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Abstract 
For many years, a FlowCam flow imaging microscope (Yokogawa Fluid Imaging Inc., 
USA) has been used to study communities of marine organisms – their species composi-
tion, structure, and dynamics, as well as morphological characteristics of individual organ-
isms. However, the problem of standardizing protocols for using these types of instruments 
in the field of visualization cytometry for processing plankton samples remains unsolved. 
The aim of the study was to develop a methodology for zooplankton image classifica-
tion using VisualSpreadsheet tools – the software that controls the system operation. 
For the first time, an algorithm for automatic search of value filters was developed, and 
the ordering of class tabs in the VisualSpreadsheet classification window was formalized. 
The proposed method was applied to native samples of Black Sea zooplankton and, under 
certain conditions, enabled the correct classification of 100% of bivalve larvae (class mol-
lusca) and the dinoflagellate Noctiluca scintillans (class noctiluca), 82% of the appendicu-
larian Oikopleura dioica (class oikopleura), 71.2% of naupliar (larval) stages (class nau-
plius), and up to 70.2% of calanoid and cyclopod (class copepoda). Overall, the described 
approach can be used for any type of object studied with FlowCam, especially those with 
a complex morphology. 
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Аннотация 
Многие годы программно-аппаратный комплекс FlowCam (Yokogawa Fluid Imaging 
Inc., США) используется для исследования сообществ морских организмов ‒ их ви-
дового состава, структуры и динамики, а также морфологических характеристик. 
Однако до сих пор не решена задача унификации протоколов применения такого ти-
па приборов, относящихся к области визуализирующей цитометрии, для обработки 
планктонных проб. Цель работы заключается в разработке методики классификации 
изображений зоопланктона инструментами VisualSpreadsheet ‒ программного про-
дукта, управляющего работой комплекса. Впервые разработан алгоритм автоматиче-
ского поиска фильтров значений (value filters) и проведена формализация порядка 
вкладок классов в окне классификации VisualSpreadsheet. Предложенная методика 
была применена на нативных пробах черноморского зоопланктона и позволила, при 
определенных условиях, корректно классифицировать 100 % личинок двустворчатых 
моллюсков (класс mollusca) и динофлагеллят Noctiluca scintillans (класс noctiluca), 
82 % оболочников Oikopleura dioica (класс oikopleura), 71.2 % науплиальных стадий 
развития (класс nauplius) и до 70.2 % каланоидных и циклоподных копепод (класс 
соpepoda). В целом описанный подход может быть использован для любых типов 
объектов, исследуемых на FlowCam, особенно со сложной морфологией. 

Ключевые слова: FlowCam, VisualSpreadsheet, зоопланктон, классификация изобра-
жений, алгоритм классификации 
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Introduction 
Zooplankton is the most important link in the trophic chain of aquatic eco-

systems, determining the efficiency of matter and energy transfer from primary 
producers (phytoplankton) to higher-order consumers (planktivorous fish and in-
vertebrates) [1, 2]. Ecological monitoring of marine areas includes zooplankton 
sampling, the processing and analysis of which make it possible to assess the struc-
ture of marine communities and their state [3, 4]. However, sample processing 
requires significant time expenditure, and the laboriousness and monotony of this 
type of work are accompanied by occasional errors of varying impact on the analy-
sis result [5, 6]. Currently, the task of automating such a classical hydrobiological 
operation is becoming increasingly relevant, and efforts of many researchers all 
over the world are focused on its solution [7, 8]. One of the existing solutions for 
plankton sample processing is a FlowCam (FC) flow imaging microscope (Yoko-
gawa Fluid Imaging Inc., USA). 

FC is a combination of a microscope, flow cytometer, and a fluorimeter. 
The examined liquid is pumped through the FC system, where particles are cap-
tured by a high-speed camera. Together with the VisualSpreadsheet (VS) software, 
FC allows framing objects detected in the liquid flow and analysing their quantita-
tive and qualitative characteristics. From the acquired images, VS automatically 
calculates over 40 parameters describing the morphometric and colour characteris-
tics of the framed objects. In addition, the instrument can record their fluorescence 
intensity (trigger mode). 

Studies have shown that, compared to traditional manual processing of plank-
ton samples by light microscopy, imaging cytometry systems such as FC underes-
timate the concentration of objects in a liquid volume. Nevertheless, these systems 
provide correct estimates of the relative abundance of a particular taxon, which, 
combined with speed, opens prospects for partial automation of the sample pro-
cessing procedure [9]. 

An important feature of the system is the semi-automated particle image clas-
sification function in VS [10]. Its essence lies in creating filters that sort images 
based on morphometric, colour, or fluorometric characteristics. A filter is a set of 
threshold constraints on parameter values that allows an object to be distinguished 
among many others in a single run. VS has a function to create a sequence of filters 
(classifier) designed to sort run images into user-defined classes. The information 
basis for filter creation is digital libraries – user-expanded collections of object 
images within classes. Ultimately, the libraries cover the entire range of values of 
discriminating features. 

Despite the use of FC for plankton analysis, to date there is no clearly formu-
lated and reproducible methodology for classifying zooplankton images using VS. 
In a review article [11], devoted to the experience of using FC in phytoplankton studies 
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(a more common object for FC work), it is shown that slightly more than 10% of 
publications discuss image classification. At the same time, articles that mention 
filter creation and the autoclassification procedure, with rare exceptions [10, 12], 
do not contain a detailed description of a ready-to-use methodology for creating 
filters and a classifier. Descriptions of filter selection for identifying zooplankton 
organisms and creating a filter system in the VS classifier are completely absent 
from these publications. 

This work is purposed at developing a methodology for identifying zooplank-
ton organisms in native samples using the tools provided by VisualSpreadsheet. 
Information is presented on the materials used in the work and the libraries created 
on their basis; the key classification tools of VS and the chosen approach to library 
creation are described; general principles for creating filters and a classifier are 
formulated; an algorithm for creating filters and arranging tabs in the VS classifica-
tion window is described; the process of creating a classifier for selected zooplank-
ton object classes is given; finally, a brief review of publications where FC was 
applied for zooplankton research is presented, and based on it, we carried out 
the comparison of results with works where the image classification procedure is 
described in most detail. 

Materials and methods 
Sampling and material preparation. Zooplankton samples were collected with 

a Juday net (Ø = 37 cm, mesh size 150 μm) by total hauls from bottom to surface 
at the exit from Balaklava Bay (Crimea, Black Sea) during daytime in March and 
April 2025. The samples were fixed with 40% formaldehyde to a final concentra-
tion of 2%. Small particles were removed using a 100 μm filter. 

FlowCam settings. A flow cell with an inlet diameter of 1000 μm (FOV1000) 
and a 2× magnification lens were installed on the FlowCam (model 8400). Accord-
ing to the FlowCam operating manual 1), 2), automatic focusing was performed be-
forehand to obtain the best-quality images (Best Focus Image mode). The samples 
were passed through the FC system in Autoimage Mode, i.e. without using the la-
ser. Software: VisualSpreadsheet, version 4. 

Class identification and library creation. Zooplankton objects to be classified 
were divided by an expert (with over 18 years of experience in zooplankton sam-
ple processing) into the following classes: nauplius (naupliar stages of copepods), 
cyclopoida and calanoida (copepodid stages and adult Copepoda of the orders 
Cyclopoida and Calanoida), noctiluca (living cells of Noctiluca scintillans (Mac-
artney) Kofoid & Swezy, 1921), oikopleura (appendicularians Oikopleura (Vexil-
laria) dioica Fol, 1872), mollusca (bivalve larvae). 

1) Fluid Imaging Technologies Inc., 2020. VisualSpreadsheet 5 User Guide. Version A.
Available at: https://www.fluidimaging.com/FlowCam-university/visp-5 [Accessed: 10 May 2026]. 

2) Fluid Imaging Technologies Inc., 2020. FlowCam 8000 Series. Dynamic Imaging Particle
Analyzer. User Guide. Version C. Scarborough, Maine, 39 p. 
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All images of objects not belonging to zooplankton (debris particles of unknown 
nature and detritus, macrophyte fragments, clearly dead zooplankton organisms, 
empty copepod carapaces, large diatom and dinoflagellate cells, etc.) were assigned 
to the garbage class. 

For each class, a corresponding image library was created: calanoida – 1479 im-
ages, cyclopoida – 374, garbage – 4081, mollusca – 26, nauplius – 383, noctiluca – 
539, oikopleura – 45. 

Computational experiments simulating VS operation were performed in the R 
statistical programming environment 3). 

Operation principle of filters and the VS classifier 
The principle of image classification in the VS classification window is 

their sequential checking for compliance with a particular class. A tab is created 
in the classification window, into which one or more filters are placed. If the pa-
rameter values of an image satisfy the filter requirements, the object is assigned 
to the corresponding class. Objects are fed into the classifier in the order they were 
obtained during sample processing. An object is checked against the filter require-
ments in the order in which the class tabs are arranged. The object is assigned to 
the first class whose filters it satisfies. 

In VS, there are two types of filters: value and statistical. A value filter (VF) 
sets intervals of permissible values for one or several parameters of objects. 
The intervals for a specific class can be set based on its library (a set of characteris-
tic images of the class) or manually. One way to use a VF is to apply the Like se-
lected particles (Value) From (LVF) function. The LVF function operates as a VF 
that includes intervals of all parameters determined by the library. Fig. 1, a sche-
matically illustrates the VF principle. 

The VS manual does not provide a detailed description of the statistical filter 
(SF) operation, except that an object is checked for class membership using basic 
statistical metrics (mean, standard deviation, as well as minimum and maximum 
parameter values) calculated from library data. The closer an object is to the ideal 
target particle 4), for a given parameter, the lower the Filter Score (FS) value as-
signed to it. Practice shows that FS values can range from near unity (very strong 
match) to several hundred (very strong mismatch). A schematic interpretation of 
SF principle is given in Fig. 1, b. 

3) R Core Team, 2021. R: A Language and Environment for Statistical Computing. R foundation
for statistical computing. Vienna, Austria, 2021. 

4) Fluid Imaging Technologies Inc., 2011. FlowCam Manual Version 3.0. 145 p. Available at:
https://www.manualslib.com/manual/1628819/Fluid-Imaging-Technologies-FlowCam.html#manual 
[Accessed: 08 October 2025]. 
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F i g .  1 .  Principle of operation of value and statistical filters based 
on two parameters: a – the red object is assigned to the class because its 
parameter values fall within the specified intervals, whereas the black 
object is not assigned to the class because it exceeds the permissible 
range for the second parameter; b – the total deviation of the red object 
from the ideal particle (dashed line), calculated using two parameters, is 
smaller than that of the black object; therefore, the red object receives 
a lower FS value 

For the SF, one or several parameters can also be selected, but manual adjust-
ment of the metrics is unavailable and, unlike the VF, they are entirely determined 
by library data. VF and SF can be combined within a single filter and employ 
the same parameters. 

Approach to determining the membership of zooplankton images to classes 
When creating zooplankton libraries, an approach based on expert assessment 

of object class membership was applied. For each of the selected zooplankton clas-
ses, a single library was created. Only those images that met the following criteria 
were included in the library: a) the frame contained no garbage particles or only 
negligible amounts; b) according to expert assessment, a single specific zooplank-
ton object is present in the image; c) the organism was alive at the time of sampling 
and fixation with formaldehyde; d) the object image is not cropped or only slightly 
cropped (this can happen if the object was at the periphery of the camera field of 
view at the moment of photofixation). A visual representation of the above-
mentioned image selection criteria for a class is represented using N. scintillans 
as an example (Fig. 2). 

Separating objects into a separate library (class) is advisable when their shape 
and colour variability are low. The parameter samples of such libraries are charac-
terised by the absence or rare occurrence of extreme values and small variance. 
The boundaries of distributions of different samples on parameter axes, as a rule, 
turn out to be sufficiently narrow, which, when combining several parameters 
in filters, ensures high classification accuracy of images by classes.\ 
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F i g .  2 .  Images of N. scintillans obtained using FC: 
a – “ideal” state of the object; b – moderately deformed 
object; c – severely deformed object (the organism was 
most likely dead at the time of sample fixation); d – the im-
age is moderately cropped at the top; e – the image is ex-
cessively cropped from below; f – a negligible amount of 
garbage; g – the garbage particle size is comparable in size 
to the object 

Zooplankton, with rare exceptions, are objects of very complex shape, in con-
trast, for example, to non-colonial cells of many phytoplankton species, whose 
morphology can be reduced to simple geometric figures [12]. The presence 
in libraries of images of objects with extreme parameter values, as well as multi-
modality and pronounced asymmetry of parameter distributions, lead to overlap-
ping of classes on numerical axes, which complicates the use of simple value filters 
(Fig. 3). A particular difficulty is posed by objects of the garbage class (e.g., detri-
tus in the field of view), whose quantity and diversity call into question the possi-
bility of completely excluding debris from the zooplankton class tabs (Fig. 3). 
Applying the LVF function under such conditions leads to numerous classification 
errors. 
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F i g .  3 .  Examples of probability density functions of parameters 
for selected zooplankton classes. The Aspect Ratio parameter is cal-
culated as the ratio of the object's side lengths; The Transparency pa-
rameter indicates the degree of transparency of the object 

A proposed solution for the classification task could be the additional intro-
duction of subclasses in the classifier that reflect the most characteristic variants 
of the spatial arrangement of zooplankton objects in the FC camera field of view. 
As an example, class differentiation of copepods depending on their orientation 
in the frame can be given: a) ventral or dorsal orientation; b) lateral orientation 
of the object (Fig. 4). However, such subclass detailing apparently would not lead 
to a significant increase in classification accuracy. This is due to the enormous diver-
sity of antennae and limb positions (or their absence due to mechanical damage), 
hh 

F i g .  4 .  Variability of spatial orientations of copepods in images obtained 
using a FlowCam 
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as well as the probability of anthropogenic or natural debris particles entering 
the field of view. Nevertheless, identifying all possible spatial orientations 
(i.e., “poses”) of zooplankton organisms of various taxonomic classes and forming 
specialised image libraries based on them is a labour-intensive task that may negate 
the advantage of using the VS classifier (Fig. 4). 

Principles of creating filters and the classifier 
Taking into account the statistical properties of object parameter samples and 

peculiarities of the VS classification toolkit, the following principles for creating 
filters and constructing the classifier were formulated: 

1. When creating filters, classical descriptive statistics methods are not used to
identify the best parameters, since the classification logic in VS is based on the se-
quential application of threshold filters, not on statistical optimization of parame-
ters. Moreover, the distributions of parameters of individual classes are often over-
lapping and multimodal (see Fig. 3). 

2. Due to huge diversity of garbage particles and the impossibility of classify-
ing them without using statistical methods, erroneous assignment of garbage ob-
jects to zooplankton classes is permissible, but not in large numbers. 

3. In view of high variability of features within classes, pronounced asym-
metry of their distributions, and the absence of a formalised description of FS cal-
culation algorithm, only VFs are used when constructing the classifier. 

4. The number of class tabs in the classification window should be minimal –
one tab per class. 

Methodology for creating filters and establishing the order of class tabs 
in the classifier 

A total of 32 parameters are available for use in VFs. Methodology develop-
ment was based on the hypothesis that in pairs of classifying features, a sufficient 
number of unique combinations of value intervals for each class can be identified. 
It is assumed that their combined use in the form of a set of value filters, each con-
taining two parameters, can reveal most objects of the corresponding classes. 
In total, С2

32 = 496 parameter pairs are subject to consideration. 
The essence of approach to creating class filters is to detect and approximate 

by rectangles those regions of the two-classifying-feature space that are occupied 
exclusively by objects (points) of one class. The rectangles must have sides parallel 
to the parameter axes. In this case, the coordinates of the rectangle length projec-
tions and width onto the corresponding axes determine the value intervals of 
two parameters of one filter. For the remaining filter parameters, intervals deter-
mined by the class library are set to reduce the probability of classification error 
when working with test samples. The number of filters obtained for a class based 
y
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on two parameters equals the number of rectangles into which the region occupied 
by that class is divided. In the tabs of future classes, the OR mode is set; therefore, 
for an object to be assigned to a class, it must satisfy the requirements of any filter 
in the corresponding tab. 

An algorithm for searching and creating such VFs was implemented in the R 
environment using the sf library [13]. The algorithm provides three main steps: 

Step 1. Within one pair of parameters, n situations are formed (n – number 
of classes), in each of which two polygons are created (Fig. 5): polygon A – based 
on the convex hull of the point cloud of the given class; polygon B – based on 
the convex hull formed by the points of the remaining classes. If there is a section 
of polygon A lying outside polygon B, then a polygon C is formed from such a sec-
tion (green area in Fig. 5). 

Step 2. For polygon C, a bounding box is constructed and filled with a regular 
grid (Fig. 5). The regular grid created using the sf library tools is an array of rec-
tangular polygons with sides parallel to the coordinate axes. Regardless of the class 
and the area of polygon C, the grid has a size of 20 × 20 polygons. Polygons that 
have common sections with polygon A or with polygon C (or with both) are re-
moved from the grid. The remaining grid polygons are merged into a single poly-
gon D (Fig. 5). 

Step 3. Polygon D is divided into rectangular polygons according to the fol-
lowing algorithm: 

(i) The lower-left vertex of polygon D is selected, then the vertex to its right, and 
the vertex above it. A rectangular polygon Dᵢ is constructed from the three vertices; 

F i g .  5 .  The value filter creation algorithm in a two-para- 
meter space 
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(ii) If polygon Dᵢ does not extend beyond polygon D, then Dᵢ is cut off from D. 
Action (i) is repeated for the truncated D, and so on until it is completely split 
into rectangles (Fig. 5); 

(iii) If polygon Dᵢ extends beyond polygon D, then polygon D is rotated 
by 90°. Actions (iii) and then (i) are repeated until condition (ii) is satisfied. If after 
three iterations condition (ii) is not met, further attempts to split polygon D 
(both as a whole and its resulting parts Dn, i = 1, 2,..., n) are stopped. 

In the example of Fig. 5, section C of class 3 was divided into Dₙ rectangles 
(n = 5). The coordinates of each length along parameter 1 and each width along 
parameter 2 are the intervals of two parameters that are set in separate filters. 
Thus, based on two parameters, five filters were created to identify objects of 
class 3. 

The described algorithm can be applied iteratively depending on the chosen 
order of class tabs in the classifier window and the allowable error specified by 
the user. For example, if the obtained set of filters allowed unambiguous identi-
fication of objects of a class(-es), it makes sense to repeat the filter search for 
the remaining classes, excluding the recognised classes from the dataset. Obvi-
ously, tabs with such high filter efficiency should be placed first. Furthermore, 
if the percentage of erroneous assignment of other classes’ objects or the percent-
age of unidentified objects of this class is small, it can be neglected in favour of 
increasing the efficiency of the subsequent classifier tabs. 

Results 
Classifier creation and its performance. The first run of the VF search algo-

rithm was performed on the dataset including all seven classes (Table). As ex-
pected, the largest number of regions outside the boundaries of other classes 
(Fig. 5) was found for garbage – 700. Due to the high density of garbage objects 
in the pair-parameter space, the number for the remaining classes was significantly 
smaller (mollusca – 112, noctiluca – 185, oikopleura – 7, nauplius – 8, calanoida – 
223, cyclopoida – 0), which in some cases led to low or zero detectability (Table). 
Since further identification efficiency increase (68.9%) of garbage objects proved 
impossible, the garbage tab with the VFs obtained in the first run was placed first 
in the classifier. 

The second run of the algorithm was performed after removing all garbage ob-
jects from the dataset. The use of the obtained VF sets allowed increasing the pro-
portion of detected objects for all classes. The detectability of the mollusca and 
noctiluca classes was 100%, so tabs for these classes with new VF sets were creat-
ed next. 

The next algorithm run took place after removing the aforementioned classes 
from the dataset. The new VF sets noticeably increased the proportion of detected 
nauplius objects (71.2%), which is particularly important in the context of the dif-
ficulty of distinguishing naupliar and adult copepod stages. No improvement 
ttttttttttt
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in detectability was noted for the oikopleura class. A small increase in detected 
objects was achieved for calanoida – by 5.1% (to 51.9%). Despite a noticeable 
increase in the number of identified cyclopoida, their proportion remained low 
(Table). 

For the final decision on creating the last three tabs of the classifier, the fourth 
algorithm run was performed on the dataset without oikopleura. The new VFs 
did not lead to a noticeable increase in classification efficiency, so the nauplius, 
calanoida, and cyclopoida tabs were filled with the VF sets obtained after the pre-
vious run. 

Since it was not possible to indicate cyclopoida objects at the level of other 
classes, we made a separate attempt to search for VFs after combining calanoida 
and cyclopoida into a single class copepoda (Table, run number III.I). 

Results of sequential application of filter sets in the VisualSpreadsheet classification 
window 

Algo-
rithm 
run 

number 

Variations 
in classes 

composition 

Number of identified objects / total number 
of class images (identification rate, %) 

garbage mollusca noctiluca oikopleura nauplius calanoida cyclopoida 

I All classes 2815/4081 
(68.9) 

19/26 
(73.1) 

376/539 
(69.8) 

5/45 
(11.1) 

4/383 
(1.04) 

111/1479 
(7.5) 

0/374 
(0) 

II – garbage – (100) (100) (82) (56.9) (46.8) (3.5) 

III – noctiluca,
mollusca – – – (82) (71.2) (51.9) (7.75)

IV – oikopleura – – – – (71.2) (55.4) (9.6) 

III.I

+ oikopleura, 
calanoida + 

+cyclopoida = 
= copepoda 

– – – (82) (69.5) 1301/1853 (70.2)

Note: “–” indicates that the class parameter data was not used during the subsequent run 
of the filter search algorithm, and the result (% of identifications) for the class remains the same as 
in the previous filter configuration; the order of classes corresponds to the order of tabs in the VS 
classification window. 
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A total of 1301 objects were identified; 1079 of them belonged to calanoida 
and 222 to cyclopoida. Thus, the number of identified objects was increased 
to 72.8% and 59.3%, respectively, but already within a single class. 

Discussion 
Most studies that mention zooplankton sample processing on FC are devoted 

to comparing organism size characteristics obtained by light microscopy and 
VS, and calculating biomass, biovolume, and other indicators based on them 
[2, 14–16], determining community structure, identifying and counting rare species 
[5, 17]. In some works, FC is appled to count particles whose number provides in-
direct information on zooplankton vital activity and its habitat [18, 19]. Literature 
analysis revealed the absence of publications with a detailed description of parame-
ter selection for sorting zooplankton images or entirely devoted to the development 
of a classifier in VS. 

We see the causes for the absence of such works in the difficulties that accom-
pany work with this material. The most common FC models have insufficient 
capillary width of flow cells, which limits the ability to work with the lower 
boundary of the mesozooplankton size spectrum [15, 20]. In the case of the Black 
Sea, the FlowCam 8400 cannot process samples containing large specimens 
(over 1–1.5 mm) of calanoid copepods and sagittae. The length of sagittae reaches 
3 mm or more. An additional obstacle in operation can be created by detritus par-
ticles and copepod aggregates, which tend to clog the flow capillary of the cell. 
If the goal is to process a sample with all zooplankton in it (from naupliar stages 
to adult copepods), an additional FlowCam model Macro or ZOOSCAN is required 
[21–23]. Given these difficulties and the fact that zooplankton images are poorly 
handled by the VS toolkit, it is more appropriate to use predominantly manual 
classification or ML libraries 5) [24, 25]. It is worth noting that the increase in classi-
fication efficiency of calanoid and cyclopoid copepods (classes calanoida 
and cyclopoida) after merging into a single class copepoda is probably due to 
the morphological similarity of organisms of these groups. 

In the previously mentioned work [12] the authors describe an approach to 
creating SFs for identifying microalgae cell images. They managed to achieve good 
results (filter accuracy criterion approached the maximum value of unity) for nine 
phytoplankton classes. At the same time, the classes were identified with much 
greater taxonomic depth (to genus and in some cases to species) compared to our 
study. However, the authors do not mention foreign particles, which undoubtedly 
must have been present in the samples, given the net sampling method. It should be 
noted that the filter accuracy decreased as the cell shape became morphologically 
fff 

5) Grosjean, P., Denis, K. and Wacquet, G., 2018. ZooImage: Analysis of Numerical Plankton Images.
R package version. Available at: https://cran.r-project.org/web/packages/zooimage/zooimage.pdf 
[Accessed: 31 May 2026]. 
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more complex. These results allow us to conclude that the use of SFs for the tasks 
of our study is limited. The heterogeneity of samples (see Fig. 3) leads to incorrect 
calculation of the sample mean and standard deviation, which apparently entails 
a large number of errors. 

In study [10], when solving the problem of identifying genera and species of 
colonial cyanobacteria and other microalgae, the authors, on the contrary, focused 
on selecting VFs. The minimum number of the most useful parameters for two fil-
ters was selected by manual adjustment based on 25 and 50 characteristic images 
of object classes. To improve classification accuracy, a third filter with the same 
parameters was created, but with value ranges formed by the intersections of 
the parameter ranges of the original filters. In [10] the authors report that the pro-
posed approach allowed achieving almost 100% (99.8%) accuracy of object identi-
fication by genus; the accuracy when separating morphospecies varied from 42.6 
to 93.7%. As in [12], the authors do not address the issue of foreign particles and 
do not describe the preprocessing of the image dataset. 

Unlike [10, 12], where filters were created intuitively manually, in our study 
we attempted to automate filter selection and formalise the arrangement of class 
tabs in the VS classification window. 

In version 6 of VS, an AI tool for working with protein aggregates appeared 
for the first time. However, until VS incorporates functionality allowing users to 
customise and train neural networks independently, the proposed algorithm may 
become an alternative to manual parameter selection. Presumably, the algorithm 
may be more effective when working with phytoplankton samples, and its efficien-
cy can be improved by moving from pairs of parameters to triples, etc. In other 
words, increasing the dimensionality of the considered parameter spaces should 
lead to the identification of a larger number of filters with class-unique value inter-
vals and an increase in the detectability of the corresponding objects. 

Conclusions 
In this work, a methodology for classifying zooplankton images obtained using 

a FlowCam system with the VisualSpreadsheet software tools has been developed 
for the first time. Within the framework of the proposed approach, an algorithm 
for the automatic generation of value filters was implemented; under certain condi-
tions, it ensured 100% identification for the mollusca and noctiluca classes, 82% 
for oikopleura, 71.2% for nauplius, and 70.2% for copepoda (after merging cyclo-
poida and calanoida). 

Since the algorithm does not require preliminary analysis of parameter distri-
butions, the methodology can be applied to the study of a wide range of objects 
recorded by FlowCam. It is most advisable to use the developed methodology 
when working with objects that have complex morphology, in particular zooplank-
ton. In the future, it is planned to implement a value filter search algorithm in pa-
rameter spaces of higher dimensionality and test it both on zooplankton objects and 
on other components of marine plankton, including phytoplankton. 
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