-14 �m × 7-9 �m 

N7 Platymonas helgolandica Chlorophyta Ovoid, 20-24 �m × 12-15 �m 

N8 Emiliania huxleyi Chrysophyta Spherical, 1-8 μm 

N9 Isochrysis galbana Chrysophyta Ovoid, 4-7 �m × 2-4 �m 

N10 Isochrysis zhangjiangensis Chrysophyta Ovoid, 6-7 �m × 5-6 �m 

N11 Phaeocystis globsa Chrysophyta Spherical, 2-7 μm 

N12 Prorocentrum minimum Pyrroptata Ovoid, 15-23 �m × 13-17 �m 

N13 Prorocentrum donghaiense Pyrroptata Ovoid, 15-25 �m × 10-15 �m 

N14 Prorocentrum lima Pyrroptata Ovoid, 33-44 �m × 23-33 �m 

N15 Alexandrium tamarense Pyrroptata Spherical, 20-40 μm 

N16 Amphidinium carterae Hulburt Pyrroptata Biconical, 11-24 �m × 6-17 �m 

N17 Chaetoceros debilis Cleve Bacillariophyta Cylindrical, 5-10 �m 

N18 Chaetoceros gracilis Bacillariophyta Cylindrical, 5-10 �m 

N19 Chaetoceros curvisetus Cleve Bacillariophyta Cylindrical, 5-10 �m 

N20 Chaetoceros meülleri Bacillariophyta Cylindrical, 5-10 �m 

N21 Skeletonema costatum Bacillariophyta Cylindrical, 6-7 �m 

N22 Phaeodactylum tricornutum Bacillariophyta Spindly, 8-12 �m × 2-5 �m 

N23 Thalassiosira weissflogii Bacillariophyta Cylindrical, 5-10 �m 

N24 Cyclotella cryptica Bacillariophyta Cylindrical, 5-10 �m 

N25 Nitzschia closterium f.minutissima Bacillariophyta Spindly, 12-20 �m × 2-5 �m 
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Fig. 2. Schematic diagram of particulate 
Mueller matrix polarimetry. 

Table 2 
Detailed information on polarimetry basis parameters. 

Parameter Formula Physical property 

M 11 M 11 Intensity of scattered light [20] 
M 2 Sum of squares of normalized Mueller matrix elements Degree of depolarization [21] 
M D Determinant of normalized Mueller matrix Related to depolarization or size [ 22 , 23 ] 

t 1 
2 

√ 

( 	 22 − 	 33 ) 
2 + ( 	 23 + 	 32 ) 

2 Degree of overall linear anisotropy [24] 

�
1 
2 ( 	 23 − 	 32 ) Circular retardance, optical rotation [25] 

CD 	 14 + 	 41 Circular dichroism anisotropy [26] 

D s |( 	 12 − 	 21 ) |+ |( 	 33 − 	 44 ) |+ |( 	 34 + 	 43 ) | Difference with ideal sphere [12] 

q L 

√ 
	 2 

42 + 	 
2 
43 Capability of transforming circular polarization to linear polarization [27] 

r L 

√ 
	 2 

24 + 	 
2 
34 Capability of transforming linear polarization to circular polarization [27] 

D L 

√ 
	 2 

12 + 	 
2 
13 Linear diattenuation, dichroism [24] 

P L 

√ 
	 2 

21 + 	 
2 
31 Linear polarization [24] 

PD 
√ 

( 	 12 − 	 21 ) 
2 + ( 	 13 − 	 31 ) 

2 Breaking of transpose symmetry [19] 

rq 
√ 

( 	 24 + 	 42 ) 
2 + ( 	 34 + 	 43 ) 

2 Breaking of transpose symmetry [19] 

�DP 
1 
2 ( atan 2( 	 13 , 	 12 ) − atan 2( 	 31 , 	 21 ) ) Breaking of transpose symmetry [19] 

�rq 
1 
2 ( atan 2(− 	 24 , 	 34 ) − atan 2( 	 42 , − 	 43 ) ) Breaking of transpose symmetry [19] 

�1 
1 
4 atan 2( 	 23 + 	 32 , 	 22 − 	 33 ) Azimuth orientation of anisotropy [28] 

elements of the Mueller matrix of an ideal solid sphere, which may indi- 
cate the shapes or symmetries [12] . q L , r L , D L and P L are related to the 
anisotropic properties from different origins [ 24 , 27 ], which may reflect 
the factors causing the anisotropy. PD, rq, �DP , and �rq , are related to the 
breaking of transpose symmetry, which may be caused by many physi- 
cal reasons [19] : (a) overlapping of sample; (b) nontrivial zenith angle 
for cylindrical scatterer or sphere-birefringence sample; (c) absorption. 
�1 is related to the azimuth orientation of the anisotropy [28] , which 
may be sensitive to microalgae’s shape, configuration, or motion trail. 
Herein, atan 2( �, � ) returns the four-quadrant inverse tangent ( ta n −1 ) of � 
and � . 

Those sixteen polarization parameters belong to the group consist- 
ing of the so-called polarimetry basis parameter (PBP). In the works of 
literature, there are more than 60 PBPs with explicitly physical mean- 
ings, and each of them connects the measured optical quantities, i.e., 
Mueller matrix elements, with one aspect of the sample’s physical prop- 

erties [19] . Those PBPs have been proven in research of the forward 
scattering or backscattering of media, whose feasibility in the present 
120° backscattering setup would be tested. In this work, powered by 
those PBPs and machine learning algorithms, new polarimetry feature 
parameters (PFPs) or polarimetry classification models (PCMs) can be 
obtained and estimated by the performance of microalgae classification. 
These sixteen PBPs in Table 2 are selected since their PFPs and PCMs 
perform well to classify the microalgae cells, and we call them the po- 
larization fingerprint of these microalgae. 

2.4. Machine learning algorithm 

2.4.1. Linear discriminant analysis 
The linear discriminant analysis (LDA) algorithm aims to project 

the original d -dimensional data into the m -dimensional data ( m < d ) us- 
ing an optimal linear transformation matrix � [29] , which is a simple 

4 



J. Li, J. Wei, H. Liu et al. Optics and Lasers in Engineering 166 (2023) 107567 

and effective supervised feature extraction algorithm to characterize or 
distinguish different samples. After transformation, the variance of the 
same sample is the smallest, and the distance of different samples is the 
largest. Particularly, the classification performance can be easy to vi- 
sually observe when the d -dimensional data are projected into the sub- 
space whose dimensionality is less than or equal to three. Moreover, 
the new PFP can be obtained to effectively classify the special microal- 
gae using PBPs and LDA algorithm, which is the linear combination of 
PBPs and is also called LDA-PFP. Note that the coefficient of each PBP 
in the linear combinations represents its importance or contribution to 
the classification for the normalized dataset. The degree of separation 
��� is defined as Eq. (2) , which can be used to quantitatively evalu- 
ate the classification ability of LDA-PFP. In other words, the larger ���

represents the better classification ability for two different microalgae. 

��� = 
( �1 − �2 ) 

2 

(
�1 + �2 

) (2) 

where �1 and �2 are the arithmetic means of two data sets after projec- 
tion, and �1 and �2 are the variances of two data sets after projection. 

2.4.2. Random forest 
The random forest (RF) algorithm is another commonly-used ma- 

chine learning algorithm to handle both classification and regression 
problems. The RF algorithm is made up of a collection of decision trees, 
and each tree in the ensemble is comprised of a data sample drawn from 

a training set with replacement. Generally, the RF algorithm combines 
the output of multiple decision trees to reach a single result (prediction), 
and its simplicity and flexibility has fueled its adoption in many fields 
[30] . The number of decision trees is set as 100 in all models in this 
work. 

Each tree in random forests is trained by a random subset of the 
original whole dataset. The randomness includes features randomness 
and samples randomness. Usually, � samples are selected randomly and 
repeatedly from all � samples and 

√
	 features are selected randomly 

from all 	 features. The purpose of the randomness is to decrease the 
variance of the estimator and reduce the overfitting problem. 

When a random subset is determined, an individual decision tree is 
also built. The Gini impurity is used to measure the uncertainty of data 
labels in the RF algorithm, as shown in Eq. (3) . When the decision trees 
in the RF algorithm are being trained, the splitting strategy on every 
node is based on how much each feature contributes to decreasing the 
weighted Gini impurity. Further, the Gini gain of every feature can be 
calculated by Eq. (4) to select the feature with the maximum Gini gain 
to split the dataset into two subsets. The above operations are repeated 
until all classes are classified in each decision tree. 

���� ( � ) = 1 − 

� ∑
� =1 

� 2 
� (3) 

where � is the number of classes and the � � is the probability of class � 
at given dataset �. 

Δ� ��� ( � ) = � ��� ( � ) − � ��� ( �|� ) (4) 

where � is the selected feature and ���� ( �|� ) is shown as Eq. (5) . 

� ��� ( �|� ) = 

2 ∑
� =1 

� � 

� 
� ��� 

(
� � 

)
(5) 

where the � � with size � � is the � -th subset of � and � is the size of �. 
With many decision trees built by different subsets, we can make de- 

cisions by averaging the probabilistic prediction of these decision trees. 
The RF algorithm has some key advantages, such as strong robustness, 
and a high degree of accuracy. Besides, the most amazing quality of RF 
is that we can easily observe the importance of each feature in predic- 
tions. In addition, the adjustable parameters in the RF algorithm are 
fewer, which can be easier to build stable and practical classification 
models than neural networks. In this work, the RF algorithm is also 

used to build special PCMs based on PBPs to classify different microal- 
gae with a high degree of accuracy, which is quite different from the 
LDA algorithm. 

For the RF algorithm, two types of variable importance measures 
(VIM) have been defined: the Gini importance, and the permutation 
importance, and their calculation details can be found elsewhere [31] . 
Herein, the Gini importance is used. The Gini importance measures the 
(normalized) mean decrease of Gini impurity over decision trees. In this 
work, 70% of the dataset is used as the training set, and 30% of the 
dataset set is used as the test set. The larger VIM represents the larger 
contribution. In each case, the summation of all VIM of features is 1. 

3. Results 

3.1. PBPs of different microalgae 

The PBPs of 25 kinds of microalgae are calculated based on their 
Mueller matrix elements. Note that each PBP is linearly normalized by 
the maximum and minimum in the whole dataset into the range of 0 
to 1. For simplicity, the mean values and standard variations of Mueller 
matrix elements are calculated to observe the overall situation, as shown 
in Figure 3 where microalgae in different phyla are plotted by different 
colors. Notably, different microalgae show multifarious differences in 
PBPs. N1 and N2 have similarities in some PBPs, such as M 11 and PD , 
but have obvious differences in M D , t, D L , and P L . N4 and N14 show great 
differences compared with other microalgae in many PBPs, such as M 2 , 
t, D L , and P L . Besides, N3 also shows various differences in PBPs such as 
r L , rq , and �DP . The M D of N8, N9, N10, and N11 are at a similar level 
and relatively larger than others, which may imply that M D may be an 
important feature to characterize the Chrysophyta. Besides, the results 
of N12, N13, and N14 point out that the polarization fingerprints can 
be quite different from each other in various species of the same genus. 
N14 has an obvious pyrenoid in the cell center, and many valve pores 
and marginal pores, which are the outstanding characteristics that may 
cause the unusual PBPs. 

On one hand, there are many potential differences in the PBPs, which 
reflect the physical features of different microalgae. However, for most 
microalgae, it is not enough for each PBP to classify one kind of microal- 
gae from the others. Therefore, machine learning methods are necessar- 
ily used to combine the tiny difference in PBPs together and finally find 
the new PFPs to classify various microalgae. On the other hand, from 

Figure 3 , it is obvious that the difference of the microalgae distributes 
unevenly in the PBPs, which means there are some PBPs that are the 
key contributors, and the weight of these PBPs may be the important 
feature of each microalgae cell. In this work, these key PBPs and their 
weight are the main part when using polarization fingerprint to classify 
the microalgae. 

By acquiring the data of samples for enough time, the sample num- 
bers of each class of microalgae are ensured to be more than 5000. Note 
that we measure the individual microalgae cells; even for the same kind 
of cells, the variance of size, shape, or intracellular structure of the cells 
which are subjected to their own response to the environmental fac- 
tors, would lead to the difference of PBPs. In addition, some individual 
cells would be detected in different view since they are suspended and 
may pass the detection volume in random routes. For these reasons, the 
standard deviations of the PBP values are large. Also, for each PBP, the 
difference between the microalgae cells is not significant, so it seems 
hard to discriminate the different species only by one PBP. This pushes 
us to combine the tiny difference together to find a better way to classify 
these microalgae. 

3.2. Classification of N1 and each kind of microalgae by LDA algorithm 

For simplicity, we use the LDA algorithm to investigate the classifica- 
tion between N1 and the 25 kinds of microalgae. Subsequently, we find 
the key PBPs and their weights for the specified classification. Based on 
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Fig. 3. PBPs of different microalgae. The x-axis is the number of mentioned microalgae. 

the PBPs and LDA algorithm, LDA-PFPs can be found to better classify 
different microalgae than each PBP. These LDA-PFPs are combinations 
of PBPs that are sensitive to the special features between two different 
microalgae. Herein, N1 is used to compare with other each kind of mi- 
croalgae in pairs using the LDA algorithm, and the inherent physical 
features of N1 are availably extracted. For convenience, the original 16- 
dimensional data is projected into the 1-dimensional subspace, so that 
each classification case of N1 and other microalgae has one correspond- 
ing LDA-PFP and ���. 

Further, we can calculate the normalized distributions of LDA-PFPs 
that can easily classify the two different microalgae, as shown in 
Figure 4 . If N1 is compared with itself, the value of ��� is 0. Note that 
most microalgae can be separated with N1 after the simple linear pro- 
jection, and most of the values of ��� are larger than 2. However, some 
microalgae may be confused with N1, such as N2 and N7, and the values 
of ��� are less than 1.5. It can be seen that the full width at half maxi- 
mum of N1 in different projections will also have the high-variability. It 
implies that there are some important features lost when transforming 
from 16-dimensional PBP data to LDA-PFP. And it can be imagined that 
if the original 16-dimensional data is projected into the higher dimen- 
sional subspace, we will get better classification ability than LDA-PFPs. 

Particularly, LDA-PFP has an explicit expression which is the linear 
combination of PBPs. Therefore, the absolute value of the coefficient of 
each PBP can be regarded as the weight of contribution to the special 
classification case. Thus, the weight of the LDA-PFP of N1 and other kind 
of microalgae can be sorted from the largest to the smallest to observe 
and compare the contribution of PBPs, which is collected for all cases 
and shown in Figure 5 . Note that for each case, the weight is normalized 
such that the sum of all weights is 1. 

From Figure 5 , for different classification cases, the contribution of 
each PBP will be quite different. In some cases, like N1 vs. N3, N1 vs. N4, 
and N1 vs. N6, the highest weight is no more than 0.2, which indicates 
that many PBPs contribute to the classification. However, like N1 vs. N2, 
N1 vs. N5, N1 vs. N11, N1 vs. N20, and N1 vs. N22, there is an obvious 
key PBP whose weight is close to or larger than 0.3, and it indicates that 

the key PBP contributes much to the classification. In addition, although 
there is a key PBP in the case N1 vs. N2, the value of ��� is quite 
low, which is quite different from other cases. It indicates that the LDA 
algorithm may fail in this case. These results in Figure 5 would be further 
investigated in subsection 3.4 . 

3.3. Classification of N1 and each kind of microalgae by RF algorithm 

The above result of LDA analysis reveals that the PFPs provided by 
LDA can effectively classify N1 from the 25 kinds of microalgae, and 
there are the key PBPs with larger weight in PFPs than other PBPs, which 
is encouraging for the search of key PBPs in the polarization fingerprint. 
Meantime, due to the intrinsic limitation of the LDA algorithm to find 
the non-linear relationship of PBPs, RF with more powerful classifica- 
tion ability than LDA, is adopted to analyze the dataset, including the 
possible complex cases, such as N1 vs. N2 and N1 vs. N7 in Figure 4 . 
Note that the RF algorithm fails to easily obtain the PFPs with explicit 
analytic formula, but it can find the more useful PCMs for microalgae 
classification. 

The RF algorithm is used to build the special PCMs for classifying N1 
with another kind of microalgae. The classification accuracy of N1 and 
each of the other microalgae is calculated, and the corresponding VIM 

of PBPs can be sorted from highest to lowest. All classification cases 
are collected and shown in Figure 6 . We use the classification accu- 
racy to evaluate the classification performance which is shown in the 
title of each subplot in Figure 6 . Notably, the classification accuracies 
of all cases are all higher than 98%. Even in the hard cases, such as 
N1 vs. N2 and N1 vs. N7, the PCMs based on RF can easily classify N1 
and the other two respectively. It is noticeable that all PBPs contribute 
much to the classification between N1 and N2. Comparing the results 
in Figure 4 with Figure 6 , the RF algorithm explores more potential 
differentiated features between N1 and N2 than the LDA algorithm, to 
ensure the excellent classification ability of N1 and N2. These results in 
Figure 6 indicate that the RF algorithm has the advantage to extract the 
characteristics of data and classify different microalgae cells. 
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Fig. 4. LDA-PFP distributions of N1 (red line) and other microalgae (blue line). For each subplot, the horizontal axis is LDA-PFP, and the vertical axis is the normalized 
distribution. 

Fig. 5. Weights of PBPs in the LDA classification. 

3.4. Feature PBPs in the classification of microalgae 

In Figure 5 , for each classification case, we consider PBPs ranking in 
the top five as the key PBPs of N1. Then, we can calculate the cumu- 
lative frequency of the key PBPs in Figure 5 for all classification cases 
and rank them in descending order, and further select the key PBPs 

whose frequencies are not less than 5. Particularly, we name these se- 
lected PBPs as the feature PBPs (f-PBPs) of N1. Similarly, we can get 
the f-PBPs by using the RF algorithm. The f-PBPs of N1 by LDA and RF 
algorithms are both collected as the second line in Table 3 , where the 
numbers under the f-PBPs are the corresponding cumulative frequen- 
cies in descending order. Got by the LDA and RF algorithms, there are 
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Fig. 6. VIM of PBPs in the RF classification. 

Fig. 7. (a) Recall of confusion matrix of 25 kinds of microalgae; (b) Recall of confusion matrix of 20 kinds of microalgae; (c) VIM of PBPs between N-c and the rest 
of the microalgae. 

four f-PBPs ( M 11 , M 2 , M D , and t ) that are the same although their fre- 
quencies are quite different. This indicates that these four f-PBPs are the 
intrinsic features that can classify N1 and the other microalgae. Recall- 
ing Figure 1 and Table 1 , it can be understood that N1’s optical features, 
such as the ability to scattered light, depolarization, and overall linear 
anisotropy, play a vital role in classifying the other microalgae. These 
features are believed to be related to the N1’s physical properties, such 
as size, intracellular organelle, and microstructure. Considering the high 
classification accuracy in Figure 6 , from the second line in Table 3 , one 
can see that the f-PBPs can accurately classify N1 from the 25 kinds of 
microalgae. Also, we notice that the order and frequency of the f-PBPs 
are different and there are two other different PBPs, which could be 
explained by the different abilities of LDA and RF algorithms. 

Similarly, we can get f-PBPs of the other kinds of microalgae by both 
LDA and RF algorithms, which are collected in Table 3 . For each kind 
of microalgae, the f-PBPs by each algorithm can be used to classify this 
kind from the 25 kinds of microalgae. Also, we can find the f-PBPs re- 
gardless of the machine learning algorithms, and they are related to the 
intrinsic and exclusive physical properties of this kind of microalgae. 

Moreover, we find that the f-PBPs for different kinds of microalgae are 
quite different. In other words, the f-PBPs characterize the microalgae 
although they are got from the classification between the microalgae. 

Also, we find that the 16 PBPs are all involved but diversely dis- 
tributed in the f-PBPs of the 25 kinds of microalgae, which indicates that 
the differences of microalgae are diverse. Considering the high classifi- 
cation accuracy when we use the machine learning algorithms to get 
these f-PBPs, we can believe that these 16 PBPs are basically enough 
to be the polarization fingerprint of 25 kinds of microalgae. The polar- 
ization fingerprint is a metaphor for the human fingerprint in that it is 
inclusive of all features of microalgae but is exclusive to each kind of 
microalgae. 

4. Discussions 

4.1. Classification of 25 kinds of microalgae based on the RF algorithm 

Hereinbefore, the PFPs and PCMs obtained by N1 and other kind 
of microalgae are introduced in detail. Together with the other pair- 
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Table 3 
Cumulative frequency of f-PBPs in the pairwise classification. 

No. LDA RF 

N1 D L , M 2 , M 11 , P L , M D , t, �1 
(23, 22, 19, 17, 15 12, 6) 

M 11 , M 2 , t, M D , q L , D s 
(23, 22, 21, 20, 11 7) 

N2 M 2 , P L , �1 , t, D L , M 11 , M D , rq 
(23, 19, 16, 14, 14, 10,10, 5) 

M 11 , M 2 , t, M D , �1 , D s , D L , P L , rq, �DP 
(21, 20, 16, 12, 9, 8, 8, 7, 7, 7) 

N3 M D , r L , D L , M 11 , M 2 , t, D s , P L , CD 
(19, 19, 18, 15, 10, 10, 8, 8, 6) 

�1 , r L , �DP , M 11 , t, M D , �, rq, M 2 
(23, 22,19, 18, 9, 8, 7, 6, 5) 

N4 t, M D , D L , M 2 , M 11 , P L , r L , D s , rq 
(24, 21, 18, 15, 13, 13, 6, 5, 5) 

M 2 , t, M D , M 11 , D L , P L , �1 
(22, 22, 19, 14, 14, 11, 11) 

N5 M 2 , M 11 , M D , t, D L , P L , CD, r L , �1 
(25, 24, 20, 18, 11, 8, 5, 5, 5) 

M 11 , t, M 2 , �1 , M D , rq, P L , D s , D L , �DP 
(22, 14, 12, 12, 11, 11, 10, 8, 8, 8) 

N6 P L , M 2 , t, D L , M D , M 11 , CD, �, q L , �1 
(21, 16, 15, 14, 13, 12, 7, 6, 6, 6) 

M 11 , M 2 , t, P L , D L , �DP , M D , D s 
(20, 17, 15, 14, 12, 10, 9, 5) 

N7 M 2 , P L , M 11 , t, D L , M D , CD, rq, �1 
(19, 18, 17, 16, 16, 15, 6, 6, 5) 

M 11 , t, M 2 , M D , �DP , D L , P L , D s , rq, �1 
(23, 21, 18, 15, 9, 7, 6, 5, 5, 5) 

N8 M 11 , M D , M 2 , D L , P L , CD, �, t, �1 
(19, 17, 14, 14, 14, 9, 8, 7, 6) 

M D , M 11 , P L , M 2 , D L , t, �DP , CD 
(21, 17, 15, 13, 13, 11, 9, 5) 

N9 M 2 , M D , D L , P L , M 11 , CD, t, �, r L 
(19, 17, 14, 14, 13, 12, 10, 8, 7) 

M 11 , M 2 , M D , t, �1 , D L , P L , rq, �DP , CD 
(22, 17, 15, 11, 9, 8, 7, 7, 7, 6) 

N10 M 11 , t, D L , M 2 , P L , M D , CD, �DP 
(21, 17, 17, 16, 16, 11, 7, 7) 

M 11 , �DP , M 2 , t, M D , P L , rq, �rq , D L 
(20, 20, 15, 12, 11, 9, 7, 6, 5) 

N11 M 2 , M D , D L , M 11 , P L , �, t, CD, r L 
(21, 20, 16, 14, 12, 10, 9, 9, 6) 

M 11 , M 2 , M D , t, P L , �DP , �1 , D L , rq 
(22, 17, 17, 12, 10, 8, 8, 6, 5) 

N12 M 2 , t, M D , �1 , P L , M 11 , D L , CD 
(23, 19, 16, 14, 12, 11, 10, 5) 

M 11 , M 2 , t, D s , �1 , �DP , M D , D L , P L 
(21, 18, 14, 13, 13, 9, 8, 7, 7) 

N13 M 2 , P L , t, M 11 , M D , D L , CD, �rq 
(18, 18, 17, 16, 15, 12, 6, 5) 

M 11 , M 2 , t, M D , �DP , P L , rq, D L , �rq , D s , �1 
(18, 18, 15, 10, 10, 8, 8, 7, 7, 6, 6) 

N14 M D , P L , D L , M 2 , t, PD, M 11 
(24, 24, 23, 22, 14, 9, 5) 

M 2 , D L , P L , t, M D , M 11 
(24, 24, 24, 23, 20, 5) 

N15 M 2 , M 11 , M D , D L , t, P L , CD 
(22, 20, 18, 18, 14, 8, 7) 

M 11 , M 2 , t, M D , P L , �DP , D s , D L , �1 
(21, 18, 17, 12, 12, 10, 9, 8, 6) 

N16 t, M 2 , D L , M 11 , P L , M D , CD, rq, �1 
(20, 18, 16, 15, 13, 10, 10, 6, 5) 

t, M 11 , M 2 , M D , �DP , P L , �1 , D s , rq, CD 
(21, 19, 18, 13, 10, 8, 8, 6, 6, 5) 

N17 M 2 , M 11 , P L , t, M D , D s , D L , CD 
(25, 24, 18, 11, 10, 9, 9, 8) 

M 11 , D s , M 2 , P L , rq, D L , t, �1 , M D , CD, �DP 
(23, 17, 13, 12, 12, 9, 7, 7, 6, 6, 5) 

N18 M 2 , M 11 , P L , D L , M D , t, CD, q L 
(24, 22, 22, 13, 12, 10, 9, 5) 

P L , M 11 , M 2 , D L , M D , �DP , t, �rq , D s , �1 , rq 
(20, 19, 13, 13, 11, 9, 8, 8, 7, 6, 5) 

N19 M 2 , M 11 , �1 , M D , t, r L , P L , D L 
(23, 22, 20, 11, 10, 10, 9, 8) 

M 11 , M 2 , D s , �1 , M D , t, P L , rq, �DP , D L 
(22, 16, 13, 13, 12, 12, 8, 7, 7, 5) 

N20 M 2 , M 11 , D L , P L , �DP , CD, M D , t, �1 , q L 
(22, 21, 15, 12, 11, 10, 9, 9, 6, 5) 

M 11 , D L , P L , �DP , M 2 , M D , t, �rq , �1 
(21, 20, 17, 15, 13, 11, 5, 5, 5) 

N21 P L , M 2 , M 11 , M D , D L , t, CD, �DP 
(17, 16, 15, 15, 15, 12, 9, 8) 

M 11 , M 2 , P L , M D , t, �DP , D L 
(19, 17, 17, 15, 14, 14, 6) 

N22 M 11 , M 2 , D L , t, M D , CD, P L , q L , �1 
(20, 20, 16, 14, 11, 9, 9, 7, 6) 

M 11 , M 2 , t, M D , �DP , D L , P L , �1 , rq, �rq 
(20, 16, 16, 12, 12, 8, 7, 6, 5, 5) 

N23 M 2 , t, rq, M D , P L , M 11 , D L , �, �DP , �rq 
(20, 16, 14, 12, 11, 10, 10, 6, 5,5) 

M 11 , �DP , t, rq, M 2 , M D , P L , D L , q L , r L , �rq 
(17, 14, 13, 13, 11, 11, 8, 7, 6, 6, 6) 

N24 M 2 , t, M D , P L , rq, M 11 , D L , q L , �DP 
(21, 17, 16, 12, 12, 11, 8, 6, 5) 

M 11 , rq, M 2 , t, D s , �DP , M D , �rq , �1 
(17, 17, 15, 13, 12, 11, 9, 9, 6) 

N25 D L , t, CD, M 2 , M 11 , �1 , M D , P L , PD, �
(18, 15, 15, 14, 13, 13, 9, 7, 7, 5) 

M 11 , �DP , t, P L , M 2 , CD, M D , �rq , D L , PD, �1 
(19, 18, 13, 12, 11, 11, 9, 9, 6, 6, 5) 

wise classification of the microalgae, they show the advantages of the 
polarization fingerprint in microalgae classification. The f-PBPs shown 
in Table 3 reveal the unique or exclusive physical properties of each 
kind of microalgae. However, it would be a concern whether the po- 
larization fingerprint would work or not if putting these data of the 25 
kinds of microalgae together. It is an ideal case to classify them at once, 
which is much more difficult than pairwise classification. Apparently, 
the machine learning algorithms and the settings play a vital role in the 
multiple microalgae classifications. 

For an easier comparison, a new PCM based on the RF algorithm 

is built to classify all 25 kinds of microalgae together using 16 PBPs, 
and each kind has similar samplings. The recall of the confusion matrix 
is shown in Figure 7 (a), which is generally considered a performance 
measurement for the machine learning classification [32] . The average 
accuracy of the confusion matrix is 83.13%, and we can find that most 
of the microalgae can be classified from each other. Most kinds of mi- 
croalgae can be accurately classified. In addition, this PCM accurately 
distinguishes those microalgae that are very similar in shape and size, 
such as N9, N10, and N11. 

However, some kinds of microalgae (N17 to N20, denoted as N17- 
20) can’t be well recognized, and the classification accuracy of N19 
in the PCM is lower than 10%. Note that, the microalgae in N17-20 
are different species but the same genus, whose microscopic photos in 
Figure 1 look similar in both size and shape. Recalling that the average 
accuracy of pairwise classification of N17-20 using the RF algorithm can 
be higher than 73%, the bad performance may be mainly attributed to 
the machine learning algorithm. And in other words, the current polar- 
ization fingerprint may need more additional PBPs to better the PCM. 

Compared with Figure 1 , we can find that the M 2 and D L of N17- 
20 are relatively higher, which may be caused by the relatively higher 
polarization-maintaining and linear diattenuation ability. In addition, 
the �rq of N17-20 are related relatively lower, which may result from 

their multiple and long flagella. However, the current PBPs don’t enlarge 
the difference between N17-20, which may lead to the bad performance 
of the present PCM. 

Except for the kinds from N17-20, the classification accuracies of 
N22 and N25 (Bacillariophyta) are also relatively low. We combine them 

as one category (kind) and name them N-c (N17-20, N22, and N25). 
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Fig. 8. Correlation maps for microalgae. The same order of PBPs, from top to bottom and from left to right: M 11 , M 2 , M D , t , �, D s , CD , q L , r L , D L , P L , DP , rq , �DP , �rq , 
�1 . 

Then, the PCM is renewed using the RF algorithm and the current PBPs, 
and the confusion matrix is shown in Figure 7 (b). Surprisingly, the no- 
table confused area in Figure 7 (a) disappears, and the PCM’s average 
accuracy grows up to 94.59%, which is much higher than the previous 
one. 

Further, we regard N-c as the first category and the rest of the mi- 
croalgae as the second category. We also build a new PCM using all 
PBPs of the polarization fingerprint and RF algorithm to classify those 
two categories and the average accuracy is 93.73%. This result looks 
wired but reveals the necessity of fine classification to find the full in- 
formation included in the sample group, which depends on the inclu- 
siveness and exclusiveness of the polarization fingerprint. Further, we 
obtain the VIM of PBPs, as shown in Figure 7 (c). Notably, all the six- 
teen PBPs of the polarization fingerprint contribute to the classification, 
which means that all potential features have been fully extracted by the 
PCM to achieve the classification, and also implies that the numbers of 
PBPs in the current polarization fingerprint need to be increased. 

4.2. Linear correlation between different PBPs 

The current polarization fingerprint consists of sixteen PBPs. One 
may wonder whether they are independent of each other or somehow 

correlated. To investigate this, the correlation coefficient ( � ) defined as 
Eq. (6) is usually used to measure the linear correlation between two 
variables. Then � is calculated to study the degree of linear correlation 
between different PBPs, and the results are shown in Figure 8 . Generally, 
the larger � of two variables represents the higher linear correlation. 

� ( �, � ) = 
Cov ( �, � ) √
Var [ � ] Var [ � ] 

(6) 

where Cov ( �, � ) is the covariance of � and � , Var [ �] is the variance of 
�, and Var [ � ] is the variance of � . 

In Figure 8 , for each kind of microalgae, we calculate � for each 
PBPs pair and form a correlation map, for which PBPs from the left 
to right are M 11 , M 2 , M D , t, �, D s , CD, q L , r L , D L , P L , DP, rq, �DP , �rq , 
�1 , and those from the top to bottom are in the same order. In each 
map, white grids are with a strong correlation, and dark grids are those 

with a weak correlation. The correlation map is symmetric due to the 
definition of � as Eq. (6) . Most PBPs have a low correlation to each other; 
meanwhile, some PBPs, such as M 2 , M D , and t , have a relatively higher 
correlation between them than others. Also, there are still some gray 
grids here or there, which indicates the two related PBPs have some 
kinds of correlation. 

The correlation maps change with the different microalgae, except 
for M 2 , M D , and t . It means that these three in principle are related 
to the similar physical properties of the microalgae, regardless of the 
kinds of the microalgae. For example, from Table 2 , both M 2 and M D 

are related to the depolarization which could be caused the complexity 
of intracellular microstructure. Meanwhile, most microalgae have dif- 
ferent correlation maps from each other. The D L and P L of N16 have a 
strong linear correlation ( � > 0.8), while D L and P L of N17 are weakly 
correlated ( � < 0.5). For the correlation map of N14, most � except the 
diagonal pixels are lower than 0.4. Contrastively, the correlation map of 
N3 seems complicated since bright pixels distribute dispersedly. These 
results mean that the polarization fingerprint can effectively character- 
ize the different features of microalgae. 

Further, to evaluate the overall correlation degree of each PBP with 
the other PBPs in the polarization fingerprint, the variance inflation fac- 
tor (VIF) is calculated using Eq. (7) [33] . For each given PBP, the large 
VIF represents the great possibility of collinearity between it and the 
other PBPs. And, if the VIF of PBP is larger than 1, we consider that the 
PBP has a strong correlation with the other PBPs. 

VIF = log 10 ( 
1 

1 − � 2 
� 

) (7) 

where � 2 
� is the determination coefficient calculated by the square of the 

multi-correlation coefficient of regression analysis between i- th variable 
and other variables. 

The VIF of each PBP for all microalgae can be observed in Figure 9 . 
Notably, M 2 , M D , and D L seem much easier to be collinear than other 
PBPs, since the VIF larger than 1 of M 2 , M D , and D L are respectively for 
21, 19, and 13 kinds of microalgae. It can be explained by the correlation 
map in Figure 8 . The M 2 , M D , and t have a relatively large correlation 
to each other, so their VIF are large; D L and P L are correlated to each 
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Fig. 9. VIF of each PBP of different microalgae. 

other for some microalgae, so the VIF of D L is large. However, the VIF of 
t and P L are relatively lower than the other three, although they are still 
larger than the others. Generally, the PBPs with large VIF are not good 
for the polarization fingerprint, since they may be redundant and would 
weaken the polarization fingerprint’s exclusiveness. However, combin- 
ing the physical meaning of PBPs in Table 2 and Figure 9 , the VIF of each 
PBP can change for different microalgae. Even among M 2 , M D , and D L , 
they also change relatively for different microalgae, which can indicate 
that these PBPs also have their specific contributions to microalgae clas- 
sification. 

Also, the microalgae have different characteristics in VIF. Some mi- 
croalgae have three PBPs whose VIF are much larger than 1, such as N1, 
N9, N11, and N16, while the number for N24 is five. On the contrary, 
some microalgae have no parameters whose VIF are larger than 1, such 
as N4 and N14. Combined with the microscopic photos in Figure 1 , the 
more PBPs with the large VIF ( > 1), the simpler or more specific the 
microalgae’s microstructure. For N24, there is an obvious intracellular 
lipid droplet (white) in the cell; and for N9, there is a clear (dark or 
brown) block between the chloroplast in the cell. In these cases, the 
polarization fingerprint is somehow redundant since their unique mi- 
crostructures dominate their classification with others. And on the con- 
trary, for N14, the intracellular microstructure is quite complex, besides 
the pyrenoid located in the center volume. Those interrelationships are 
potentially important information to classify different microalgae. 

Each microalgae cell in the aquatic environment has various con- 
nections with the surrounding media, such as physical interaction, and 
chemical or biological exchanges. And its physical properties, such as 
size, shape, and intracellular microstructure, are firstly determined by 
its DNA, but also are subjected to the media, such as the flow, pressure, 
temperature, salinity, light illumination, nutrients, and so on. Therefore, 
the cell itself is quite complex in physical properties, which leads to the 
difficulty of characterization of the individual cell by optical quantities 
until today. In this work, we firstly take the advantage of the Mueller 
matrix that has sixteen elements which are sensitive to the cell’s physi- 
cal properties, especially the microstructure in the cell. Meanwhile, the 
concept of polarization fingerprint allows us to collect multiple PBPs (as 
the function or derivation of the Mueller matrix elements) together to 

characterize the microalgae cells. The results indicate that the polariza- 
tion fingerprint as a whole works well to classify the microalgae. 

Honestly, PBPs or parameters selected for the fingerprint are not lim- 
ited to the current version, whose numbers of parameters are not min- 
imal; and adding new ones or replacing some are encouraged if neces- 
sary. Note that the current polarization fingerprint is proven to work for 
the classification of the current 25 kinds of microalgae. If the total mi- 
croalgae numbers or the members change, the polarization fingerprint 
would be adjusted on the basis of the current version. 

In this work, we secondly take the advantage of the machine learning 
algorithms which can explore the potential of the polarization finger- 
print as possible to accurately classify different microalgae. Obviously, 
different algorithms show their different ability, advantages, and disad- 
vantages. It is easy to imagine that the more powerful and sophisticated 
algorithms would be more helpful to select the PBPs to the polariza- 
tion fingerprint and also be more accurate to classify the microalgae, 
depending on the time efficiency or cost constraint. 

Summarily, the concept of the polarization fingerprint enabled by 
the particulate Mueller matrix polarimetry is proven as a powerful tool 
to accurately classify the microalgae, with the aid of machine learn- 
ing algorithms. These give an insight into microalgae classification and 
helps pave the way to apply PMP in aquatic environment monitoring. 
In the future, we believe that the polarization fingerprint would be im- 
proved to be much more stable, powerful, and feasible for popular uti- 
lization. On the other hand, the polarization fingerprint can be used to 
promote the rapid, accurate, and in-situ microalgae classification in en- 
vironmental engineering, which is desired now in aquatic environment 
monitoring and microalgae resource exploitation. 

4.3. The detected angles of polarized light scattering 

The measurement of polarized light scattering at 120° has been 
proven that can classify many kinds of suspended particle [18] , and 
can quantitatively characterize the microstructures changes of particles 
[9–10] . Therefore, the presented results in this paper are performed for 
the polarized light scattering at 120° to focus on the exploration of the 
novel concept. According to some previous simulations and experimen- 
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tal results [34–35] , the different detected angles of polarized scattering 
light can have the advantages in the description of suspended particles. 
The concept of polarization fingerprint is presented, and its classifica- 
tion ability of microalgae has been shown in Figure 7 . It is promising 
that we can simultaneously measure the Mueller matrix at multiple an- 
gles of the scattered light in the future [36] . Further, we can obtain 
the abundant high-dimensional data of the individual particle, which 
enables us to accurately classify and analyze suspended particles. 

Conclusions 

The accurate classification of microalgae is important to aquatic en- 
vironment monitoring but is still challenging for the scientific commu- 
nity. In this work, a concept of the polarization fingerprint is proposed 
and proven to be a powerful tool to classify different microalgae, with 
the aid of machine learning algorithms. The Mueller matrix elements of 
25 kinds of microalgae are measured by the particulate Mueller matrix 
polarimetry and their PBPs are calculated. Sixteen selected PBPs with 
explicit physical meanings and associations to the structural properties 
are selected to form the polarization fingerprint. The analysis and exper- 
iment results show that the polarization fingerprint includes the most 
useful features of microalgae to classify microalgae effectively. Besides 
the inclusiveness and exclusiveness, the polarization fingerprint is also 
extensive and flexible by following the selection method given in this 
paper. Due to the power of polarization fingerprint to classify the mi- 
croalgae, in the future, the polarization fingerprint would promote the 
in-situ monitoring of microalgae in the aquatic environments. 
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