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Abstract. In recent years, deep learning technology has been widely used
to solve the problem of recognizing the boundaries of structures on the
surface of a reservoir. This technology opens up significant opportunities for
the use of aerospace methods of geoecological forecasting. The purpose of
this work is to identify plankton populations on the surface of the Sea of
Azov, using remote sensing data, including space images of the Earth.
Machine learning algorithms for segmentation of these structures on the
surface of the reservoir, based on convolutional neural networks with the
following architectures, are built: U-Net, FCN32, SegNet, DelitedSegNet,
U-Net (transposed convolutional). A comparison of the used neural network
models based on the IoU (Intersection over Union) metric is carried out. The
highest accuracy was demonstrated by the algorithm created on the basis of
the U-Net neural network architecture. The results obtained can be used to
create maps of the distribution of plankton populations and assess water
quality.

1 Introduction

Phytoplankton biomass is a key element of water body ecosystems. Development of methods
that provide real-time information on the dynamics of phytoplankton populations will be
useful for water resources management and optimization of the ecological component [1-4].
This will allow making informed decisions based on up-to-date data on the state of
phytoplankton and water quality. Thanks to the timely information received, it is possible to
optimize the processes of water body monitoring, including resource management and
planning of environmental protection measures. In addition, this can also play an important
role in attracting investment and financing projects related to the conservation of water body
ecosystems. Earth remote sensing (ERS) technology offers effective ways of continuous
monitoring of phytoplankton biomass at various scales. ERS data sets allow obtaining spatio-
temporal correlation of images, which can be appropriately used to map the boundaries of
these structures on the water surface. Artificial intelligence technologies contribute to the
improvement and automation of procedures for interpreting and analyzing data obtained from
remote sensing using spacecraft [5-8]. Algorithms based on deep learning are capable of
processing huge amounts of data in a matter of minutes. One of the advantages of using

* Corresponding author: cvv9@mail.ru

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative
Commons Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/).


mailto:cvv9@mail.ru

BIO Web of Conferences 141, 03003 (2024) https://doi.org/10.1051/bioconf/202414103003
AGRICULTURAL SCIENCE 2024

algorithms based on deep learning to process remote sensing data is the high speed of
information processing, which significantly accelerates decision making. Russia has
accumulated significant experience in this area. Here I would like to note the work carried
out at the P.P. Shirshov Institute of Oceanology of the Russian Academy of Sciences, the St.
Petersburg State Marine Technical University, and the Southern Federal University [9—14].

Algorithms for analyzing and processing halftone images — spots of plankton populations
— are being developed at the Don State Technical University using remote sensing data to
determine the coordinates of their boundaries and intensities (concentrations) based on a
combination of local binary template (LBP) methods and neural systems [15-17].

Despite the existing groundwork, issues of processing remote sensing data, as applied to
studies related to the recognition of plankton populations in marine waters, require additional
developments. In the context of the problem under consideration, extracting information
about phytoplankton populations from remote sensing data is the main goal of image analysis
using computer vision methods. This work devoted to these studies.

2 Materials and Methods

In this study, a set of space images of the Roscosmos State Corporation (freely available
images, 2019-2021) for the surface of the Sea of Azov was used. In each image, areas of
plankton populations were manually marked. To obtain a more diverse dataset, we resort to
image augmentation. The augmentation operations performed include vertical and horizontal
flips, clockwise and counterclockwise rotations.

In the work, the following neural network architectures were used: FCN32 (Table 2), Se-
gNet (Table 3), DelitedSegNet, UNet (Table 4), UNet + transposed convolutional. The
VGG16 architecture (Table 1) was chosen as part of the classifier for FCN32. Each of the
architectures was adapted for images with a resolution of 224 x224x3.

Table 1. VGG16 architecture used as classifier in FCN32 with input image 224 X224 x3.

Layer name Layers and the Number of | Convolution Output image size
number of their feature kernel size
repetitions maps
Convl Conv + ReLU, 2 64 3x 3 224x224%X64
Pooll Maxpool - 2X2 112x112x64
Conv2 Conv + ReLU, 2 128 3x 3 112x112x128
Pool2 Maxpool - 2x2 56X56x128
Conv3 Conv + ReLU, 2 256 3x 3 56X56%256
Pool3 Maxpool - 2X2 28%28%256
Conv4 Conv + ReLU, 3 512 3x 3 28x28x512
Pool4 Maxpool - 2x2 14x14x512
Conv5 Conv + ReLU, 3 512 3x 3 14x14%x512
Pool5 Maxpool - 2X2 TXTX512
Table 2. architecture FCN32 with input image 224x224X3.
Layer name Layers and the Number of | Convolution Output image size
number of their feature kernel size
repetitions maps
Encoder VGG16 - - TXTx512
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Upsamplel Transposed Conv + 512 3x3 14%x14x512
ReLU
Upsample2 Transposed Conv + 256 3x3 28%28x%256
ReLU
Upsample3 Transposed Conv + 128 3x3 56X56x128
ReLU
Upsample4 Transposed Conv + 64 3x3 112x112x64
ReLU
Upsample5 Transposed Conv + 32 3x3 224%224%32
ReLU
Convl Conv 2 1x1 224x224x2
Table 3. architecture SegNet, with input image 224x224X3.
Layer name Layers and the Number of | Convolution Output image size
number of their feature kernel size
repetitions maps
Convl Conv + BatchNorm + 64 3x3 224%224%x64
ReLU, 2
Pooll Maxpool - 2x2 112x112%64
Conv2 Conv + BatchNorm + 128 3x3 112x112x128
ReLU, 2
Pool2 Maxpool - 2x2 56X56x128
Conv3 Conv + BatchNorm + 256 3x3 56x56x256
ReLU, 3
Pool3 Maxpool - 2%2 28%28%256
Conv4 Conv + BatchNorm + 512 3x3 28%x28x512
ReLU, 3
Pool4 Maxpool - 2X2 14x14x512
Bottleneck Conv + ReLU, 2 256 3x3 14x14%256
Upsamplel Upsample - 2X2 28%28%256
Conv5 Conv + BatchNorm + 128 3x3 28x28x128
ReLU, 3
Upsample2 Upsample - 2x2 56x56x128
Conv6 Conv + BatchNorm + 64 3x3 56X56x64
RelLU, 3
Upsample3 Upsample - 2X2 112x112x64
Conv7 Conv + BatchNorm + 32 3x3 112x112x32
RelLU, 2
Upsample4 Upsample - 2x2 224%224%32
Conv8 Conv + BatchNorm + 2 3x3 224%224%2
RelLU, 2
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Table 4. architecture UNet, with input image 224x224x3.

Layer name Layers and the Number of | Convolution | Output image size
number of their feature kernel size
repetitions maps
Convl Conv + BatchNorm + 32 3x3 224%224%32
RelLU, 2
Pooll Maxpool - 2x2 112x112%32
Conv2 Conv + BatchNorm + 64 3x3 112x112x64
RelLU, 2
Pool2 Maxpool - 2X2 56X56x64
Conv3 Conv + BatchNorm + 128 3x3 56x56x128
ReLU, 3
Pool3 Maxpool - 2x2 28x28x128
Conv4 Conv + BatchNorm + 256 3x3 28x28%x512
RelLU, 3
Pool4 Maxpool - 2x2 14x14x512
Bottleneck Conv +ReLU, 2 256 3x3 14Xx14x256
Upsamplel Upsample - 2%2 28%28%256
Concatenatel Concatenate - - 28x28%x512
Conv5 Conv + BatchNorm + 128 3x3 28%x28x128
RelLU, 3
Upsample2 Upsample - 2x2 56X56x128
Concatenate2 Concatenate - - 56X56%256
Conv6 Conv + BatchNorm + 64 3x3 56X56x64
ReLU, 3
Upsample3 Upsample - 2x2 112x112x64
Concatenate3 Concatenate - - 112x112x128
Conv7 Conv + BatchNorm + 32 3x3 112x112x32
RelU, 2
Upsample4 Upsample - 2x2 224%224%32
Concatenate4 Concatenate - - 224x224%x64
Conv8 Conv + BatchNorm + 2 3x3 224%224x2
RelU, 2
3 Results

Before training, the training and test data were split in a ratio of 9 to 1. The UNet model was
trained using the Adam optimizer with the following hyperparameters: learning rate — 0.001,
B1 = 0.9, ; = 0.99. The result of numerical experiments conducted for the training domains
is presented in Fig. 1.
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Fig. 1. Numerical experiments performed for training domains.

Further, satellite images of areas of the Sea of Azov from 2019 to 2021, which were freely
available on the Roscosmos geoportal, were used as initial data (Fig. 2).
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Fig. 2. Results of applying the UNet model to test images.

4 Discussion

To evaluate the metric of automated classifiers, the loU metric (intersection over union
metric) was used, which has become widely used in detection and segmentation problems:

IoU=|ANBJ/(JA|U|B]),

©)

where |ANB] is the area in pixels of overlap between the area proposed by the computer (A)
and the true image (B); |A|U|B| is the total number of pixels contained in both areas.

Table 5. Comparison of the results of the conducted research.

The neural network
model used for
recognition

Recognition
probability
determined by the
IoU metric on
training images

Recognition
probability
determined by
the ToU metric on
satellite images

UNet

83%

68%
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SegNet 79% 53%
UNet (conv 82% 64%
transposed)
DelitedSegNet 80% 57%
FCN32 75% 47%
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