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ABSTRACT. This article is devoted to the results of an experimental study, the purpose of which was
to evaluate the possibility of using artificial intelligence technologies to improve the methodology of
environmental monitoring of the Black Sea using the computer vision model (YOLO). The basis of
environmental monitoring of water bodies is the determination of pollution, the saprobic index was
chosen as its quantitative characteristic in this study. Saprobity is characterized by the degree of con-
tamination of the reservoir with organic substances and their decomposition products. It is determined
by the species composition of organisms (saprobionts) living in water and their number (frequency of
occurrence). Microalgae of periphyton, which serve as indicators for the presence of organic substances,
were selected as saprobionts. The composition and quantity of microalgae involved in the microfouling
process were determined using the “fouling glasses” method by installing glasses in the coastal water
area under study. The identification and calculation of the frequency of occurrence of microalgae pres-
ent at a certain point in time in the water area was carried out by microscopy of microfouling samples. A
certain composition of microalgae made it possible to calculate the saprobic index of the studied water
body and draw a conclusion about its contamination. This method requires the participation of highly
qualified specialists and the time required to process the microscopy results. In this regard, artificial
intelligence technologies were used to accelerate the process as an element of improving the methodol-
ogy of environmental monitoring of the Black Sea area. The use of the computer vision (YOLO) model
made it possible to reduce the study time and assess the quality of the water body, which confirmed the
effectiveness of the proposed technology in order to improve environmental monitoring of water bodies.
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1. Introduction assessing the quality of the natural environment based

. o on the state of living organisms living in a given water
Environmental monitoring of coastal waters body. The method is based on observations of the com-

is carried out in various ways, the choice of which is position and abundance of indicator species - organisms
determined by the type of pollutants in the aquatic that are the most sensitive to environmental changes.
environment. The bioindication method was chosen as the most sen-

Pollution occurs when precipitation containing sitive to changes in the aquatic environment as a result
pollutants falls into a water body, effluents (discharges) of anthropogenic impact.

of polluted waters from the territory of industrial facil- Algae as bioindicators react quickly and predict-

ities, and emergency situations when working with ably to a wide range of pollutants. They serve as early
petroleum products. indicators of environmental degradation. To charac-

~ One of the methods for determining water pol- terize the level of water contamination with organic
lution is the bioindication method. The bioindication substances, the concept of reservoir saprobity is used

method as a monitoring improvement element involves (Egorkin and Andreeva, 2026).
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Saprobity is the quantification of biological spe-
cies living in water, called saprobionts. Microalgae
of periphyton were used as saprobionts. They have
a set of physiological and biochemical features that
determine their ability to live in water with a certain
level of organic matter (degree of contamination).
Oligosaprobic, mesosaprobic, and polysaprobic (the
most polluted) reservoirs are distinguished. Each type
of saprobiont has a saprobic index.

The morphology of peripheral microalgae varies
depending on the type of substrate and environmen-
tal conditions; they can form filamentous, mucous or
film-like structures, as well as have a wide variety of
forms, from unicellular to colonial and, depending on
the species, have a different configuration, size and
color. In general, periphyton is a community of micro-
scopic organisms that colonize underwater surfaces in
the aquatic environment. Microalgae of the periphyton
take part in the processes of biological self-purification
and formation of water quality. This is especially true
in the coastal zone of the sea (Kovtun and Snigireva,
2012).

One of the methods currently used to determine
the composition and quantity of microalgae is the “foul-
ing glasses” method (Egorkin and Andreeva, 2026). The
method is carried out by immersing specially selected
glasses in the aquatic environment of the coastal zone
of the Black Sea.

The identification and calculation of the fre-
quency of occurrence of microalgae present at a cer-
tain point in time in the water area was carried out
by microscopy of microfouling samples. This method
requires highly qualified specialists and time to process
the microscopy results. In this regard, to accelerate the
process, artificial intelligence technologies were sup-
posed to be used as an element of improving the meth-
odology of environmental monitoring of the Black Sea
area (Egorkin and Andreeva, 2026). The approbation
of the proposed improvement method is presented in
this article.

The purpose of the experimental study is to eval-
uate the possibility of using artificial intelligence tech-
nologies to improve the methodology of environmental
monitoring of the water area using the computer vision
model (YOLO).

Research objectives:

1. Analysis of the results of the application of the
bioindication method and determination of saprobity.
2. Development of an algorithm for the use of artificial
intelligence technologies - computer vision to deter-
mine the reliability.

2. Materials and methods

Bioindication and determination of saprobity
were carried out using the method of “fouling glasses”
installed in the coastal water area under study.

The following actions were performed:

+ three glasses (size 25 x 75 mm) were fixed in a
rubber tube with slots at a distance of 50 mm from
each other;

+ the first glass was immersed to a depth of 100 mm;
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» the glasses were immersed and removed from the
water on a monthly basis;

+ periphyton organisms were examined in a suspen-
sion of scrapings;

* to study the morphology of cyanobacteria and
microalgae of the periphyton in lifetime prepara-
tions, a Levenhuk 740T light microscope was used
at magnification x 400;

+ the cultures were photographed using a digital
nozzle using the appropriate Levenhuk ToupView
computer program and further image processing in
Adobe Photoshop CS3 Extended;

+ the taxonomic affiliation of microalgae was estab-
lished using determinants (Guslyakov et al., 1992;
Komaérek and Anagnostidis, 1998; 2005).

After determining the species composition of
microalgae, the saprobic index (S) was calculated,
which was calculated using the formula:

N —
S:ZIZ(:;ihhi), 1)
j=1"%
where:

N is the number of selected indicator types.;

h, is the relative abundance of the i-th species
(Table 1);

s,is the individual saprobic index of the first type.

The saprobic index is the average value of the
saprobity of all found species, taking into account their
abundance.

The calculation of the number of specimens of an
individual representative of the periphyton community
of microalgae in a certain period (month), out of the
total number, was carried out according to the formula:

5-"100, )
A

where
B - percentage of occurrence, %;
N — the number of representatives of this taxon in
all the studied visual fields;
A — the number of examined visual fields.

The saprobic index was specified with an accu-
racy of 0.01. The degree of contamination of the res-
ervoir was determined by the value of the saprobic
index: 0.5—1.5 — o — oligosaprobe zone (clean water),
1.51-2.5 - B - mesosaprobe zone (moderately pol-
luted water), 2.51 —3.5 — o — mesosaprobe zone (dirty
water), 3.51 —4.50 — p — polysaprobe zone (heavily pol-
luted water) (Stupina, 1977).

Table 1. The ratio of relative abundance and frequency
of organisms.

Occurrence [The number of copies of one type,| h,
% of the total number scores
Very rarely <1 1
Rarely 2-3 2
Rather common 4-10 3
Often 10-20 5
Very often 20-40 7
En masse 40-100 9
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The considered methodology for the saprobity
determining and, accordingly, the assessment of the
water body quality was carried out as a result of a
long time period. To speed up the process in order to
improve the methodology of environmental monitor-
ing based on data from the application of the “fouling
glasses” method, further experimental research using
artificial intelligence technologies was conducted.

Modern artificial intelligence methods make it
possible to automate image analysis, which is espe-
cially important when working with large amounts of
microscopic data. In microscopic studies, this makes it
possible to significantly speed up information process-
ing and reduce the influence of the subjective factor
characteristic of traditional visual analysis (Pawtowski
et al., 2022).

There are three main directions in computer
vision tasks: classification, detection and segmentation
of images. Segmentation is a more detailed approach
and includes highlighting the exact boundaries of an
object, which makes it possible to more fully describe
the shape of microalgae and their morphological
features.

The YOLOv11 family model, which is widely
used for image processing, was used as a tool (Spahn et
al., 2022; Vasil’ev et al., 2025). Modern versions, such
as YOLOv11-seg, have implemented the ability to solve
detection and segmentation problems within a single
architecture. The model provides information about
the object’s class, the probability of recognition, and its
position in the image. During segmentation, it addition-
ally generates an object mask.

The algorithm for improving the methodology
included the following steps:

1. Compilation of a database and photo gallery of
microalgae taxa.

Determination of the occurrence of various microal-
gae taxa based on the microbiology expert’s work
results.

3. Selection of microalgae taxa for the study.

Creation of training, test and validation samples
for modeling.

Training, validation and testing of a neural net-
work model based on the YOLO architecture.

Approbation of a model for assessing the ecologi-
cal condition of the studied water body.

3. Results
3.1. Compilation of a database and photo
gallery of microalgae taxa

The study of periphyton communities on «foul-
ing glasses» in the coastal waters of Sevastopol was car-
ried out for eight years. In the study of coastal waters
with anthropogenic pollution, from 29 to 37 systematic
units of microalgae were identified (Andreeva, 2015).

The main representatives of the periphy-
ton in different years were diatoms of the genera
Navicula Bory, Nizschia Hassall, Pinnularia Ehrenberg,
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Cylindrotheca Gottlob Ludwig Rabenhorst, and Amphora
Ehrenberg ex Kiitzing. In some periods, Achnanthes de
Saint-Vincent, Bacillaria J.F. Gmelin, Licmophora Carl
Adolph Agardh, Striatella C. Agardh, Thalassionema
A. Grunow ex C. Mereschkowsky, and some others
actively developed, as well as representatives of oscil-
latory cyanobacteria, including those belonging to the
genus Spirulina (Arthrospira Sitzenberger ex Gomont).
Green (Chlorophyta) and Dinophyta algae were some-
what less common.

Figure 1 shows some representatives of the
periphyton communities of the coastal water area of
Sevastopol.

3.2. Determination of the occurrence
of various microalgae taxa based on the
microbiology expert’s work results

The average data on the occurrence of different
representatives of the periphyton for 2018 are shown
in (Fig. 2). The data for 2018 was selected for analysis
due to the fact that a complete set of data is available
for this period without missing months.

3.3. Selection of microalgae taxa for the
study

In order to determine the saprobic index and
assess the quality of the studied reservoir based on the
analysis of literary sources, individual saprobic indexes
were determined for the microalgae presented in (Figs.
1 and 2) (Table 2) (Barinova, 1996; Stupina, 1977).

3.4. Creation of training, test and
validation samples for modeling

Micrographs of selected microalgae taxa were
specially prepared for use in modeling based on artifi-
cial intelligence (computer vision) technology.

The first step was to assign unique names to the
images corresponding to the name of the taxon in order
to eliminate possible errors during further processing.
The “Taxon name” format was used as the naming tem-
plate._1.jpeg “, where the part before the underscore
character corresponds to the name of the microalgae
genus, and the numeric index after it corresponds to the
ordinal number of the image.

Next, the image array was divided into subsam-
ples, which were used in the process of training the
model. In accordance with the requirements of the
YOLO family model, the data was divided into three
parts: the training sample (train) — 70% of the images,
the validation sample (validation) — 15% and the test
sample (test) — 15%.

The separation was carried out separately for each
type of microalgae, observing the specified ratio, which
made it possible to maintain the balance of classes at
all stages of training and ensure a correct assessment of
the quality of the model. As a result, 3907 images were
included in the training sample, 841 in the validation
sample, and 860 in the test sample.
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Fig.1. Representatives of the periphyton communities of the coastal water area of Sevastopol.
1, 2, 3 — Oscillatoriales Schaffner; 4 — Navicula; 5,6 — Pinnularia; 7 — Cymbella C.Agardh; 8 - Amphora; 9 — Cocconeis Ehrenberg;
10 - Entomoneis Ehrenberg; 11 — Cylindrotheca; 12 — Pleurosigma W. Smith; 13 — Nitzschia; 14, 15 - Bacillaria; 16 — Thalassionema;
17 - Coscinodiscus Ehrenberg; 18 — Skeletonema R. K. Greville; 19 — Melosira C.A. Agardh; 20 — Achnanthes; 21 — Licmophora; 22 —

Rhizosolenia Brightwell; 23, 24 - Dinoflagellata; 25 - ribbon-shaped organisms.
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Fig.2. Occurrence of the main ten types of microalgae in periphyton samples during monthly sampling and manual counting

in 2018.
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Table 2. Taxa with their saprobity zones and saprobic indexes.

No ni/m Taxon The zone of saprobity Index (s) Minimum (s) Max. (s)
1 Achnanthes o—a 1.50 0.10 2.70
2 Amphipleura Kiitzing o—B 1.10 0.50 1.80
3 Amphora o—f 0.80 0.10 1.65
4 Bacillaria B 2.80 2.80 2.80
5 Cocconeis o—p 0.90 0.50 1.75
6 Coscinodiscus B 2.15 1.80 2.50
7 Oscillatoriales a 3.00 2.50 3.50
8 Cylindrotheca B 2.15 1.80 2.50
9 Cymbella B 1.71 1.71 1.71

10 Desmogonium C. G. Ehrenberg o—f 1.15 0.50 1.80
11 Dinophyta B 2.05 1.80 2.30
12 Diploneis B 2.15 1.80 2.50
13 Entomoneis p—a 2.50 2.00 3.00
14 Licmophora B 2.05 1.80 2.30
15 Melosira o} 1.00 0.50 1.50
16 Navicula B—a 2.45 2.00 2.90
17 Nizschia B—a 2.85 2.70 3.00
18 Pinnularia o—fB 1.40 0.20 2.20
19 Pleurosigma B 2.20 1.80 2.50
20 Rhizosolenia o 1.20 1.20 1.20
21 Skeletonema B 2.25 1.80 2.50
22 Spirulina o—f 1.50 1.00 2.00
23 Striatella B 2.15 1.80 2.50
24 Tabellaria Ehrenberg ex F.T.Kiitzing o—p 0.75 0.10 1.40
25 Talassionema B 2.15 1.80 2.50

At the next stage, the image markup was per-
formed using the CVAT (Computer Vision Annotation
Tool) program (Holicheva et al., 2025). A project was
created in the program in which classes (labels) corre-
sponding to 25 taxa of microalgae were defined. A task
was created inside the project, corresponding to the
subsamples into which the previously prepared images
were uploaded (Fig. 1).

Next, the images were marked up to implement
the segmentation task. The marking was performed
using the polygonal tool of the CVAT program. (Fig. 3).

After the markup was completed, the data was
exported from CVAT. Each task was saved as a separate
archive. To train YOLO models, a format was used that
includes images and their corresponding markup text
files.

Each image corresponds to a.txt file containing
information about the classes of objects and the coordi-
nates of their location relative to the size of the image.
In this case, the name of the text file must completely
match the name of the corresponding image, which is a
prerequisite for correct training of the model.

As a result of data preparation, a directory struc-
ture was formed, including the folders “images” and
“labels”, each of which contains the subfolders “train”,
“validation” and “test”. The “images” folder contains
the source images, and the “labels” folder contains
the markup files. The distribution of the number of all
objects in folders according to taxon classes is shown
in (Fig. 4).
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This structure is used as input data for train-
ing the selected YOLO11x-seg model. The model used
belongs to the more complex and accurate versions of
the YOLO family and is characterized by an increased
number of parameters, which should ensure a higher
quality of object recognition.

3.5. Training, validation and testing of a
neural network model based on the YOLO
architecture

The process of learning, validation and testing
in computer vision is a strictly regulated sequence of
actions. At the first stage, the model sees only the train-
ing sample, and its task is to minimize the loss function
by adjusting the weights of the convolutional layers
using the error backpropagation algorithm. The model
sequentially processes small portions of images, calcu-
lates gradients, and updates parameters. Training is an
iterative process of comparing data and metrics on a
specific sample, which reflects the ability of the model
to remember these relationships present in the training
dataset. After each epoch or after a certain number of
iterations, the currently trained model is run through
a validation dataset that was not involved in updating
the weights. At this stage, the same metrics are calcu-
lated, but their dynamics serve as an indicator of the
generalizing ability of the model.
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Fig.3. An example of marking microalgae in the CVAT pro

After the training is completed (that is, the val-
idation metrics have reached an acceptable level), the
testing stage begins. Up to this point, the test sample is
kept in isolation. It is not used either for hyperparam-
eter selection or for early stopping of model training.
When all the settings are completed, the model is run
through the test dataset once, and the resulting metrics
are calculated. These values are considered an objec-
tive assessment of the quality of the model in condi-
tions close to real operation.

As part of the study, a microalgae segmentation
model was trained to identify objects at the pixel level.
The training was performed using the YOLO11lx-seg
architecture in segmentation mode with the following
parameters: the input image size is 640 x 640 pixels,
the number of epochs is 140, with standard data opti-
mization and augmentation settings.

In the learning process, two types of metrics are
formed: 1) by Box (detection) and 2) by masks (seg-
mentation). The division into (Box) and (Mask) allows
you to determine exactly where the failure occurs - the
model does not find objects well or poorly defines the
contours of segmented elements.

gram.

During the training process, graphs of the loss
function on the training and validation set of images
are analyzed: Box Loss is an error in the coordinates of
the box, Seg Loss is an error in the pixels of the mask,
Cls Loss is an error in determining the class, DFL Loss
is an error in the regression of boundaries (corners,
edges) (Figs. 5 and 6). Loss functions are mathematical
expressions that quantify how much a model’s predic-
tions deviate from the actual values.

The error estimation on the training and valida-
tion set of images serves as an indicator by which the
learning state of the model is determined.

One of the important metrics used to evaluate
the learning outcomes of the “computer vision” model
is the Mean Average Precision (mAP), which reflects
the effectiveness of object detection as a number from
0 to 1. It is calculated twice: 1) separately for bound-
ing boxes (Box mAP) and 2) for pixel masks (Mask
mAP) (Fig. 7). This allows you to understand where the
model is stronger in detecting objects or in accurately
highlighting their contours. Both metrics are based on
curves (accuracy and completeness) Precision-Recall
for each class (Fig. 8).
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Two main variants were used in the results of the ther analysis, since, as noted earlier, there was a com-
YOLO model: plete set of data for it without missing months. The set
+ mAP@0.5 (a more “soft” standard). A hit is also featured photographs with multicomponent and
counted if the prediction intersects with the truth structurally complex microalgae. The choice is also jus-
(IoU is a metric in computer vision that measures tified by the need to test the model’s operability using

the degree of overlap between the predicted area such complex examples.
(for example, the bounding box or segmentation In order to automate the process of practi-
mask) and the true area (ground truth-) more than cal application of the trained segmentation model, a
50%. It shows well whether the model is able to Python web application was developed. The applica-
find objects at all.; tion provides loading of the trained YOLO model, per-

forming segmentation, processing results and calculat-
ing statistical indicators.

The application automatically calculates the
number of processed images, the number of images
with and without detected objects, the total number
of objects found, the average number of objects in all

+ mAP@0.5:0.95 (a stricter “gold standard”). The
mAP averages over 10 IoU thresholds from 0.5
to 0.95. It requires a perfect contour match from
the model and is considered the main indicator for
comparing models.

Figure 9 shows images of the F1 metric (or images, the distribution by gender, the index of reli-
Fl-measure, Fl-score), which is the average parame- ability and processing time. To automate calculations,
ter between Precision and Recall. This is a balanced Table 2 was pre-integrated into the application. During
indicator that shows how well the model works overall, image processing, the segmentation model determined
taking into account both types of errors (false positives whether objects belonged to the corresponding taxa and
and missing objects). counted the number of representatives of each genus.

Since the validation sample is not involved in To assess the correctness of the model, images
training, but it is involved in setting up hyperparam- with selected objects and their masks were obtained
eters (according to its metrics, it was decided to stop (Fig. 10).
training (early stop) at epoch 143, it was decided to To assess the quality of the proposed method-
choose the model size and apply augmentation) It was ology for improving environmental monitoring using
concluded that the model, although indirectly, “saw” artificial intelligence (computer vision) technologies, a
the validation sample. Based on this, a test sample is comparative analysis of the results of automatic recog-
always used that the model has not “seen”. The results nition of microalgae with data obtained by an expert
of the final assessment on the test set (860 images, during manual processing of the same images was per-
1072 objects) are presented in Table 3. formed. The results of the calculation and determina-

tion of the generic composition performed by a special-
3.6. Approbation of the model for ist during microscopy were used as reference data.
assessment of the ecological state of the The comparison was based on the total num-

ber of objects discovered for each genus in 2018. The
results of the expert calculation of the main taxa are
shown in (Fig. 2), and the data of the automated anal-
ysis in (Fig. 11).

For clarity, a comparative graph of the distribu-
tion of the number of microalgae by genus was con-
structed (Fig. 12), which shows two dependencies (the

investigated water body

After testing the model, an array of microscopic
images was processed to assess the quality of the water
body. The initial data used were images obtained during
observations of the water area for the period from 2017
to 2026, however, data for 2018 were selected for fur-

- F1-Confidence Curve F1-Confidence Curve
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>
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Confidence Confidence

Fig.9. The F1 value averaged over all classes: 1 — for Box (reaches 0.70 with a confidence threshold of 0.342); 2 — for Mask
(reaches 0.68 with a confidence threshold of 0.337).
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Fig.10. Examples of visual application results.
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Fig.11. Occurrence of the main ten types of microalgae in periphyton samples during monthly sampling with automatic

counting in 2018.
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Fig.12. Comparison of the average annual proportions of all taxa depending on the image processing method.
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Table 3. General metrics for all classes based on the assessment results in the test sample.

Type of bounding box Precision Recall mAP@0.5 mAP@0.5:0.95
Box (detection) 0.742 0.793 0.8125 0.6617
Mask (segmentation) 0.739 0.773 0.7909 0.5336

results of expert manual assessment and automated
counting), and the contribution of each taxon to the
overall saprobic index was studied depending on the
image processing method (Fig. 13).

The article also analyzed the dynamics of
changes in the saprobic index depending on the season
of the year and assessed the contribution of the influ-
ence of the taxa with the largest increase in number in
the determination using automatic counting (Fig. 14).

4. Discussion

During the automated analysis and subsequent
comparison with the expert assessment, discrepancies
were identified due to a number of factors related to
both the characteristics of the training sample and the
specifics of the research objects themselves.

One of the key reasons for errors is the data
markup technique used. The markup was performed
according to the standards used for typical computer
vision objects, which turned out to be insufficient for
multicomponent and structurally complex microalgae.
As a result, three main types of errors related to this
factor were identified.

First, there is a morphological similarity of
individual genera of microalgae, which affects their
correct recognition by the model and leads to classi-
fication errors. Examples are the genera Amphipleura
and Navicula, Amphora and Diploneis, Bacillaria and
Talassionema, Cylindrotheca and Rhizosolenia, Melosira
and Skeletonema, Striatella and Tabellaria (Fig. 15). The
model confuses these genera with each other.

Second, segmentation errors are recorded, which
manifest themselves in combining closely spaced objects
into one mask or in the excessive division of one object
into several. This error occurred due to the incomplete
and consistent markup of the data, which leads to
incorrect definition of the boundaries of objects.

Third, the limitations of the model in recognizing
complex shapes characteristic of a number of taxa are
revealed. Despite the fact that the data markup was per-
formed correctly for typical objects, it was found that in
order to improve recognition accuracy, it is necessary
to take into account individual structural elements (for
example, covers, heterocysts, akinets, damaged cells),
as well as use specialized marking approaches focused
on the features of microscopic objects. In the future, the
marking technique will be revised, taking into account

Contribution of each taxon to the overall saprobity index
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Fig.13. The contribution of each taxon to the overall saprobic index, depending on the image processing method.
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Fig.14. Dynamics of changes in the saprobic index depending on the image processing method and calculated with adjust-

ments minus abnormally high values of individual taxa.

the allocation of additional morphological classes and
a more detailed description of the structure of objects.
Fourth, the distribution of data is an important
factor. Due to the lack of the necessary high-quality
images for marking up the dataset, the sample turned
out to be uneven (Fig. 4 — 4 genera contain more than
400, 4 more genera ~ 300 and at the same time 9 gen-
era ~ 100 photos). As a result, the model demonstrates
higher accuracy for common genera and less stable
results for rare taxa. This led to a shift in the final esti-
mates and affected the correctness of the analysis of the
saprobic index and, accordingly, the assessment of the
ecological state of the water body (Fig. 14). However,
by adjusting the calculation of the saprobic index by
subtracting the taxa that showed abnormal growth due
to the imbalance of the training sample, the water body
can be classified as conditionally clean during the year.
Fifth, a group of factors is related to the char-
acteristics of the original images. First of all, it is the
presence of background elements (bubbles, inorganic
inclusions), which can be perceived by the model as
parts of recognition objects (Fig. 16). This indicates
the need for more thorough data filtering and, if neces-
sary, the introduction of a separate “background” class
when training the model. The crowding of objects, the
quality and clarity of their boundaries, the noise level
and the contrast of images have an additional impact
on object recognition (Fig. 16). It should be noted that
the quality of the source photos is generally acceptable
for training, but the specifics of microscopic objects
require stricter requirements for the visual character-

E

Cﬁ!fnn'rnthem ﬁhlmsafenla Melosira

% - 2]
o Sk&etonemn

istics of the data.

An important role is also played by the exten-
sion of the boundaries of the taxon beyond the bound-
aries of the photograph and the overlap of objects in
the images, which leads to ignoring incomplete objects
in the definition, since the model was trained on whole
photographs of microalgae with a continuous closed
boundary (Fig. 16).

The results obtained show that the use of stan-
dard methods without adaptation to the subject area
inevitably leads to distortions, but at the same time
confirm the fundamental applicability of the chosen
approach. This allows us to consider the identified lim-
itations not as disadvantages of the model, but as guide-
lines for its further development, aimed at moving from
formal recognition to a more meaningful analysis of the
structure and condition of microalgae.

5. Conclusions

A technique for automated recognition of
microalgae for assessing the state of the aquatic envi-
ronment has been developed and tested.

Using computer vision techniques, a segmenta-
tion model was trained to isolate and classify objects in
microscopic images.

A web application has been created that provides
a full cycle of microscopic image processing.

The proposed technique uses automatic object
counting, which improves the objectivity and reproduc-
ibility of the results.

Fig.15. Examples of genera that are similar in appearance.

268



Egorkin A.A., Andreeva N.A. / Limnology and Freshwater Biology 2026 (4): 258-282

Algae: Problems of Taxonomy and Ecology,
Use in Monitoring and Biotechnology

Fig.16. Features of the initial data: a — organic matter; 6 — clarity and noise level; B — overlap and exit of the boundaries of

the taxon beyond the boundaries of photography.

A comparison of the results of the model with the
expert assessment showed a satisfactory agreement in
determining the structure of microalgae communities,
despite the presence of some quantitative discrepancies.

The analysis made it possible to identify the
main limitations of the developed model related to the
specifics of microscopic objects, markup features and
the structure of the training sample, while it was found
that these limitations are manageable.
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LIMNOLOGY

NMpumeHeHue TEXHONOTUH MCKYCCTBEHHOIo

MHTEANEKTa KaK 3NeMeHTa FRESEHTWATER
COBEepPLUEeHCTBOBAHUA METOAUKMHU BIOLOGY
e —m

3KOANOrHYEeCKOro MOHUTOPMHIa aKkBaTopum
YepHoro mops

Eropkun A.A.?* AugpeeBa H.A.!

I ®I'BHY HHcmumym npupoOHo-mexHuueckux cucmem, ysi. I'ocosa 0. 14, e. Cegacmonosts, 299011, Poccua
2@I’KBOY BIIO «YepHoMopcKoe @blcuiee B0eHHO-MOopckoe opdeHod Haxumosa u KpacHoti 38e3dvtyuttunje umeru I1.C. Haxumoga»,
yi. [Jeibenko, 0. 1a, e. Cegaacmonosb, 299028, Poccua

AHHOTAIIHAA. [JaHHada cTaThA MOCBAL[EHA pe3yJibTaTaM 3KCIEepUMEHTAJIbHOI'0 MCCJIeJOBaHNs, LeJIblI0
KOTOpPOTO OBLIIO OLEHUTb BO3MOXHOCTb NPHUMEHEHM:A TEXHOJIOTMH HMCKYCCTBEHHOIO WHTeJUJIeKTa IJIA
COBEpIIEHCTBOBAHNUA METOAUKU 5KOJIOTMYeCKOro MOHMTOPUHIAa akBaTopuu YepHOro Mops, ocyIecT-
BJIIEMOTO MCIOJIb30BaHMeM Mogeiau KomnbioTepHoro 3peHus (YOLO). OCHOBOI 3KOJIOTMYECKOTO
MOHMTOPUHIa BOAHBIX 00BEKTOB fABJIAETCA OlpefelieHre 3arps3HeHHOCTH, KOJIMYeCTBEeHHON XapakTe-
PUCTUKOIN KOTOPON B JaHHOM HCCJIEAOBAHMU ObLI BEIOpaH MHJEKC canpobHocTyu. CarnpoOHOCTh Xapak-
Tepu3yeTcsA CTeNeHbI0 3arpA3HEHHOCTH BOAOEMA OpraHu4YecKMMHU BellleCTBaM{ M IPOAyKTaM{ HX pac-
naga. OHa ompefesigeTcs 0 BUAOBOMY COCTaBy OpraHM3MOB (canpoOUOHTOB), 0OUTAIOIIKX B BOAE U UX
KOJIMYecTBy (4acTOThl BCTpeuaeMocTH). B kadyecTBe canmpoOMOHTOB OBLIM BRIOpaHBI MHUKPOBOIOPOCIIU
nepuduTOHa, CiIyXallue MHAUKATOpaM{ Ha IPUCYTCTBHE OpraHMYecKux BemiecTB. COCTaB U KoJiMye-
CTBO MUKPOBOJAOPOCJIEl, yYacTBYIOIMX B IIpoliecce MUKpooOpacTaHusA, OnpeAesiAInch NpuMeHeHueM
MeTO/la «CTeKOJI 0OpacTaHus» MyTeM YCTaHOBJIEHUS CTEKOJI B MCCJIeAyeMOl MpUOpeXXHON aKBaTOPUMU.
WpenTudukanusa 1 IoAcYeT YacTOThl BCTpeYaeMOCTH MUKPOBOJOPOCJIEH, IPHUCYyTCTBYIOLUIUX B ONpeje-
JICHHBII MOMEHT BPeMEHM B aKBaTOPUH, OCYI[eCTBJIAICA IPH MUKPOCKONUPOBAaHUK 00pasI[0B MUKPO-
obpacranuii. OnpenesieHHBIN COCTaB MHUKPOBOJOPOCJIEN MO3BOJIMJI BEIYUCIUTH WHJEKC CApPOOHOCTU
nccjeqyeMoro BOAHOTO OObeKTa U clielaTh BBIBOJ O €ro 3arpsA3HeHHOCTH. J[aHHBIN cnocob TpebyeT
ydacTusA BBICOKOKBAJIN(UIMPOBAHHBIX CIIENUAaJIMCTOB U 3aTpaThl BpeMeHU AJjid o0paboTKU pe3yJbTa-
TOB MUKPOCKONUPOBaHUA. B cBA3M € 9TUM, IS yCKOpeHUs Ipoliecca B KayecTBe dJIeMeHTa COBeplIeH-
CTBOBAaHMA METOAMKHU 5KOJIOTMYECKOro MOHUTOPHHIA akBaTopuu YepHOro Mops, ObIM UCIOJIb30BAHEI
TEXHOJIOTUM HCKYyCCTBEHHOIO0 HHTeJUleKTa. IIprMeHeHue Mofenn KoMibioTepHoro 3penusa (YOLO)
II03BOJIMJIO COKPATUTh BpeMs HCCIeJO0BaHNsA, OLIEHUTh KaueCcTBO BOJHOIO 00beKTa, YTO MOATBEpAUIIO
3 ¢eKTUBHOCTh IPUMEHeHNUs NpejiaraeMoll TeXHOJIOTHHU C IIeJIbl0 COBEpIIEHCTBOBAHMA JKOJIOrMYe-
CKOI'0O MOHUTOPHHIA BOOHBIX OOBEKTOB.

Kitiouegsie cstoda: GmonHAMKAIYSA, CAIPOOHOCTh, MUKPOBOIOPOCIN, SKOJIOTMYECKUI MOHUTOPUHT, HEHPOHHbIE
CeTH, KOMITBIOTEPHOE 3peHUE

Jna murupoBanuAa: Eropkun A.A., AnnpeeBa H.A. IlpuMeHeHHe TEXHOJIOTUI HCKYCCTBEHHOI'O HMHTEJIJIEKTAa KaK 3JIeMeHTa
COBEpIIEHCTBOBAHUA METOAUKH YKOJIOTUYECKOT0 MOHUTOPHHTa akBaTopuu YepHoro mops // Limnology and Freshwater Biology.
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1. Beepenue 3arpsAsHeHUe BOJHOIO OOBEKTA IIPOUCXOUT IIpU

BHIMIAJIEHUU OCAJKOB, COEepXallnX 3arpsa3HAIIe
BelllecTBa, CTOKOB (cOPOCOB) 3arpsi3HEHHBIX BOJI C Tep-
PUTOPHUY TPOMBIIIEHHBIX 0ObEKTOB U MPU aBapUTHBIX
cUTyanusAax npu padbote ¢ HepTeNPOAYKTaAMU.

DKOJIOTHUYeCKUH MOHUTOPUHI BOJHBIX OOBEKTOB
IIPUMOPCKO TEPPUTOPUY NPON3BOAUTCA Pa3IMUYHBIMU
cnoco6aMy, BHIOOp KOTODBIX OIpefesIAeTCs BHAOM
3arpA3HAIIIX BellecTB BOAHOU Cpefbl.
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BOOOPOCHU.' ﬂpOﬁfleMbI maKCcOHOMUU U 3Kosiocuu,
ucriofib3osaHue 8 MOHUMoOpuUHee u buomexHornoauu

OaHuM 13 METOJOB OllpeliesieHus 3arps3HeHud
BOJHOH cpefs! ABJIAeTCA MeTod OuonHaukanuu. Meton
OMOMHAVKAIU KaK 3JIEeMeHT COBepIIeHCTBOBaHUA
MOHMTOpUHIa IpejlojaraeT OLeHKYy KayecTBa IIpH-
POAHOM cpeAbl IO COCTOAHUIO OOUTAIOINX B AAaHHOM
BOJHOM OOBEeKTe XHBbIX OPraHu3MOB. B ocHOBe MeToa
Jjexar HaOJoAeHus 3a COCTaBOM U YKCJIEHHOCTBIO
BUOB UHAVKATOPOB - OPraHU3MOB, KOTOpBIe HauboJiee
YyBCTBUTEJIbHEI K U3MeHeHUAM cpefpl. MeTosn 61ouH-
JuKanuu ObLT BRIOpaH Kak HanOoJjiee YyBCTBUTEJIbHBIN
K M3MeHeHMsAM BOJHOI cpelibl B pe3yJibTaTe aHTPOIIO-
TreHHOTO BO3AelCTBUS.

Bomopocin kxak OMOMHAWMKATOPH OBICTPO U
IpeJicka3zyeMo pearmupyioT Ha IMHUPOKUII CIIeKTp 3arpaAs-
HAMUX BemlecTB. OHU ciIyXaT paHHUMU WHIUKAaTO-
paMHu yXy[UleHUs COCTOSHUA OKpyXalollell Cpefsl.
Jl71A XapaKkTepuCTHUKH YpPOBHS 3arpA3HEHHOCTH BOJBI
OpraHn4eckrVMM BellleCTBAMHU HCIOJIb3YIOT IOHATHE
canpo6HocTu BofgoeMa (EropkuH u AHppeeBa, 2026).

CanpoOHOCTh — KOJIMYeCTBEHHOe oOIpefesieHue
610JIOrMYecKUX BUAOB, OOMTAIONIMX B BOJe, Ha3bIBa-
eMBIMHU canpoOHOHTaMU. B kadecTBe canpoOHOHTOB
HCIIOJIb30BaJINCh MUKPOBOAOPOCIU nepupuroHa. OHU
obJyiagaoT KOMILIeKCOM (U3HUO0JIOro-0MOXUMHUYeCKUX
ocobeHHOCTel, 00yCJIOBIMBAIIINX HX CIOCOOHOCTh
obuTaTh B BOJle C TeM WJIM WHBIM ypOBHEM cCOJepXxa-
HUA OpraHMYecKUX BellecTB (CTelleHbI0 3arpssHe-
HuA). BeigenaioT osurocanpo6Hble, Me30canpoOHble 1
nosvcanpo6Hele (HauboJiee 3arps3HeHHble) BOJOEMEL
KaxpgoMmy Buay canpoOHMOHTa COOTBETCTByeT WHAEKC
canpobHOCTH.

Mopdosorua nepudUTOHHBIX MHUKPOBOJOPOC-
Jlell BapbUpyeT B 3aBHCHUMOCTH OT TuIa cyOcTpaTa U
YCJIOBUI Cpelbl; OHM MOI'YT OOpa3oBBIBAaTb HUTEBU/-
Hble, CJIM3UCTHIe WM IJIEHKOOOpa3Hble CTPYKTYpEHL, a
TakXe MMeTh IMPOKoe pa3zHooOpasue GopM, OT OJHO-
KJIETOYHBIX [0 KOJIOHHUAJbHBIX M, B 3aBUCHUMOCTH OT
BUJA, MMeThb pa3jIMyHyl KoHUrypaluio, pasmep U
uBet. B nesiom, nepuduToH npencrasisieT coboii cood-
IIeCTBO MHUKPOCKONMYECKUX OpraHW3MOB, KOJIOHU3U-
pYyIOIIMX MOABOAHBIE IOBEPXHOCTU B BOIOHOHN cpefe.
MukpoBoaopociu nepuduToHa NPUHUMAIOT y4acTuA
B IIpolieccax OMOJIOTMYeCKOro caMoouuleHus u dop-
MMpPOBaHHUA KayecTBa BoA. OcoOEHHO aKTyaJIbHO 3TO B
npubpexHoii 30He Mops (KoBTyH u CHurupesa, 2012).

OAHMM 13 MEeTOJI0B, UCNOJIb3yEeMBIX B HaCTOAIlee
BpeM [IJIA oIlpe/iesieHHs coCTaBa M KoJI4ecTBa MUKPO-
BOJIOPOCJIEH, ABJIAETCA METOJ] «CTEKOJ OOpacTaHUs»
(Eropxun u AHfpeeBa, 2026). MeTo[ ocylecTBsAeTCs
IyTeM MOrpyXeHusA CIelraJbHO N0J0OpaHHbIX CTeKOJI
B BOJIHYIO cpeAy IIpUOpexXHOI 30HH YepHOro Mops.

Wpentudukanua M MNOACYET YacTOTH BCTpe-
4aeMOCTU MUKPOBOAOpOCJel, MPUCYTCTBYIOIUX B
onpefieJIeHHbI!I MOMEHT BpeMeHHU B aKBaTOPHH, OCy-
HIeCTB/ICA IIpM  MHUKPOCKONMPOBaHMU  00paslioB
MUKpooOpactaHuil. JlaHHBIN MeTo[ TpebyeT Hauuue
BBICOKOKBAJIMUITMPOBAHHEIX CIEI[AAIMCTOB U 3aTPaThl
BpeMeHU i o0pabOTKU pe3yJIbTaTOB MUKPOCKOIIH-
poBaHMA. B cBA3M ¢ 3THUM AJ1A yCKOpeHHUs IIpoliecca,
B KayecTBe 3JieMeHTa COBepLIeHCTBOBAHUA MeTOJUKU
5KOJIOTUYECKOr0 MOHMTOPHMHIA akBaTOpuu YepHOro
MoOps, IpeAnoJiarajoch MCIO0JIb30BaTh TEXHOJIOIUU
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nckycctBeHHoro uHresuiekta (EropkuH m AHApeesa,
2026). Amnpobanus mpejajaraeMoro MeTojila ycCOBep-
IIeHCTBOBaHUA IIpeJicTaBjieHa B JaHHO! paborTe.

Llerp  SKCIepHMEHTaJIbHOIO  HCCJIeJOBaHUA
- OLIEHUTb BO3MOXHOCTb IIPUMEHEHHUsS TeXHOJIOIUN
HCKYCCTBEHHOI'0 MHTeJlJIeKTa [JIA COBepIIeHCTBOBaHUA
METOAVKU 3KOJIOTMYeCKOr0 MOHHUTOPHHIA aKBaTOPHU,
OCyIIeCcTBJIAEMOr0 MCII0Ib30BaHNEM MOAesId KOMIIbIO-
TepHoro 3peHus (YOLO).

3ajauu uccjieoBaHUA:

1. Ananus pe3yJbTaTOB IPpUMeHeHus MeToa 61ONH-
JUKalWuu U ollpefiejieHre callpoOHOCTH.

2. PazpaboTka ajaroputmMa npUMeHEHUs TeXHOJIOTHI
WCKYCCTBEHHOTO UHTeJJIeKTa - KOMIBIOTEPHOI'O
3peHusA AJ1A ollpefiesieHusA canpoOHOCTH.

2. MaTepuanbl U MEeTOAbI

BruomHOukanuss © ompefdeseHue canpobHO-
CTU MPOBOAWJINCH C HPUMEHEHNEM METO[a «CTEKOJI
obpacTaHus», YCTAaHOBJIEHHBIX B HCCIIEOyeMOH Ipu-
OpeXXHOU aKBaTOPUU.
BeLIM IpOBeIeHHI CIIeAYIoIe NeHCTBYS:
* Tpu cTexya (pasMmep 25 X 75 MM) 3aKpeIuiaiid B
PE3UHOBOI TPyOKe ¢ HpOpe3sMH Ha PaCCTOSHUU
50 MM ZpyT OT ApYyra;

* TIepBOe CTeKJIO Morpyxasnu Ha riyouny 100 mwm;

¢ TMOrpyXeHwne 1 BBIEMKY CTEKOJI M3 BOABI IIPOBO-
AUIN eXeMeCAYHO,

* oOpraHusMmsl IepuduUTOHA UCCJIEI0BAJId B CyCIEeH-
31K COCKOOOB;

e A usydyeHHA Mopdosorum nuaHoOAKTEpUN U
MUKPOBOZOpOCJIel nepuduTOHa B NIPUKHU3HEHHBIX
Ipenaparax HCHOJIb30BAJI CBETOBON MUKPOCKOI
Levenhuk 740T npu yBesnnuenuu x 400;

* ¢dororpadpupoBanne KyJbTyp NPOBOAWJIOCH IIpU
moMomy 1udpoBoOil HACAOKU C HCIIOJIb30BAHUEM
COOTBETCTBYIOIIlell KOMIIBIOTEPHON IPOTrpaMMBl
Levenhuk ToupView u nmanpHedmeii o6paboTKOM
n3o6paxenuii B mporpamme Adobe Photoshop CS3
Extended;

* TaKCOHOMUYECKYI0O MPUHAAJIEXHOCTh MUKPOBO-
JlopocJiell yCTaHaBJIMBAJIM IPU IOMOIU OIpe-
nenutesiet (T'yciakoB u Ap., 1992; Komarek and
Anagnostidis, 1998; 2005).

[Tociie ompenesieHNA BUAOBOIO COCTaBa MHUKPO-
BoJOpoOcCJIel GBI pacCUMTaH UHeKC canpobHocTH (S),
KOTOPHIN BBIUUCIIAJICA 1O GopMyJie:

S:Z-Nzu(sf—hf)

Zzl hi ’
rae:

N — uncyi0 BEIOPAHHBIX BUOB-UHINKATOPOB,;

h, — oTHOCUTE/IbHAA YMCIIEHHOCTS i-r0O BUja
(Tabsumna 1);

S, — HOVBHIYyaJIbHBIA UHAEKC CanpoOGHOCTH i-ro

BH/IA.
HHAeKkc canmpoOHOCTU — 3TO CpejHee 3HayeHUe

€3]
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Ta6suna 1. CooTHolIeHNe 3HaYeHNI OTHOCUTEJIBHOI'O OOMJINSA 1 YaCTOT BCTPeYaeMOCTH OPTraHN3MOB.

BcTpeyaeMocTh KonnyecTBo 3K3eMILIAPOB OMHOTO BUAQ, | h,, 6anibl
% OT 00IIero KoJu4ecTsa

OueHb peaKo
Penxo
Hepeaxo
Yacto
OueHb 4acTo

MaccoBo

<1
2-3
4-10
10-20
20-40
40-100

O N U W N -

canpoOHOCTA BCeX HAHIEHHBIX BUJIOB, C y4eTOM UX
oouus.

Pacuér KoJsim4ecTBa SK3eMIUIIPOB OTIEJIBHOrO
MpeJcTaBUTesIA Mepu(PUTOHHOIO COOOI[eCTBA MHKPO-
BOJIOpOCJIell B OIpedesIéHHBI nepuon (MmecsAn) OT
o0I11ero KoJindecTBa IpoU3BOAUIICA IO popmyJie:

B="100, )
A
rae:
B — npoueHT BcTpeyaemocTH, %;
N - xonmvecTBO npejicTaBUTesIel JaHHOTO TaK-
COHa BO BCeX HCCJIeJOBAHHBIX [10JIAX 3peHNUs;
A — unCJI0 McciIeJOBaHHBIX M0JIel 3peHusl.

Mupekc canpo6HOCTU yKa3bIBAJICA C TOYHOCTHIO
no 0,01. TTo 3HaueHMIO0 MHAEKCA CAallpOOHOCTHU oIpene-
JA7ach CTeneHb 3arpsasHeHuda Bogoema: 0,5—1,5 -0 —
osmrocanpo6Has 30Ha (uucras Boma), 1,51 —-2,5 -3 -
Me3ocarnpobHas 30Ha (YMepPeHHO 3arps3HeHHas BOJA),
2,51 —3,5 — a — me3ocanpobHas 30Ha (rps3Has BOJa),
3,51 —4,50 — p — nosucanpobHas 30Ha (CUIbHO 3arpsas-
HeHHas BoAa) (Ctynuna, 1977).

PaccmoTtpenHas MeToAuKa olipeiejieHus canpoo-
HOCTH U COOTBETCTBEHHO OILleHKa KayecTBa BOJHOI'O
o0BbeKTa ocyllecTBJiAsIach B pe3yJjbTare JJIUTEJIbHOTO
BpeMeHHoOro mnepuoja. /[yig yckopeHus Ipoliecca C
I[eJIbI0 COBEpIIeHCTBOBAaHUA METOAUKU IIPOBe/leHNs
SKOJIOTMYeCKOr0 MOHHUTOpPHUHIA Ha OCHOBe MJaHHBIX
MpUMEeHEHUs MeToa «CTEKOJI obpacTaHus» OBLIIO MPo-
BeleHO JajibHelllllee SKCIlepUMeHTaJIbHOe NCCiielo-
BaHUe C NpHUMeHeHHeM TeXHOJIOTUM MCKyCCTBEHHOI'O
WHTeJIJIeKTa.

CoBpeMeHHble MeTOABl MCKYyCCTBEHHOI'0 WHTeJI-
JleKTa NO03BOJIAI0T aBTOMATHM3UpOBaTh aHaJIu3 U30-
OpaxeHuii, 4T0 OCOOEHHO AKTyaJIbHO Mpu paboTe C
00JIbIINM OOBEMOM MUKPOCKONMUYECKHUX MOAaHHBIX. B
MHMKDPOCKOIIMYECKUX HKCCJIe[JOBaHUAX IJTO MAaéT BO3-
MOXHOCTb 3HQUUTEJIbHO YCKOPUTH 00paboTKy HHPOP-
Maluy U CHU3UTH BJIMSAHUE CyOBEeKTUBHOro (paxropa,
XapaKTepHOro AjiA TPaJAUIMOHHOIO BHU3yaJIbHOTO aHa-
nu3sa (Pawlowski et al., 2022).

B 3ajayax KOMIBIOTEPHOIO 3pEHUs BBIJEJISAIOT
TPY OCHOBHBIX HallpaBjleHUs: KjlaccuuKaluio, JeTek-
OUI0 W CerMeHTanui u3obpaxeHuil. CerMeHTarys
ABJIsleTcs OoJiee [AeTaJM3UPOBAHHBIM IOAXOAOM U
BKJIIOYAeT BblJieJIeHHe TOYHBIX I'paHul] oObeKTa, 4TO
JaeT BO3MOXHOCTh 0oJiee TOJHO omnucatbh (GopMy
MUKpOBOAOpOcyel U ux Mopdosiornyeckye Ipu3HaKu.

B paboTe B KauecTBe MHCTPYMEHTa UCIOJIb30Ba-
Jjace Mogesb ceMerictBa YOLOv11, xoTopas MUPOKO
npuMeHsiercsa i1 oOpaboTku mzobpaxenuit (Spahn
et al., 2022; BacwibeB u Jp., 2025). B coBpeMeHHbIX

Bepcusax, Takux kKak YOLOvll-seg, peann3oBaHa BO3-
MOXHOCTb pelleHHusA 3ajad AeTeKIUH U CerMeHTaluun
B paMKax eQWHON apXUTeKTyphl. Mojeab NpeaocTaB-
JiieT MHQoOpMaluo O kjacce o0beKTa, BepOATHOCTU
pacno3HaBaHusA U ero NoJIOXKEeHNH Ha n300paxeHuu, a
IIPY CerMeHTalluy JOIOJHUTEJbHO (GOpMHPYeT MacKy
oOBbeKTa.
ANTOpuTM  COBEpPIIEHCTBOBAaHUA  METOAUKU
BKJIIOYAJI CJIEAYIOIIKE STaIbL:
1. CoctaBiyieHue 6a3bl JaHHBIX U (OTOrajepen Takco-
HOB MHKPOBOJOPOCJIEH.

2. OmpepesieHre BCTPEYaeMOCTU Pa3JIMYHBIX TaKCO-
HOB MUKPOBOJOpPOCJIeNl MO pe3yjbTaraM paboThl
9KCIepTa - MUKpoOuoJIora.

3. BBIGOp TaKCOHOB MUKPOBOJOPOCJIE AJIs IPOBeJE-
HUSA UCCTIeI0OBaHUA.

4. CozgaHue obyuarlleli, BaIUJallMOHHON U TeCTO-
BOU BBIOOPKU I MOJIeTUPOBaHUS.

5. OOyueHue, Baauganusa U TeCTUPOBaHUE MOJEJIU
HePOHHOI1 ceTy Ha OCHOBe apxuTeKkTyphsl YOLO.

6. AmpoGarua Mofeau OJjIs OLleHKU 3KOJIOTMYeCKOTo
COCTOSTHUS KCCJIeTyeMOTro BOOHOTO 0ObeKTa.

3. Pe3yAabTarthl
3.1. CoctaBneHue 6a3bl AAHHBIX M
doToranepem TaKkCOHOB MHKPOBOAOPOCAEH

N3ydeHue mnepu(pUTOHHBIX COOOIECTB Ha
«CTEKJIax obpacTaHus» B NPUOPEXHBIX aKBaTOPUAX
CeBacTOI10J151 IPOBOAUJIOCH B TeUeHUe BOChMU JieT. [Ipu
HccyIeJOBAaHUH PUOPEXKHON aKBATOPUY C aHTPOIIOTeH-
HBIM 3arpsA3HeHueM OBLIO BBIABJIEHO OT 29 no 37 cucre-
MaTHUYeCKUX eOUHUI] MUKpoBoAopocieii (AHIpeeBa,
2015).

OCHOBHBIMU  TPEJICTABUTEAMU NepuduToHa
B pa3Hble TOABl SBJISUINCH AUATOMOBBIE BOJOPOC/IH
ponoB Navicula Bory, Nizschia Hassall, Pinnularia
Ehrenberg, Cylindrotheca Gottlob Ludwig Rabenhorst,
Amphora Ehrenberg ex Kiitzing. B oTaeJibHBIE TEPHOIBI
akTUBHO pasBuBamch Achnanthes de Saint-Vincent,
Bacillaria J.F. Gmelin, Licmophora Carl Adolph Agardh,
Striatella C. Agardh, Thalassionema A. Grunow ex C.
Mereschkowsky v HexoTOphle pyrue, a Takxe Mpes-
CTaBUTEJIN OCHULIATOPUEBBIX LIUAHOOAKTEpUil, B TOM
yucsie, MpUHaAJIexXamnux K ponay Spirulina (Arthrospira
Sitzenberger ex Gomont). HeckoJyibko pexe BCTpe-
qamuch 3enéuble (Chlorophyta) u guHOdUTOBBHIE
(Dinophyta) Bogopocu.
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Ha (Puc. 1) moka3zaHbl HeKOTOpHe NpeACTaBU-
Tesu NepupUTOHHBIX cO00IIecTB IPUOPeXHOI aKBaTo-
puu CeBacTomoJA.

3.2. OnpepenenMe BCTpeYaeMoCTH
Pa3AHYHbIX TAKCOHOB MHKPOBOAOPOCAEH
no pe3yAbTratam pabortbl akcnepra -
MHUKpoOuonora

CpemHue fOaHHBIE O BCTpPEYaeMOCTH pPa3HbIX
npeactaBuTenell nepudurona 3a 2018 rr. mpencras-
nensl Ha (Puc. 2). danuble 3a 2018 ropg A aHaausa
OBLJIU BHIOpAHBL B CBA3U C TE€M, YTO [IJI1 JAHHOTO Mepu-
ofja UMeeTcs OJHBIN Habop AaHHBIX Oe3 MPOIYyCKOB 10
MecsIaM.

3.3. Bbi60Op TAaKCOHOB MMKPOBOAOPOCAEH
AAAl NPOBEAEHUA UCCAEAOBAHUA

C 1eJibio omnpejesieHUsA UHAEKCA canpobHOCTU U
OIIEHKM KayecTBa HCCJIeJyeEMOTO BOJOEMAa Ha OCHOBE
aHaJjiM3a JINTEPATYPHBIX HCTOYHWKOB OBLIH Ompeje-
JIEHBI IJ1A TpefcTaBjeHHbx Ha (Puc. 1 1 2) MUKPOBO-
Jopocjiell MHOUBUIYyaJIbHbie WHAEKCHI CarnpoOHOCTU
(Tabsmuma 2) (bapunosa, 1996; CtynuHa, 1977).

3.4. Co3panue obyualowen,
BaAMAALMOHHOMN U TECTOBOM BbIOOPKM AAA
MOAEAMPOBaHUA

MukpodoTtorpadut  BHIOpPAHHBIX  TaKCOHOB
MHUKPOBOJOPOCJIEN TOJBEPrajiCh CIIeMaIbHON IO/
rOTOBKe AJIA WCIOJIb30BaHUA B MOZEINPOBAHUU Ha
OCHOBE TEeXHOJIOTMM HCKYCCTBEHHOTO HHTeJIJIeKTa
(KOMIIBIOTEPHOT'O 3PEHUsI).

[lepBeiM 3TamoM OBLIO NpUCBOeHHEe H300paxe-
HUAM YHUKAJIbHBIX UMeH, COOTBETCTBYIOIINX Ha3BaHUIO
TaKCOHA, [JIA KCKJII0YeHHsA BO3MOXHBIX OHIMOOK IIpu
nasnpHelmeln obpaboTtke. B kavecTBe mabsioHa Hau-
MeHOBaHUA ucrosb3oBaica dopmar «HasBanue Tak-
coHa_l.jpeg», Tle YacTh O CUMBOJIA MOAYEPKUBAHUA
COOTBETCTBYyeT Ha3BaHUIO poAa MHKPOBOAOpOCTIEi, a
YKCJIOBOM MHJEKC Iocjie Hero NOpsAAKOBOMY HOMeEpY
n300paxeHus.

Jlasiee BBIIIOJIHEHO pa3jesieHre MaccuBa n3obpa-
XKeHUH Ha MOABBIOOPKU, KOTOPbIe OBLIN UCIOJIb30BaHbI
B Ipoliecce oOyueHUsA MoAesu. B cooTBeTcTBUU € Tpe-
6oBaHuAMM MopAeau ceMerictBa YOLO nmaHHble OBLIN
pacmpenesieHsl Ha TpU 4YacTu: oOyuaromas BbBIOOpKa
(train) — 70% u3obpaxeHui, BaIuaal[MOHHAs BEIOOpPKa
(validation) — 15% u TecToBas BeIGOpKa (test) — 15%.

Puc.1. IlpencraBurenu nepupUTOHHBIX coo0lIecTB IpubpexHoi akBaTopun CeBacTOMOJIA.

1, 2, 3 - Oscillatoriales Schaffner; 4 — Navicula; 5,6 — Pinnularia; 7 — Cymbella C.Agardh; 8 —- Amphora; 9 — Cocconeis Ehrenberg;
10 — Entomoneis Ehrenberg; 11 — Cylindrotheca; 12 — Pleurosigma W. Smith; 13 — Nitzschia; 14, 15 - Bacillaria; 16 — Thalassionema;
17 — Coscinodiscus Ehrenberg; 18 — Skeletonema R. K. Greville; 19 — Melosira C.A. Agardh; 20 — Achnanthes; 21 — Licmophora; 22 —
Rhizosolenia Brightwell; 23, 24 — Dinoflagellata Biitschli; 25 — JlenTo06pa3Hsle.
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TakcoH

NMomecsayHas auHamuka Ton-10 TakcoHoB (2018, py4HoO NoACUET)

Cylindrotheca 6.7 2.7 5.9 27.9
Navicula  14.5 171 9.3 27.2
Pinnularia  16.4 18.9 10.2 16.3
Nitzschia ~ 11.5 7.2 13.6 14.3
Amphora 7.9 14.4 7.6 21.8
Licmophora ~ 22.4 35.1 35.6 12.2
Talassionema 6.1 10.8 14.4 0.7
Striatella  13.3 35.1 28.8 6.8
Achnanthes 18.0 5.9 2.7
Bacillaria 3.6 8.1 11.9 4.8
& 3 <
e

13.5

23.5

22.4

5.3

4.1

2.9

1.2

4.1

71 28.9 38.7
26.8 471 62.1
10.7 9.3 12.3
25.6 23.0 29.6
14.3 24.0 35.4

9.5 14.7 2.5
27.0 17.3
1.8 5.4 0.0

5.4 1.5 21

L 4 {3

T c -

2 S =

= = <
Mecsiy
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30.3
15.5
26.6 17.0
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10.3 4.4
6.6 3.0
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& ¢
;
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25.5
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35.3

223
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0.5

Mekabpb
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Puc.2. BcTpeyaeMOoCTh OCHOBHBIX JIECATH TUIIOB MUKDOBOJOpOCJIEN B oOpaslax nepuduToHa IPU €XEMECIYHOM OTOOpe
npo6 u py4yHoM noAacuete B 2018 rogy.

Ta6suna 2. TakCcoHBI ¢ UX 30HAMU CaHp06HOCTI/I u Cal'IpO6HbIMI/I WHOEKCaMU.

No ni/m TakcoH 3oHa canpobHOCTH Hupgekc (s) MuH. (S) Makc. (s)
1 Achnanthes o—a 1,50 0,10 2,70
2 Amphipleura Kiitzing o—f 1,10 0,50 1,80
3 Amphora o—f 0,80 0,10 1,65
4 Bacillaria B 2,80 2,80 2,80
5 Cocconeis o—f 0,90 0,50 1,75
6 Coscinodiscus B 2,15 1,80 2,50
7 Oscillatoriales a 3,00 2,50 3,50
8 Cylindrotheca B 2,15 1,80 2,50
9 Cymbella B 1,71 1,71 1,71

10 Desmogonium C. G. Ehrenberg o—f 1,15 0,50 1,80
11 Dinophyta B 2,05 1,80 2,30
12 Diploneis B 2,15 1,80 2,50
13 Entomoneis B—a 2,50 2,00 3,00
14 Licmophora B 2,05 1,80 2,30
15 Melosira o) 1,00 0,50 1,50
16 Navicula B—a 2,45 2,00 2,90
17 Nizschia B—a 2,85 2,70 3,00
18 Pinnularia o—f 1,40 0,20 2,20
19 Pleurosigma B 2,20 1,80 2,50
20 Rhizosolenia (o) 1,20 1,20 1,20
21 Skeletonema B 2,25 1,80 2,50
22 Spirulina o—B 1,50 1,00 2,00
23 Striatella B 2,15 1,80 2,50
24 Tabellaria Ehrenberg ex F.T.Kiitzing o—B 0,75 0,10 1,40
25 Talassionema B 2,15 1,80 2,50
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PasfeneHue OCyIIeCTBJISJIOCh OTHEJIBHO MJIA
KaXxIoro poAa MUKpOBoAoOpociiell ¢ cobiofgeHueM
YKa3aHHOI'O COOTHOIIEHHs, YTO ITO3BOJINJIO COXPAHUTh
6ajlaHC KJ1acCcOoB Ha BceX aTamax oOydueHUs U obecrie-
YUTh KOPPEKTHYIO OLIEHKY KauecTBa Mojesu. B pe3ysb-
TaTe B oOydyaiomyio BbIOOpPKY ObIO BKIIOUeHO 3907
uzobpaxeHull, B BaJUAAlMOHHYI0 — 841, B TECTOBYIO
- 860.

Ha cienyiomem stamne pasmMeTka HM300pakeHUH
BHIIIOJIHAJIACH C HCIOJIb30BaHMeM mporpamMmel CVAT
(Computer Vision Annotation Tool) (Holicheva et al.,
2025). B nporpamme ObLJT CO3/1aH MPOEKT, B KOTOPOM
obpuTH 3amaHbl kiaaccel (labels), cooTBeTcTByMOIME 25
TaKCOHAM MUKpOBoJOpocyell. BHyTpu npoekra ObUIO
cbopMHPOBAaHO 3a/laHKe, COOTBETCTBYIOIIee MOJIBHI-
60pKaM, B KOTOpBIe OBUIM 3arpykeHbl paHee IIOATOTOB-
neHHble nzobpaxenus (Puc. 1).

Jaree ObUla IpoBelleHAa pa3MeTKa H300paxe-
HU U1 peasn3aluy 3aayul cerMeHTanuu. Pasmerka
BHIIIOJIHAJIACH C MCIIOJIb30BAHUEM IIOJIMIOHAJIBHOTO
uHcTpyMeHTa nporpamMsel CVAT. (Puc. 3).

[Tocne 3aBepiieHNsA pa3sMeTKU JaHHBIE KCIIOP-
tupoBaiuchk nu3 CVAT. Kaxnoe 3agaHue cOXpaHsIoCh
B BUJle OT/IeJIbHOTO apxuBa. Jyig obyueHus Mozesei
YOLO wucnons3oBajics ¢opmar, BKJIOYAIOMUNA U30-
OpaXkeHUs 1 COOTBETCTBYIOIINE UM TEKCTOBBIE (aiiibl
pasMeTKU.

KaxgomMy wu3o0paXxeHUI0 COOTBETCTBYeT Gari
dopmara.txt, cogepxamuil nHGOpPMANMI0 O KJjaccax
00BEKTOB U KOOPJUHATAX UX PAaCIOJIOXKEeHUs OTHOCHU-
TeJILHO pa3MepoB H3o6paxeHus. [Ipu sToM HauMeHO-
BaHMe TeKCTOBOro (aiiysia JOJDKHO IOJIHOCTBIO COBIA-
J1aTh ¢ UMeHeM COOTBETCTBYIOIIEr0 M300paXxeHUs, YTO
ABJIAETCA HEOOXOOUMBIM YCJIOBUEM KOPPEKTHOro o0y-
YeHUsA MOJEJIH.

B pesysibTare MOATOTOBKU NaHHBIX ObLIa cdop-
MMPOBaHa CTPYKTYypa KaTasoros, BKJIIOYAIOIIAA MaNKU
«images» u «labels», kaxaas 13 KOTOPHIX COEPKUT MOA-
manku «train», «validation» u «test». Ilamka «images»
COIEPXXUT WCXOJHBIE M300paxeHus, a mamka «labels»
— daiyibl pa3meTKku. PacnpesiesieHre KOJIMYeCTBa BCeX
00BEKTOB B IAMKaX COIJIACHO KjlaccaM TaKCOHOB IIpeji-
ctaBJiieHo Ha (Puc. 4).

CVAT  Projects Tasks Jobs

Cloud Storages Requests Models

JlaHHasA CcTpyKTypa HCIIOJIb3yeTcsd B KadecTBe
BXOJIHBIX AAHHBIX AJi1A 00y4eHHsA BHIOpaHHOI MoAeIn
YOLO11x-seg. HcnosbpdyeMas MoJesib OTHOCUTCA K
6oJiee CJIOXKHBIM M TOYHBIM BepcuaM ceMerictBa YOLO
1 XapakTepusyeTcs yBeJIMYeHHBIM YHMCJIOM Ilapame-
TPOB, YTO AOJIXHO oleclieynBaTh 60Jiee BEICOKOE Kade-
CTBO paclio3HaBaHUA 0ObEKTOB.

3.5. O6yuenue, BaAMpaUMA U
TecTHpOBaHHe MOAEAH HEMPOHHOM CeTH Ha
OCHOBe apxuTtekTtypbl YOLO

[porecc oOyvyeHUs, BaJMOalM U TECTHUPOBA-
HUA B «KOMITBIOTEPHOM 3pEHHU», MPEJICTABJIAET COOO
CTPOr0O PperJlaMEeHTUPOBAHHYI0 TMOCJIEAOBATEIbHOCTh
neiicTBuil. Ha mepBoM 3Tame MOMesb BUIOUT TOJIBKO
0o0y4Jarmylo BEIOOPKY, M €€ 3aJaya — MHUHUMHU3UPO-
BaTh QYHKIUIO OTEPh, KOPPEKTUPYS BECa CBEPTOYHBIX
CJIOEB C TIOMOIIBIO AJITOPUTMA 0OPATHOrO PaclIpoCcTpa-
HeHUA omubku. Mojesp mocjie[oBaTeIbHO 00pabaThl-
BaeT HeOOJIbIIMEe MOPIMU U300paxKeHui, BBIYMCJISAET
rpagueHTsl M OOHOBJsAeT mapaMmeTphl. OOyuyeHue -—
3TO UTEPATUBHBIN MPOIECC COMOCTABJIEHUS NAHHBIX U
MeTpUK Ha ompejesjieHHON BbIOOpKe, KOTOPBIM OTpa-
’KaeT CIoCcOOHOCTh MOJENM 3alOMMHATh 3TH COOTHO-
[IeHWsA, MPUCYTCTBYIOIIME B TPEHUPOBOYHOM Habope
MaHHbeX. [locjie KaXOON 3MOXW WM 4Yepe3 ompefe-
JIEHHOE KOJIMYECTBO UTepaluil o0yyeHHAas Ha JaHHBINA
MOMEHT MOJEJh MPOTOHAETCA Yepe3 BaJIUAlMOHHBIN
HabOp JaHHBIX, KOTOPHIM HE Y9aCTBOBAJI B 0OHOBJIEHUU
BecoB. Ha 3TOM 3Tame BBIYMCJIAIOTCA T€ X€ METPUKH,
HO UX AVHAMMKa CJIYXUAT UHAUKATOPOM oOoObIaromei
CIIOCOOHOCTY MOJIEJIN.

IMocyie Toro kak obyveHHe 3aBepuieHO (TO ecTh
BAJIMJALMIOHHBIE METPUKH MJOCTUTJIA TPUEMJIEMOTO
VPOBHS) HACTymaeT 3Tall TECTUPOBaHUA. TecToBas
BBIOOPKA 0 3TOT'0 MOMEHTA XpaHUTCA B u3osAnun. OHa
He UCIOJIb3YEeTCA HU IS Toabopa THIeprnapaMeTpoB,
HM JUUIA paHHEN OCTAHOBKU oOydueHus Mmomenu. Korga
BCE HACTPOMKU 3aKOHYEHBI, MO/JIeJIb TIPOTOHAETC Yepe3
TECTOBBIF HA0Op MaHHBIX OJUH Pas3, MPU 3TOM BBIYHC-
JISIOTCSI UTOTOBBIE METPUKU. DTU 3HAYEHUS CYUTAIOTCA
0OBEKTUBHOI OIIeHKOI KauecTBa MOJEJNU B yCJIOBUSAX,
MpUOJIMKEHHBIX K PEAJIbHOM SKCILTyaTal[UM.
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Puc.3. IIpumep pasMeTku MUKPOBOJiopociell B mporpammMe CVAT.
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PacnpeneneHne 06BbEeKTOB Mo KJlaccam

500 A

400 -

KonnyecTso 06beKTOB

100 A

Achnanthes
Amphipleura
Amphora -
Bacillaria 4
Cocconeis
Coscinodiscus
Oscillatoriales
Cylindrotheca
Cymbella
Desmogonium
Dinophyta

Diploneis 4

Entomoneis -

Tabellaria

Licmophora
Melosira
Navicula
Nizschia
Pinnularia
Rhizosolenia 4
Spirulina 4
Striatella
Talassionema -

Skeletonema <:|

Pleurosigma

Knacc (TakcoH)

Puc.4. PacnpeneneHI/Ie KoJIn4yecTBa 0OBbEKTOB COTJIACHO KJlaccaM TaKCOHOB.

B pamkax ucciegoBaHus ObLIO NPOBeeHO 00Y-
yeHHe MoOAesd CerMeHTalliM MHMKpPOBOAOPOCJEH,
MI03BOJIAIONIEN BBIAEJIATh OOBEKTHl Ha ypPOBHe IHKCe-
Jieii. O6y4yeHure BHINOJIHAIOCH C UCIOJIb30BaHUEM apXu-
TekTypsl YOLO11x-seg B pexumMe cerMeHTalUu C napa-
MeTpaMu: pa3Mep BXOAHOro usobpaxeHusa 640 x 640
MUKcesel, KOJIM4ecTBO 310X - 140, npu cTaHAAapTHBIX
HacTPOYKax ONTUMHU3ALMK 1 ayrMeHTalluy JaHHBIX.

B nponecce o6yueHusa ¢GopMuUpYIOTCS MeTPUKHU
ABYX TUIIOB: 1) mo orpaHuduBammyM pamkam (Box)
(merekmusa) u 2) mo mackaMm (Mask) (cermenTarius).
PazniesieHue Ha (Box) u (Mask) no3BoJisgeT onpeAesuTsb,
rae UMEeHHO IIPOUCXOAUT cOOii - MoJiesib IJIOXO HaxXo-
JAUT O0OBEKTHI WM ILJIOXO OIpeAesiseT KOHTYPHl cerMeH-
TUPOBAHHBIX 3JIEMEHTOB.

B nporjecce o6ydyeHus aHaIU3upywTCa rpaduku
dyHKIMY noTepb Ha TPEHUPOBOYHOM U BaJIWJallIOH-
HOM Habope uzobpaxeHuii: Box Loss — omubka B Koop-
JAuHaTtax 6okca, Seg Loss — omubka B MUKCEJIAX MacKy,
Cls Loss — ommbka B omnpefeyieHnu Kyacca, DFL Loss
— omubka B perpeccum rpaHur] (yriel, kpas) (Puc. 5
u 6). ®yskiuu nortepdb (loss functions) — matemartu-
yeckye BBIpaKeHHs, KOJIMYEeCTBEHHO OlleHuBalolue,
HacKOJIBKO IIpefiCKa3aHus MOJeJM OTKJIOHAITCS OT
dakTryeckux 3HaUYEeHUI.

OneHka OmMOOK Ha TPEeHHPOBOYHOM M Baju-
JalMOHHOM Habope H300pakeHUI CIIyXXKUT IOKa3aTe-
JieM, II0 KOTOpOMY OIlpeJieJIsieTCA COCTOssHIe 00ydueHun:
MOJIeJIN.

OaHON U3 BaXHBIX METPUK, NpHMeHsAEeMBIX IJIA
OLIeHKU pe3yJIbTaTOB 00y4YeHus MOJAeIN «KOMIIbIO-
TEPHOTO 3peHusA» ABJIAETCA cpedHsAs TO4YHOCTh (Mean
Average Precision, mAP), kotopasa oTpaxaeT 3dpdek-
TUBHOCTb OOHapyXeHHsA 00beKTOB B Bufe uucjia or 0
no 1. OHa paccuuThiBaeTcA ABaXAbl: 1) OTAeJIbHO JJIA
orpaHuyuBapIMx pamMok (Box mAP) u 2) nisa nuk-
cesibHBIX Macok (Mask mAP) (Puc. 7). ODTo mo3BoJisgeT
MIOHATH, Tle MOJeJib CUJIbHee B OOHapyKeHUU 00bek-
TOB WJIA B TOYHOCTU BHIAEJIEHHWA UX KOHTYypoB. OGe

276

METPUKU CTPOATCS HAa OCHOBE KPUBHIX (TOYHOCTH U IOJI-
HoTHI) Precision-Recall q1s xaxgoro kiacca (Puc. 8).
B pesynbraTtax mozenu YOLO ncnosib3oBajivich
J1Ba OCHOBHBIX BapuaHTa:
mAP@0.5 (6ostee «MsArkuii» cranaapt). [lonaganue
3aCUMTHIBAETCs, ecJd I[lepecevueHre Ipe/cKas3a-
HuA ¢ uctuHo!l (IoU — MeTpuKa B KOMIIbIOTEPHOM
3peHuH, KoTopas U3MepsieT CTeleHb MepeKphITUA
MexXay I[peJicka3aHHOU o6JacTeio (Hampumep,
orpannymBawpmierl pamkou (bounding box) wu
MAacKOH cerMeHTali) U HCTHUHHOM 00J1acThio
(ground truth — sTasmoHHO¥M pa3MmeTKoii)) GoJIbIIe
50%. Xopomio MoOKa3blBaeT, yMeeT JIA MOJesb
BOOOIIe HAXOAUTh OOBEKTHI;

mAP@0.5:0.95 (6oJiee CTpOruil «30JIOTOM CTaH-
napt»). Yepenusaetr mAP no 10 noporam IoU ot 0.5
no 0.95. TpeOGyeT OT MoAesu HeaibHOI'O COBIa-
JeHUsA KOHTYPOB M CUMTaeTCs OCHOBHBIM IIOKa3a-
TejieM AJis CpaBHEHUA MoJeJiei.

Ha Pucynke 9 mnpencraBjeHbl U300pakeHUsA
metpuku F1 (unu Fl-mepa, Fl-score) sBismomierics
cpelHUM MapaMeTpoM MeXAy TOo4YHOocThio (Precision)
u noyiHoTo! (Recall). OTo cGaylaHCMPOBAHHBIN IMOKa-
3aTeJib, KOTODPHINI IIOKa3bIBaeT, HACKOJIbKO XOPOIIO
MoJeJib paboTaerT B 11eJIOM, YUYUTHIBAsA 00a TUIa omubok
(toxHBIE cpabaThIBaHMA U MPONYIeHHBIE OOBEKTEL).

Tak kak BaJJaliOHHAas BHIOOPKA He y4acTByeT
B 00yueHNH, HO OHA yYacTByeT B HacTpOIKe rumeprna-
pameTpoB (1o eé mMeTpuKaM OBLJIO IPUHATO pelleHue
OCTaHOBUTH OOyueHue (paHHAA OcCTaHOBKa) Ha 143
snoxe, OBUIO NPUHATO pelleHHe O BBIOOpe pasmepa
MOJleJI1 U O NMpUMeHeHuN ayrMeHTaluu) OblI cAesiaH
BBIBOJI, YTO MOJeJIb XOTh 1 KOCBEHHO, HO «BHeJa»
BaJIMJalOHHYyI0 BBIOOPKY. Hcxoas u3 aToro, Bcerga
HCIIOJIb3yeTCs TeCTOBask BHIOOPKA, KOTOPYIO MOJieJib He
«BUJieJia». Pe3ysibTaTel UTOTOBOM OlleHKN Ha TeCTOBOM
Habope (860 n3obpaxeHnuii, 1072 o6bekTa) npeacras-
JjeHbl B Tabauiie 3.
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Puc.5. I'paduk nsmeHeHns GyHKIUN IOTeph Ha TPEHUPOBOYHOM Habope M300paxxeHu .
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Puc.6. I'paduk n3meHeHus GyHKIUI IOTeph HA BaJIUJAIMIOHHOM Habope M300paxkeHu .

MeTpuku mAP 3a obyvyeHue
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Puc.7. I'paduk n3MeHeHUs cpeHUX (COOTBETCTBEHHO 25 KjlaccaM TaKCOHOB) 3HaueHUII MAP B 3aBUCHMMOCTU OT 3IIOXU
obyueHus.
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Puc.8. I'paduk KpuBbIX (TOYHOCTH U MOJHOTH) Precision-Recall cpeguux (cooTBeTCTBEHHO 25 Kjlaccam TaKCOHOB) B 3aBU-
CHMOCTH OT 3I0XU 006yueHus.
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F1-Confidence Curve
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Puc.9. 3nauenue F1, ycpenHeHHOe 1o BceM kiaccaM: 1 — i Box (mocturaer 0.70 mpu mopore yBepeHHOcTH (confidence)
paBHOM 0.342); 2 — a1 Mask (mocturaer 0.68 npu nopore yBepeHHoctu (confidence) pasuom 0.337).

3.6. Anpob6auua moaenm anA
OLLeHKM 3KONOTMUYECKOro COCTOAAHHUA
MCCAEAOBAHHOIO BOAHOIO obbekTa

[Tocnie TecTupoBaHusA Mojeay Obljla BBHIIOJHEHA
o6paboTka MaccruBa MUKPOCKOIMYECKUX U300pakeHuN!
JUIA OLleHKM KadecTBa BOJHOIOo oObekTa. B kauecTse
HWCXOJHBIX JaHHBIX MCI0JIb30BAJIMCh CHUMKH, IIOJIy4YeH-
Hble B xoJe HalOiofeHuil 3a nepuof c 2017 mo 2026
IT., OAHAKO JJIA JajbHelIero aHaansa ObLIN BEIOpaHbI
nanHble 3a 2018 rop, MOCKOJIBKY, Kak OTMedYasioch
paHee, UMEHHO [JiA Hero numeJsics MOJHBIA Habop aaH-
HBIX 0e3 MpOIyCcKoB N0 MecAnaMm. Takxe HaboOp OTJIH-
yasica goTtorpadusAMH ¢ HaJIWu4MeM MHOTOKOMIIOHEHT-
HBIX U CTPYKTYPHO CJIOKHBIX MUKPOBOJJOPOCJIel. BEIGop
TakXke 000CHOBaH HeOOXOAMMOCTBIO IPOBEPKU paboTo-
CrIocOOHOCTY MOAEJIM Ha TaKUX CJIOXKHBIX IIpHUMepax.

C meJsibl0 aBTOMAaTH3alUM Ipolecca MpakThye-
CKOTro NpUMeHeHHsA o0y4YeHHOH Mofesld cerMeHTaluun
ObLTI0 pa3paboTaHo BeG-NpUIIOXKeHHe Ha sA3bike Python.
[IpunoxeHne obecrnednBaeT 3arpy3Ky OOyUeHHOI
mopenu YOLO, BeIOJIHEHUE cerMeHTanuu, o6paboTkKy
pe3yJIbTaTOB 1 pacuyéT CTaTUCTUYECKUX IIoKa3aTeJel.

[IlpunoxeHne aBTOMAaTUYECKd PpacCUMATHIBAET
KOJMYecTBO 00paboTaHHBIX U300paXXeHUl, YUCI0
CHUMKOB C OOHapyXeHHBIMU OObeKkTaMu U 06e3 HUX,
oblijee KOJMYECTBO HalJeHHBIX OOBEKTOB, CpeaHee
4YliCJI0 OOBEKTOB Ha BCeX M300paxeHusaX, pacipepesie-
HUe IO pojaM, MHJeKC canpoOHOCTHU U BpeMsA oOpa-
60Tku. [[71A aBTOMaTHU3alUM PAacy€TOB B NPUJIOXKEHHE
OblsIa MpeABapUTesIbHO MHTerpruposaHa Tabmuna 2. B
npoifecce 06paboTku n306pakeHni Mojiesib cerMeHTa-
LY ollpejesisja IPUHAMJIEXKHOCTh OOBEKTOB K COOT-
BETCTBYIOIIMM TaKCOHaM U NMOJCYUTHIBAJIA KOJIMYECTBO
npeJcTaBUTesIed KaKAoro poja.

J7iA oOLleHKH KOPPeKTHOCTH paboThl MOAeIn
OBLIM NOJIy4eHBl N300paXkeHus C BblieJIeHHBIMU 00BbeK-
TamMu 1 ux mackamu (Puc. 10).

JJ1s olleHKU KavyecTBa IpefJjiaraeMoii MeTOAUKU
COBEepIIEeHCTBOBAHUS 3KOJIOTMYECKOT0 MOHUTOPUHTA C
HCIIOJIb30BaHUEM TEXHOJIOTMI MCKYCCTBEHHOTO MHTEJI-
JiekTa (KOMIIBIOTEPHOTO 3peHus1) ObLT BHIMIOJIHEH CPaB-
HUTEJbHBIN aHaJu3 pe3yJIbTaTOB aBTOMAaTHYECKOTO
pacrno3HaBaHUsA MHUKPOBOAOPOCJIEHN ¢ JaHHBIMU, TOJIY-
YeHHBIMM SKCIIEPTOM TPU PYYHON 0OpabOTKe Tex Ke
n3o00paxkeHUH. B kauecTBe 3TaJIOHHBIX JAHHBIX WCIIOJIb-
30BaJIUCh pe3yJIbTaThl MOACUYETA U ONpeesieHrs Poao-
BOI'O COCTaBa, BHIMOJTHEHHBIE CITEIIMAJIICTOM B IPO-
Iiecce MUKPOCKOIIMPOBAHUA.

CpaBHeHMEe MPOBOAUJIOCH HA OCHOBe O00IIero
KoJIMYecTBa OOHApyXeHHBIX OOBEKTOB IO KaXOAOMy
poay 3a 2018 rog. Pe3ysbTaThl 3KCIIEPTHOTO MOCUETA
OCHOBHBIX TaKCOHOB IpejcTaBjeHk Ha (Puc. 2), a JaH-
Hble aBTOMaTHU3UPOBAHHOrO aHasm3a Ha (Puc. 11).

JJ1a HaraAagHOCTU OBLJT IMOCTPOEH CPaBHUTEJIb-
HBIN rpaduK paclpeesieHus KOJnJecTBa MUKPOBOIO-
pocJieti o poaam (Puic. 12), Ha KOTOpOM NpeJicTaBJIeHBI
JIB€é 3aBUCHUMOCTH (pe3yJibTaThl 5KCIIEPTHON pPYYHOI
OIleHKU U aBTOMAaTU3WPOBAHHOTO IOJICUeTa), a TaKxXe
U3y4yeH BKJIa[l KaXJOTO TaKCOHa B OOIIMII campoOHBIN
WHJIeKC B 3aBMCUMOCTH OT criocob6a 06paboTku n3obpa-
xeHui1 (Puc. 13).

B pabore Takxe Obljla IpoaHaIM3UpOBaHA JUHA-
MUKa M3MEHEHUs canpoOHOro MHAEKCA B 3aBUCUMOCTU
OT Ce30Ha I'ojla U OlleHeH BKJIAJ BJIMAHMSA TaKCOHOB C
HaubOJIPIIIIM POCTOM KOJIMYECTBA B OMIpeNeSIeHUM C
IpuMeHeHNeM aBTOMaTHUuYecKoro mnojcuera (Puc. 14).

4. 06cyxpenue

B xone npoBesieHNUA aBTOMaTU3UPOBAHHOTO aHa-
JIM3a 1 MOoCJeayIolero cpaBHeHs ¢ SKCIIepPTHOM OIleH-
KO OBLIM BHIABJIEHBI PacxXoXXeHUsA, OOyCJIOBJIEHHBIE
pAnoM (pakTopoB, CBA3AHHBIX KaK C OCOOEHHOCTAMU
obOyuaromieii BBIOOPKU, TaK M CO CIenudUKOl caMux
00BbEKTOB HCCJIeIOBAHMS.

Ta6suia 3. O61re MeTpUKU IO BCeM KJlaccaM II0 pe3yJibTaTaM OLleHKH Ha TECTOBOI BBIOODKe.

Tun orpaHUYMBaKIIE paMKHU Precision Recall mAP@0.5 mAP@0.5:0.95
Box (geTexiys) 0,742 0,793 0,8125 0,6617
Mask (cermeHTamus) 0,739 0,773 0,7909 0,5336
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Puc.10. IIpumepsl BU3yaJIbHBIX pe3yJIbTaTOB pabOTH IPUJIOKEHUA.

MNomecsiuHas AvHamuka Ton-10 TakcoHos (2018, aBTomaTu4eckas obpaboTka)
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Oscillatoriales

Dinophyta
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Puc.11. BcTpeuyaeMOCTh OCHOBHBIX AeCATH THUIIOB MUKpPOBOAopociell B obpa3nax nepuduToHa IpU exeMecadyHoM oTOope
npo6 npu aBTOMaTH4YeckoM nojcuete B 2018 rony.

CpepgHerofioBble JONU BCEX TAKCOHOB

2018 (py4Hoit noac4éT) 2018 (aBTOomMaTM4eckas o6paboTka)
Tabellaria | Tabellaria _
Diploneis | Diploneis [
Skeletonema I Skeletonema -
Pleurosigma . Pleurosigma -
Amphipleura . Amphipteura [
Cymbella Cymbella -
Melosira Melosira -
Desmogonium Desmogonium [
Coscinodiscus Coscinodiscus _
Entomoneis Entomoneis I
Spirulina spirutina [J]
Cocconeis Cocconeis
Rhizosolenia Rhizosolenia -
Striatella Striatella

Oscillatoriales Oscillatoriales

Achnanthes Achnanthes

Talassionema Talassionema [

Licmophora Licmophora -
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Puc.12. CpaBHeHue CpeJHETOJOBHIX 0JIell BCEX TAKCOHOB B 3aBUCHMOCTH OT CIIoco6a 06paboTKH U300paxeHn .
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Bknap kaxaoro TakcoHa B o6wmii canpo6HbIA MHAEKC
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Bknap B o6wwmit canpoGHbIN MHAOEKC

Puc.13. Bkyiaj KaxI0ro TakCOHA B OOIIMIT CAallPOOHBIN MH/IEKC B 3aBUCUMOCTHU OT crioco6a o6paboTku n300pakeH.

OmHOI M3 KJTIOYEBBIX MPUYUH BO3HUKHOBEHWSA
omwubOK SABJIAETCA UCHOJIb3yeMasl MeTOANUKA Pa3MeTKU
naHHBIX. Pa3MmeTrka ObljIa BBIIOJTHEHA IO CTaHapTawm,
NPUMEHSIEMBIM [JI TUIOBBIX OOBEKTOB KOMIIBIOTEP-
HOT'0 3peHMNs, YTO 0Ka3aJI0Ch HEJOCTATOYHBIM JIJIsT MHO-
TOKOMIIOHEHTHBIX U CTPYKTYPHO CJIOKHBIX MUKPOBO/IO-
pocJieli. B pe3ysibTate ObLIN BBISIBJIEHBI TPU OCHOBHBIX
THUIAa OMMOOK, CBA3aHHBIX C JaHHBIM (PaKTOPOM.

Bo-niepBriX, Habsogaerca Mopdosoruyeckoe
CXOJICTBO OT/I€JIBHBIX POJOB MHUKPOBOIOPOCJIEN, YTO
3aTpy/IHAET UX KOPPEKTHOE PacCliO3HABAaHUE MO/IEJIhI0
U IpUBOAUT K ommbKam knaccupukanuu. [Ipnmepamu
MOTYT CJIIyXUTh poaa Amphipleura u Navicula, Amphora
u Diploneis, Bacillaria w Talassionema, Cylindrotheca
n Rhizosolenia, Melosira n Skeletonema, Striatella n
Tabellaria (Puc. 15).

Mopesns yTaeT 3TU pojia MeX Ty COOOM.

Bo-BTOpBEIX, QUKCHUPYIOTCA OMMOKKU CerMeHTa-
L[UH, TpOABJIAKIIMeEcA B 0ObeUHEHUU OJIM3KO pacro-
JIOXKEHHBIX OOBEKTOB B OJHY MacCKy WUJIN B N30BITOYHOM
paszaesieHNU OJHOTO OOBbEKTa Ha HECKOJIbKO. JlaHHas
ommOKa BO3HUKJIA M3-3a HE BIIOJIHE TOYHOU U COTJIaco-
BaHHOW pa3MeTKe JJAHHBIX, YTO BJIEYET HEKOPPEKTHOE
olpejeJieHre TpaHUI] OOBEKTOB.

B-TpeTbI/IX, BBIABJICHBI OTPaHUYE€HUA MOJEJIN ITPU
pacno3HaBaHUM CJIOXKHBIX (GOPM, XapaKTepHBIX MJif
pAda TaKCOHOB. HeCMOTpH Ha TO, YTO pa3MeTKa JaHHbIX
BBITIOJIHEHA KOPPEKTHO OJIA TUIIOBBIX 06"beICTOB, OBLIIO
YCTAaHOBJICHO, YTO MJIA IIOBBIMIEHWA TOYHOCTH pacCIo3-
HaBaHUA HEO6XO}Z[I/IMO YUYUThIBaTh OTAEJIbBHBIE CTPYK-
TypHBIE 3JIeMeHTHl (HalpuMep, YeXJIBl, reTepOLVCTH,
AKUHETHI, MIOBPEXIEHHbIE KJIETKU), a TaKXXe HCII0JIb30-
BaTh ClieuaJI31pPOBaHHbBIC ITOAXOAbI K pa3METKeE, OpU-
€HTHUPOBAaHHLBIE Ha 0Cc0OEHHOCTH MHUKDPOCKOITMYECKHX

BrninsiHue ncknro4YeHns TaKCOHOB C HAUBONbLLIUM pocTom gonu
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'paHuLa a-Me30canpo6GHOM 30HbI

Puc.14. luHamuka n3MeHeHUs canpoOHOro UHeKca B 3aBUCHMOCTU OT criocoba o6paboTky n306pakeHUH U pacCulTaHHbIe
C KOPPEKTHPOBKOH 32 BEIYETOM aHOMAJIBHO BBICOKHX 3HAYeHUH OTAeJIbHBIX TAKCOHOB.
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Puc.15. Ilpumepsl pogoB, CXOAHBIX 110 BHEIIHUM [TapaMeTpaM.

00BeKTOB. B manpHelimem, MeToAnKa pasMeTKu OyieT
nepecMOTpeHa € y4€TOM BbIAeJIeHNA JONOJIHUTEIbHBIX
Mop@doJiornyecKkux KjaaccoB U Oojiee AeTaJu3UpOBaH-
HOI'O OIIMCaHUA CTPYKTYPHl OOBEKTOB.

B-4eTBEpPTHIX, BaXHBIM (HaKTOPOM sABJIAETCA pac-
npejieJieHre JaHHBIX. B cuiy oTcyTcTBHA HeoOXoAu-
MBIX KayeCTBEHHBIX CHMMKOB [JIA pa3MeTKU JaraceTa
BeIOOpKa moJiyunsiack HepaBHoMepHoN (Puc. 4 - 4
poxa coaepxat 6osiee 400, emé 4 pona ~300 u B TO
ke Bpems 9 pomoB ~100 dortorpaduii). Beneacresue
3TOr0 MOJeJIb JIeMOHCTpUpyeT Oojiee BBICOKYIO TOUY-
HOCThb J[JIA 4YacTO BCTpevYalIMXCA POJOB U MeHee
YCTONYMBBIE pe3ysbTaThl AJiA PeAKUX TaKCOHOB. DTO
IIpYBEJIO K CMEIeHHUI0 UTOTOBhIX OLIEHOK W IOBJIUSAJIO
Ha KOpPPeKTHOCTb aHaju3a calpoOHOro HHAeKca U
COOTBETCTBEHHO OLIEHKH 3KOJIOTUYECKOIO COCTOSHUA
BoaHoro oowvekTa (Puc. 14). OgHako, CKOPpPeKTUPOBaB
pacueT 3HaueHW:A calpoOHOro MHAEeKca 3a CYeT BBIYM-
TaHUsA TaKCOHOB, IIOKa3aBIIMX AaHOMAaJIbHBIN POCT B
BUJy HecbaJlaHCHPOBAaHHOCTH oOOydalomieil BBIOOPKU,
BOJHBI 0OBEKT MOXHO OTHECTH K YCJIOBHO YHCTOMY B
TeyeHUe rofa.

B-nATHX, rpynna (akTopoB cBA3aHa C OCOOeH-
HOCTSAMM HCXOJHBIX M300paxeHull. B nepByi odepenb
— 3TO Hajimuue (POHOBHIX 3JIEMEHTOB (Iy3bIpbKHU, HEOP-
raHyyeckue BKJIIOYEHUsA), KOTOpble MOI'YT BOCIIPHUHHU-
MaThCA MOJEJIbI0 KaK 4acTH O0ObeKTOB paclio3HaBaHUA
(Puc. 16). 3To yka3piBaeT Ha HeoOXOAUMOCTH OoJiee
TIaTeJbHOU (QUIIbTpallMM AAHHBIX W, IPU HEOOXOAu-
MOCTH, BBeJIEHUA OTAEJIbHOro KJjacca «(poH» Ipu o0y-
yeHUU Mofesid. JJonoJHUTesIbHOe BJIMAHNE Ha pPaclos-
HaBaHHe 00BbEKTOB OKa3bIBalOT CKyYeHHOCTb OOBEKTOB,
KayecTBO M YETKOCTh WX IpaHUlLl, YPOBEHb LIYMOB U
KOHTpacTHOCTh uzobpaxeHuil (Puc. 16). [Ipu stom
cJlefyeT OTMeTHUTbh, YTO KaueCTBO UCXOJHBIX doTorpa-

¢duii, B nesioM, ABJIAETCA NpHUEMJIEMBIM U1 O0y4YeHus,
O/THaKO crerprKa MUKPOCKOIINYECKNX 0OBEKTOB Tpe-
OyeT OoJiee cTporux TpeboBaHUN K BU3yaJIbHBIM Xapak-
TeprCTHKaM JaHHBIX.

Taxkxe CyLIECTBEHHYIO POJIb UrpaeT BBIXOJ I'pa-
HUII TaKCOHA 3a mpefesisl GoTorpaduu U rnepekpuTre
00BEKTOB Ha M300paXXeHWsAX, YTO NPHUBOAUT K WUIHO-
pPUPOBAHHUI0 HEINOJHBIX OOBEKTOB IIPU OIpeleseHNH,
Tak Kak Mojiesib o0ydasach Ha IlesIbHBIX poTorpadusax
MHKPOBOAOPOCJIEN CO CIIOMIHON 3aMKHYTO! rpaHuIleil
(Puc. 16).

[MosyyeHHBle pe3yJIbTAaThl IOKAa3bIBAlOT, YTO
IpUMeHeHHe CTaHJAapTHBIX MeTONOoB 0e3 ajanTanuu K
IIpeAMeTHOU 06J1acTh Hen30exXHO NPUBOAUT K HCKaxe-
HUAM, OJHAKO OJHOBPEMEHHO IOATBEPXAAIOT IPUH-
[IUNHAJIBHYI0 NPUMEHNMOCTb BBIODAHHOTO MOJXOMA.
ODTO NO3BOJIAET paccMaTpuUBaTh BHIABJIEHHBIE OTrpaHU-
4yeHHUsA He KaK HeJJOCTAaTKU MOJeNH, a KaKk OpHUeHTHPEI
Ui e€ manbHeHIIero pasBUTHA, HalpaBJIEHHOTO Ha
nepexos oT (GopMaybHOrO pacrno3HaBaHusa K Oojee
coJlepKaTeIbHOMY aHaJIN3y CTPYKTYPbl M COCTOSHUSA
MMKPOBOIOPOCJIE.

5. BoiBOABI

PaspaboTtana u anpobupoBaHa MeTOJWKa aBTO-
MaTHU3UPOBAHHOI'O paclo3HaBaHUs MHKPOBOAOPOCIeN
JU1s1 OLIEHKU COCTOSHMA BOJHOM CpeJbl.

Hcnosnb3ys MeToAbl KOMIBIOTEPHOIO 3peHHUs
Obu1a oOydyeHa MOAesb CerMeHTalluy [JIA BblAeJIeHU:A
1 KiIaccudukauuy OObeKTOB Ha MHUKPOCKONWYeCKUX
n300paxeHusIX.

Co3zzaHo

Be6-IIpUJIOXKEHUE, obecneynBao-

mee TOJHBIN IUKJI 00pabOTKM MHKPOCKOIMHNYECKUX
n306paxxeHu.

Puc.16. OcoGeHHOCTH UCXOAHBIX JAHHHBIX: & — OpPraHuka; 6 — YeTKOCTh M YPOBEHD LIyMa; B — IEPEKPHITHE U BBIXOJ [PaHUIL

TaKCOHa 3a npenessl Gotorpadun.
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[penyaraeMass MeTOQUKa WCIIOJIB3yeT aBTOMa-
TUYECKUIT TO/ICYET OOBEKTOB, YTO [TO3BOJIAET IIOBBICUTD
00BEKTUBHOCTD M BOCIIPOU3BOANMOCTD Pe3yJIbTaTOB.

CpaBHeHUE Pe3yJIbTAaTOB MOJIEJIU C IKCIIePTHOH
OLIEHKOU I0Ka3aso YIOBJIETBOPUTEJIBHOE COBIA/IeHUe
B OIIpeJieJIeHUU CTPYKTYPH cOOOIIeCTB MUKPOBOIOPO-
cJiell, HeCMOTpsI Ha HaJIM4Ye OTAeIbHBIX KOJIMYeCTBeH-
HBIX PAaCXOXJeHUN.

[IpoBen€HHBINI aHaJU3 TO3BOJIMJI  BBHIABUTH
OCHOBHBIE OI'DaHNYeHUs pa3paboTaHHON MOMesH, CBs-
3aHHBIE CO crelU(PUKON MUKPOCKOINYECKUX OOBEKTOB,
0COOEHHOCTAMU pa3MeTKU U CTPYKTypou obyuaromieit
BHIOOPKU, IPU 3TOM YCTAHOBJIEHO, YTO JaHHBIE OIpPaHU-
YeHUA HOCAT YCTPaHUMBIN XapakTep.
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