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Abstract: Currently, the means of semantic segmentation of images, which are based on the use of neural networks, are 
increasingly being used in computer systems for various purposes. Despite significant progress in this industry, one of 
the most important unsolved problems is the task of adapting a neural network model to the conditions for selecting an 
object mask in an image. The features of such a task necessitate determining the type and parameters of convolutional 
neural networks underlying the encoder and decoder. As a result of the research, an appropriate method has been 
developed that allows adapting the neural network encoder and decoder to the following conditions of the segmentation 
problem: image size, number of color channels, acceptable minimum segmentation accuracy, acceptable maximum 
computational complexity of segmentation, the need to label segments, the need to select several segments, the need to 
select deformed , displaced and rotated objects, allowable maximum computational complexity of training a neural 
network model, allowable training time for a neural network model. The main stages of the method are related to the 
following procedures: determination of the list of image parameters to be registered; formation of training example 
parameters for the neural network model used for object selection; determination of the type of CNN encoder and 
decoder that are most effective under the conditions of the given task; formation of a representative educational sample; 
substantiation of the parameters that should be used to assess the accuracy of selection; calculation of the values of the 
design parameters of the CNN of the specified type for the encoder and decoder; assessment of the accuracy of selection 
and, if necessary, refinement of the architecture of the neural network model. The developed method was verified 
experimentally on examples of semantic segmentation of images containing objects such as a car. The obtained 
experimental results show that the application of the proposed method allows, avoiding complex long-term experiments,  
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to build a NN that, with a sufficiently short training period, ensures the achievement of image segmentation accuracy of 
about 0.8, which corresponds to the best systems of similar purpose. It is shown that it is advisable to correlate the ways 
of further research with the development of approaches to the use of special modules such as ResNet, Inception and 
mechanisms of the Partial convolution type used in modern types of deep neural networks to increase their 
computational efficiency in the encoder and decoder. 
 
Index Terms: Semantic Segmentation Method, Convolutional Neural Network, Encoder, Decoder, Neural Network 
Model Efficiency, Segmentation Accuracy. 
 
 

1.  Introduction 

In modern conditions, image recognition tools are widely distributed in computer systems for various purposes. 
Yes, similar tools are used for biometric authentication, determination of emotional state, environmental monitoring, 
detection of material defects, medical diagnostics. In most cases, the main result of recognition is the classification of 
objects contained in the image. For example, in biometric protection systems, the result of recognition can be the user's 
face, classified based on the image of the face, and in technical diagnostics systems, the determination of the technical 
condition of the device, classified based on the image of one or more parts. Regardless of the expected main result of 
recognition, one of the main stages of its implementation is the selection of one or more target objects in the input 
image. At the same time, in many cases, the selection of boundaries and areas of location of target objects is one of the 
main results of recognition. Note that, unlike the classification task, the task of selecting objects in an image involves 
assigning a label belonging to a certain class to each pixel of this image. In the literature [12, 17], the process of 
identifying boundaries and locations of target objects, which involves the use of artificial intelligence, is called semantic 
segmentation of images. Accordingly, it can be considered that the task of semantic segmentation is one of the varieties 
of the more general task of selecting target objects in images. The problem of semantic segmentation of images is 
complicated by the possible partial or complete overlap of target objects, the vagueness of their boundaries, the variety 
of sizes and placement. In addition, the variability of the recognition conditions increases due to a possible change in 
the source of image acquisition, which is used in most general-purpose computer systems using a video camera, which 
leads to a possible change in the main parameters of the raster image under test - size, resolution, and the number of 
color channels. Also, the negative impact on the recognition result can be caused by obstacles and the angle of the video 
registration. As a result of the described difficulties, means of semantic segmentation of images, based on classical 
methods such as "region expansion", "boundary analysis", "region fragmentation" are highly specialized and require 
significant modification even with minor changes in the application conditions. Thus, the solutions given in [2, 7] for 
tracking the image of a face in a video series are quite difficult to adapt for highlighting the contours of other objects, 
for example, for selecting the internal organs of a person based on the results of an ultrasound scan. The conclusion 
regarding the limitations of classical selection methods is confirmed by the results of the analysis of works [13, 19], 
which describe models for tracking images of objects using integrated filters of various types. At the same time, over 
the past few years, interest in neural network means of selection has grown, which is explained by the proven 
effectiveness of neural networks (NN) in solving such complex formalizable and multifactorial tasks. 

2.  Literature Review 

The use of NN to select objects in images is described in scientific and practical works [3, 5, 14, 17]. The 
conducted analysis made it possible to build a typical structural diagram of the functioning of the neural network system 
of semantic segmentation of raster images shown in Fig. 1.  

Also, the results of the literature analysis allow us to state that in the case of using neural network technologies, a 
neural network model (NM) is used, which consists of two blocks - an encoder and a decoder. The task of the encoder is 
to determine the multidimensional array of features of the initial image, and the task of the decoder is to obtain a 
processed image in which each of the pixels receives a marker of relation to one of the selected target objects or the 
background. That is, in such a NM, the image is first presented along the so-called narrowing path, which actually 
implements the selection of significant features of the image, and then along the expansion path, which ensures the 
labeling of image pixels. A typical schematic diagram of NM, intended for the selection of objects in the image, is 
shown in Fig. 2. Note that this figure illustrates the segmentation of a color ultrasound image of human lungs. At the 
entrance presented in Fig. 2 models provide an image in RGB format, and the output is a segmented image. In this case, 
the encoder and decoder are slightly modified convolutional neural networks (CNN). 
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Fig. 1. A typical structural diagram of the functioning of a neural network system for the semantic segmentation of bitmap images  

 

Fig. 2. A typical diagram of a neural network model designed to select objects in images. 

The modification consists in the fact that not full-size CNNs are used, but only CNN blocks, which are designed to 
determine significant features. That is, such CNNs include only convolution and scaling layers, and fully connected 
layers are removed. Another feature of the NM circuit shown in Fig. 2, the symmetry of the convolution and scaling 
layers of the encoder and decoder appears. In the general case, such symmetry may be absent. As evidenced by the data 
[16, 25], the accuracy and computational resource intensity of means of selection of different types of objects in images 
based on neural network approaches significantly exceeds other selection technologies. At the same time, due to the 
novelty of this approach and the rather rapid development of neural network technologies, a number of individual 
problems remain unsolved today, the solution of which will allow increasing the efficiency of selection. According to 
the conclusions [6, 22] and the analysis results [1, 4, 18], one of these tasks is the adaptation of the NM type and 
parameters to the conditions of object selection in the image. In turn, the solution to this problem should be preceded by 
the definition and formalization of the specified selection conditions, the development of an apparatus for assessing the 
accuracy and computational resource intensity of the model. In addition, the criteria for determining the effectiveness of 
NM need to be clarified. Thus, the goal of this study is to develop an effective method of semantic segmentation of 
images using neural networks, which provides sufficient accuracy under variable application conditions. By analogy 
with well-known solutions in the field of application of neural networks for processing biometric parameters [11, 24], 
the development of such a method involves building a model of semantic segmentation of images, a model of a neural 
network encoder, and a model of a neural network decoder.  

3.  A Model of Semantic Image Segmentation 

According to the results of [2, 10, 19], the model of semantic image segmentation based on NN can be written 
using an expression of the form: 

 
𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖

𝑃𝑃𝑃𝑃
�� 𝐼𝐼𝐼𝐼𝑝𝑝𝑝𝑝

𝑁𝑁𝑁𝑁
��𝐹𝐹𝐹𝐹

𝑁𝑁𝑁𝑁
�� 𝐼𝐼𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜 ,                                                                   (1) 

 
Where, 𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖  – initial raster image; 

𝑃𝑃𝑃𝑃
�� – image preprocessing operator; 𝐼𝐼𝐼𝐼𝑝𝑝𝑝𝑝  – pre-processed image; 

𝑁𝑁𝑁𝑁
�� – 

neural network image coding operator; 𝐹𝐹𝐹𝐹 is a tuple of feature matrices obtained as a result of the operation of neural 
network coding of the image; 

𝑁𝑁𝑁𝑁
��– neural network image decoding operator; 𝐼𝐼𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜– segmented image.  

In turn, 𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖, 𝐼𝐼𝐼𝐼𝑝𝑝𝑝𝑝  and 𝐼𝐼𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜 represent a matrix of the form: 
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𝐼𝐼𝐼𝐼𝑥𝑥 = ��

𝑝𝑝𝑝𝑝1,1(𝑥𝑥) …
… …

𝑝𝑝𝑝𝑝𝑛𝑛,1(𝑥𝑥) …
… …

𝑝𝑝𝑝𝑝𝑁𝑁,1(𝑥𝑥)
…

𝑝𝑝𝑝𝑝1,𝑚𝑚(𝑥𝑥) … 𝑝𝑝𝑝𝑝𝑛𝑛,𝑚𝑚(𝑥𝑥) … 𝑝𝑝𝑝𝑝𝑁𝑁,𝑚𝑚(𝑥𝑥)
… …

𝑝𝑝𝑝𝑝1,𝑀𝑀(𝑥𝑥) …
… …

𝑝𝑝𝑝𝑝𝑛𝑛,𝑀𝑀(𝑥𝑥) …
…

𝑝𝑝𝑝𝑝𝑁𝑁,𝑀𝑀(𝑥𝑥)

��,                                                    (2) 

 
Where, 𝑝𝑝𝑝𝑝𝑛𝑛,𝑚𝑚(𝑥𝑥) – pixel color description with coordinates (𝑛𝑛,𝑚𝑚); 𝑁𝑁 – horizontal image size; 𝑀𝑀 –  vertical image 

size; 𝑥𝑥 is the stage of image processing, 𝑥𝑥 ∈ {𝑖𝑖𝑖𝑖, 𝑝𝑝𝑝𝑝,𝑜𝑜𝑜𝑜𝑜𝑜}.  
The set of feature matrices is defined as follows: 
 

𝐹𝐹𝐹𝐹 = {𝑓𝑓𝑓𝑓1, … , 𝑓𝑓𝑓𝑓𝑘𝑘 , … , 𝑓𝑓𝑓𝑓𝐾𝐾},                                                                (3)  
 
Where, 𝑓𝑓𝑓𝑓𝑘𝑘 – the feature matrix corresponding to the k-th subsampling map in the last layer of the CNN, which is 

used as an encoder; K is the number of subsampling cards in the last layer of the CNN coder. 
It should be noted that in the case when the last layer of the CNN encoder is the convolution layer, then in 

expression (2.6) 𝑓𝑓𝑓𝑓𝑘𝑘  corresponds to the k-th convolution map, and K is the number of convolution maps. In turn, 
𝑓𝑓𝑓𝑓𝑘𝑘  can be written in the form: 

 

𝑓𝑓𝑓𝑓𝑘𝑘 = �
𝛼𝛼1,1 … 𝛼𝛼𝐿𝐿,1
… … …
𝛼𝛼𝐽𝐽,1 … 𝛼𝛼𝐿𝐿,𝐽𝐽

�
𝑘𝑘

,                                                                    (4) 

 
Where, 𝛼𝛼𝑗𝑗,𝑙𝑙 – the value of the feature at the point with coordinates j, l for the k-th subsampling/convolution map; L 

is the horizontal size of the k-th map; J is the vertical size of the k-th map.  
At the same time, in the vast majority of well-known CNNs, maps of the same size are used in one 

subsampling/convolution layer. It should also be noted that expressions (3, 4) describe the output of the CNN-based 
encoder in the case of single-channel image processing. 

Since the results of the literature analysis indicate that the prospects for increasing the effectiveness of neural 
network tools for semantic segmentation due to the improvement of image preprocessing modules are practically 
exhausted today, and the main components of such tools are the encoder and decoder, it is obvious that their 
improvement will ensure the possibility of increasing effectiveness of the specified means. At the same time, by 
analogy with [14, 17, 20], the process of improving the neural network models of the encoder and decoder at the stage 
of their design can be defined as follows: 
 

𝐸𝐸 → 𝑚𝑚𝑚𝑚𝑚𝑚,                                                                                  (5) 
 

𝐸𝐸 = ∑ 𝛼𝛼𝑖𝑖𝑤𝑤𝑖𝑖 ,   𝛼𝛼𝑖𝑖 ∈ {𝛼𝛼},𝑤𝑤𝑖𝑖 ∈ {𝑤𝑤}𝐼𝐼
𝑖𝑖=1 ,                                                           (6) 

 
Where E is the efficiency function of segmentation tools; I – the number of efficiency parameters 𝑘𝑘𝑖𝑖– the value of 

the i-th efficiency parameter; 𝛼𝛼𝑖𝑖 – weight coefficient of the ith efficiency parameter; {α} is a set of weighting 
coefficients of efficiency parameters; {w} is a set of efficiency parameters. 

Based on [2, 11, 15], a list of ten performance evaluation parameters was obtained, which is given in the table 1. 

Table 1. List of parameters for evaluating the effectiveness of neural network tools for semantic segmentation of images 

Marking Characteristics of the parameter 

w1 Segmentation accuracy 
w2 Computational complexity of segmentation 
w3 Ability to label image segments 
w4 The possibility of selecting several segments corresponding to different objects 
w5 The possibility of selecting several segments corresponding to objects that partially overlap each other 
w6 Ability to select deformed objects 
w7 Ability to select shifted objects 
w8 Ability to select returned objects 
w9 Computational complexity of neural network model training 
w10 Term of learning neural network model 

 
The resulting list of performance parameters is preliminary and may be expanded in the future. The value of each 

of the efficiency parameters and the value of their weighting factors can be determined using expert evaluation methods. 
It should be noted that the given efficiency parameters allow you to evaluate the efficiency of the selection tool 
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regardless of the conditions of the task. In the basic case, their value can be estimated on a binary scale of 0 or 1. The 
value of the parameter is set equal to 1, if the tool provides the corresponding service. Otherwise, the parameter is 
considered equal to 0. It should be noted that the use of expressions (5, 6) is appropriate for the preliminary 
determination of the prospects for the use of neural network tools at the design stage, when the conditions of the 
selection problem cannot be clearly described with the help of numerical values. In the case of evaluating the 
effectiveness of developed experimental samples of neural network image segmentation tools, it is advisable to use 
recognition segmentation accuracy and computational resource intensity of neural network tools as performance 
indicators. This allows you to formalize the improvement process using a species expression: 
 

�𝐴𝐴 → 𝑚𝑚𝑚𝑚𝑚𝑚
Θ ≤ ∆ ,                                                                                   (7) 

 
Where A is the accuracy of segmentation, Θ is the amount of computing resources during image segmentation. 
Peculiarities of the task of image segmentation make it necessary to use indicators reflecting the similarity of 

geometric objects to assess accuracy. According to the results of the analysis [2, 21, 25], the use of the Jacquard 
coefficient is provided: 

 
𝐽𝐽 = |𝑁𝑁∩𝑀𝑀|

|𝑁𝑁∩𝑀𝑀|+|𝑁𝑁−𝑀𝑀|+|𝐵𝐵−N|,                                                                        (8) 
 
Where N, M are areas to be compared. 
Under the conditions of using one-hot coding of the expected output signal and the same size of the input and 

segmented image, expression (8) is detailed as follows: 
 

𝐽𝐽 = ∑ 𝑛𝑛𝑖𝑖𝑚𝑚𝑖𝑖
𝐼𝐼
𝑖𝑖=1

∑ 𝑛𝑛𝑖𝑖𝐼𝐼
𝑖𝑖=1 +∑ 𝑚𝑚𝑖𝑖−∑ (𝑛𝑛𝑖𝑖−𝑚𝑚𝑖𝑖)𝐼𝐼

𝑖𝑖=1
𝐼𝐼
𝑖𝑖=1

,                                                                 (9) 

 
Where I is the number of points describing the expected output signal of the neural network model; 𝑛𝑛𝑖𝑖 is the value 

characteristic of the i-th pixel of the segmented image; 𝑚𝑚𝑖𝑖 is the value characteristic of the i-th pixel of the expected 
output signal.  

4.  A Model of a Neural Network Coder 

Data from literary sources [2, 3, 5, 14, 17] indicate that in neural network tools designed for the selection of 
objects on raster images, it is advisable to use a coder developed on the basis of CNN type LeNet-5, VGG, ResNet and 
GoogLeNet. The use of the specified types of CNNs is explained by their high efficiency, provenness and the 
availability of available tools for computer implementation. As shown in fig. 3, the structure of a classical neural 
network coder is a partially limited CNN of one of the listed types, from which the fully connected layers of neurons 
and the output layer have been removed.  

 

Input image Decoder
Stack 1 Stack 2 Stack W

 
Fig. 3. Representation of the stack structure of a classical neural network encoder. 

The functionality of the CNN-based encoder is described using an expression of the form 
 

𝐹𝐹𝐶𝐶�‖𝑅𝑅‖𝐻𝐻,𝐿𝐿,𝐾𝐾� = �‖с1‖𝑋𝑋,𝑌𝑌 ,‖с2‖𝑋𝑋,𝑌𝑌 , … ,‖с𝑁𝑁‖𝑋𝑋,𝑌𝑌  �,                                                  (10) 
 
Where 𝐹𝐹𝐶𝐶  is the input image encoding function; ‖𝑅𝑅‖𝐻𝐻,𝐿𝐿,𝐾𝐾 is a three-dimensional array of values, the elements of 

which are correlated with the input image to be segmented; K is the number of color channels of the input image; H, L 
are the dimensions of the input image. 

Taking into account the LeNet-type CNN characteristics given in [4, 11] and the features of the structure of a 
classic neural network encoder, the expression characterizing the dependence of the accuracy indicators and 
computational resource capacity of the encoder on its design parameters can be written in the form: 

 
Θ,𝐴𝐴 = 𝐹𝐹(𝑆𝑆, ‖𝑏𝑏‖,‖𝑚𝑚‖,𝐶𝐶,𝐻𝐻, ‖𝑘𝑘‖ ),                                                            (11) 

 
Where S is the number of stacks; ‖𝑏𝑏‖ is an array containing the sizes of convolution kernels; 𝑏𝑏𝑤𝑤 is the size of the 

convolution kernel for the wth stack; ‖𝑚𝑚‖ is an array containing scale factor values; 𝑚𝑚𝑤𝑤is scale factor value for the wth 
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stack; ‖𝑘𝑘‖ is an array containing the number of convolution maps; 𝑘𝑘𝑤𝑤 is the number of convolution cards for the wth 
stack; C is the number of color channels to be processed; H is the size of the input image. 

Taking into account (7, 11), an expression is obtained, which is the basis of the procedure for determining the 
constructive parameters of a neural network coder based on a CNN of the LeNet type: 

 

�𝐴𝐴(𝑆𝑆, ‖𝑏𝑏‖,‖𝑚𝑚‖,𝐶𝐶,𝐻𝐻, ‖𝑘𝑘‖ )  → 𝑚𝑚𝑚𝑚𝑚𝑚
Θ(𝑆𝑆, ‖𝑏𝑏‖,‖𝑚𝑚‖,𝐶𝐶,𝐻𝐻,‖𝑘𝑘‖ ) ≤ ∆θ

,                                                         (12) 

 
Note that when evaluating the encoder efficiency using expression (12), the service capabilities of NM are not 

taken into account. At the same time, it is possible to determine the value of the structural parameters used in expression 
(12), based on the principles given in [11, 22]: 

 
1. The number of stacks should be equated to the number of levels of recognition by the expert of target objects in 

the image to be analyzed; 
2. The number of convolutional maps in a certain convolutional layer is set equal to the number of significant 

features recognized at the same level by an expert. 

5.  A Model of a Neural Network Decoder 

The functioning of the decoder, which consists in restoring the segmented image, can be described using an 
expression of the form: 

 
𝐹𝐹𝐷𝐷��‖с1‖𝑋𝑋,𝑌𝑌 ,‖с2‖𝑋𝑋,𝑌𝑌 , … , ‖с𝑁𝑁‖𝑋𝑋,𝑌𝑌  �� = ‖𝑟𝑟‖ℎ,l,k,                                                (13) 

 
Where 𝐹𝐹𝐷𝐷 is the segmented image decoding function; ‖с𝑛𝑛‖𝑋𝑋,𝑌𝑌 is an array of values corresponding to the nth feature 

map of the last layer of the neural network encoder; N is the number of feature maps in the last layer of the neural 
network coder; X,Y – the size of the feature map in the last layer of the neural network coder; ‖𝑟𝑟‖ℎ,l,k is a three-
dimensional array of values corresponding to the original image; k is the number of color channels of the original image; 
h, l are the dimensions of the original image. 

According to the results [2, 3, 17], the development of a neural network decoder model intended for use in 
semantic image segmentation tools can be based on: 

 
1. An approach based on one-stage resampling of the original image. 
2. An approach based on multi-stage resampling of the original image. 
3. An approach based on multi-stage symmetric resampling of the source image with integration of symmetric sets 

of weighting coefficients. 
 
When building a decoder based on the first approach, the peculiarities of its functioning are that the 

multidimensional array of features obtained as a result of encoding the input image is transformed into an array 
designed to describe an image with a selected object using classic image scaling procedures. One of these procedures is 
the bilinear interpolation procedure [1, 10, 19]. An illustration of the application of a decoder based on one-stage 
resampling for semantic segmentation of medical images is shown in Fig. 4.  

 

 
Fig. 4. Illustration of the application of a decoder based on one-stage resampling. 

The approach based on the multi-stage resampling of the original image consists in the fact that the 
multidimensional array of features obtained at the output is transformed into an array designed to describe the image 
with a selected object by CNN using CNN feature extraction modules. It should be noted that, in general, the type and 
parameters of the ANN used to build the decoder may not match the type and parameters of the CNN used to build the 
encoder. Thus, the NM used to extract an object in an image when using a decoder based on multi-stage resampling can 
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be asymmetric. An illustration of the operation of a decoder built on the basis of multi-stage resampling is shown in Fig. 
5. 

 

 
Fig. 5. Illustration of the application of a decoder based on multi-stage resampling. 

The approach based on multi-stage symmetric resampling assumes that the same CNN with a mirrored structure is 
used to develop the encoder and decoder. That is, the structural CNNs of the encoder in reverse order correspond to the 
structure of the CNNs of the decoder, however, scaling layers are not used in the decoder. At the same time, some 
convolution layers of the encoder and decoder are interconnected. For example, in Fig. 6 shows NM for semantic image 
segmentation with a decoder based on multi-stage symmetric resampling. Transformation of the information shown in 
fig. 6 models are implemented in two stages. At the first stage, the encoder compresses the image to a set of features 
defined in layer C14. At the second stage, with the help of the decoder, the extension of the set of features contained in 
layer C14 to the processed image with the selected target object is implemented. Structurally, the encoder consists of 4 
stacks, each of which includes two layers of convolution maps with a 3×3 kernel size and one subsampling layer, which 
reduces the image size by a factor of 2. 

 

 
Fig. 6. Illustration of the application of a decoder based on multi-stage symmetric resampling. 

Each subsequent stack contains twice as many trait cards as the previous one. The structure of the decoder, which 
also consists of 4 stacks, has certain differences. Each of the stacks includes a resampling layer, a convolution layer 
with a 2×2 kernel, an integration block with a corresponding encoder convolution map, and two convolution layers with 
a 3×3 kernel. The last layer uses a 1×1 convolution kernel to map the 64-dimensional feature vector to the pixels of the 
processed source image. The blocks included in the structure shown in fig. 6 of the decoder, have the Ex type 
designation, where x is the block number. 

Like the encoder, the effectiveness of the decoder directly depends on the type of CNN on which it is based. In 
addition, both the accuracy and the computational resource intensity of the decoder largely depend on the approach on 
the basis of which it is built. Thus, a variation of the decoder construction based on one of the three approaches given 
and the possibility of using different types of CNN in it potentially allows the decoder to be adapted to the conditions of 
the task of object selection. The corresponding adaptation procedure can be described using an expression of the form: 

 

�𝐴𝐴(𝑆𝑆, ‖𝑏𝑏‖,‖𝑚𝑚‖,𝐶𝐶,𝐻𝐻, ‖𝑘𝑘‖,𝑇𝑇 )  → 𝑚𝑚𝑚𝑚𝑚𝑚
Θ(𝑆𝑆, ‖𝑏𝑏‖,‖𝑚𝑚‖,𝐶𝐶,𝐻𝐻,‖𝑘𝑘‖,𝑇𝑇 ) ≤ ∆θ

,                                                         (14) 

 
Where T is the type of decoder construction approach. 
When constructing a decoder based on multistage resampling or based on multistage symmetric resampling, it is 

possible to determine the approximate values of the design parameters used in expression (14), based on the principles 
given in the description of the encoder model.  
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6.  Method of Semantic Image Segmentation 

According to the results of the analysis of the neural network object selection technologies and the developed 
models of the encoder and decoder, to describe the features of the method of semantic segmentation of images, it is 
recognized as appropriate to use the expression of the species 

 
〈�𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟�, {𝑢𝑢𝑐𝑐𝑐𝑐𝑐𝑐}, {𝑁𝑁𝑁𝑁𝑑𝑑}, {𝑢𝑢𝐶𝐶𝐶𝐶𝐶𝐶}, {𝑑𝑑}, {𝛼𝛼}, {𝑤𝑤}, 〉 → 〈𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑒𝑒𝑒𝑒𝑒𝑒 ,𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑 , {𝐶𝐶𝐶𝐶𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒}, {𝐶𝐶𝐶𝐶𝐶𝐶𝑑𝑑𝑑𝑑𝑑𝑑}〉,               (15) 

 
Where �𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟� is a set of registration parameters; {𝑢𝑢𝑐𝑐𝑐𝑐𝑐𝑐} - set of requirements for recognition results; �𝑢𝑢𝑜𝑜𝑜𝑜𝑜𝑜� -  set 

containing a description of selected objects; {𝑁𝑁𝑁𝑁𝑑𝑑} - set of available CNN types; {𝑢𝑢𝑐𝑐𝑐𝑐𝑐𝑐} - set of parameters of available 
CNN types; {𝑑𝑑} is a set of expert data that can be used to build a coder and decoder model; {𝛼𝛼} - a set of efficiency 
parameter coefficients used in expression (6); {𝑤𝑤} is a set of efficiency parameters used in expression (6) and listed in 
the table. 1; 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑒𝑒𝑒𝑒𝑒𝑒 ,𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑  - type of CNN used as a basis for building the encoder and decoder, respectively; 
{𝐶𝐶𝐶𝐶𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒}, {𝐶𝐶𝐶𝐶𝐶𝐶𝑑𝑑𝑑𝑑𝑑𝑑} - parameters of CNN type 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑒𝑒𝑒𝑒𝑒𝑒 ,𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑 , respectively. 

Note that �𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟� largely depends on the requirements for registration format (𝑔𝑔𝑟𝑟𝑟𝑟), resolution (𝑔𝑔𝑟𝑟𝑟𝑟) and input image 
size (𝑔𝑔𝑠𝑠𝑠𝑠). In addition, based on the results [16, 21, 23], it was determined the need to apply in the method of semantic 
image segmentation stages aimed at solving tasks related to the implementation of the training sample formation 
procedure and the selection accuracy assessment procedure. Thus, the list of main tasks that should be associated with 
the stages of the semantic image segmentation method consists of: 

 
• Definition of the list of image parameters to be registered. 
• Formation of training example parameters for NM used for feature extraction. 
• Determination of the type of CNN that is the most effective in the conditions of the task of selection. 
• Formation of the training sample, the volume of which should be sufficient under the conditions of the task. 
• Justification of the parameters to be used to assess the accuracy of selection. 
• Calculation of the values of the design parameters of a CNN of a certain type. 
• Evaluation of the accuracy of selection and, if necessary, refinement of the NM architecture. 
 
The generalized scheme of the method, built taking into account the need to use an iterative approach when solving 

the formulated tasks, is shown in Fig. 7. We will give a detailed description of the stages of the method. 
Stage 1. Determination of the list of registration parameters. At the input of the stage, which is the centralized 

input of this method, a tuple of values presented in the left part of expression (15) is supplied. At the first stage, the 
components of the set {𝑋𝑋𝑁𝑁𝑁𝑁}  containing the registration parameters of the input image are determined. The 
determination is based on the comparison of the array ‖𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖‖ with the requirements of 𝑔𝑔𝑟𝑟𝑟𝑟, 𝑔𝑔𝑟𝑟𝑟𝑟, 𝑔𝑔𝑠𝑠𝑠𝑠. The output of the 
first stage is {𝑋𝑋𝑁𝑁𝑁𝑁}. 

Stage 2. Determination of the effective type of CNN. The stage is focused on determining the types of CNNs that 
are the most effective when building an encoder and when building a decoder, which are included in the neural network 
model of object selection. The input of the stage is {𝑋𝑋𝑁𝑁𝑁𝑁}, a set of available CNN types ({𝑁𝑁𝑁𝑁𝑑𝑑}) and the list of 
parameters for evaluating the effectiveness of means of selecting objects on raster images, which is given in the table. 1. 
The execution of the stage is divided into five steps. 

Step 2.1. Determination of values of performance evaluation parameters. At this step, for each type of CNN 
included in the set {𝑁𝑁𝑁𝑁𝑑𝑑}, the values of the components {𝑤𝑤} are determined. The definition is implemented using expert 
evaluation methods taking into account {𝑋𝑋𝑁𝑁𝑁𝑁}. In the first approximation, the processing of expert data regarding the 
determination of the 𝑤𝑤𝑖𝑖 value can be implemented using an expression of the type: 

 
𝑤𝑤𝑖𝑖 = 1

𝑄𝑄
∑ 𝑤𝑤𝑖𝑖,𝑞𝑞 ,𝑄𝑄
𝑞𝑞=1                                                                           (16) 

 
Where 𝑤𝑤𝑖𝑖,𝑞𝑞  is the value of the i-th efficiency parameter set by the q-th expert; Q is the number of experts. 
The output of the step is the matrix ‖𝑤𝑤‖ containing the values of efficiency parameters for each component {𝑁𝑁𝑁𝑁𝑑𝑑}.  
Step 2.2. Determination of the values of weight coefficients of efficiency parameters. The definition is 

implemented separately for the encoder and decoder using expert evaluation methods using expression (16). The output 
of the step is the matrices ‖α𝑒𝑒𝑒𝑒𝑒𝑒‖ and ‖α𝑑𝑑𝑑𝑑𝑑𝑑‖, which contain the values of the weighting coefficients of the efficiency 
evaluation parameters for the encoder and decoder, respectively. 

Step 2.3. Calculation of efficiency function values. The calculation is carried out for each component {𝑁𝑁𝑁𝑁𝑑𝑑} 
separately for the encoder and decoder. Expression (6) is used. The output of the step is the sets {𝐸𝐸𝑒𝑒𝑒𝑒𝑒𝑒} and {𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑} 
containing the values of the efficiency function for the encoder and decoder. At the same time, the i-th element contains 
the value of the efficiency function for the i-th type of CNN, which is included in the set {𝑁𝑁𝑁𝑁𝑑𝑑}}. 



The Method of Semantic Image Segmentation Using Neural Networks 

Volume 14 (2022), Issue 6                                                                                                                                                                         9 

Definition of the list of 
registration 
parameters

Formation of 
parameters of 

educational examples

Determination of the 
effective type of CNN

Justification of 
accuracy assessment 

parameters

Determining the 
values of structural 

parameters

Formation of the 
educational sample

Application of NN

Selection result

Conditions of the selection task

Training of NN

 
Fig. 7. Generalized scheme of the method of semantic segmentation of images using neural networks. 

Step 2.4. Determination of the most efficient type of CNN encoder. Expression (5) is used for this purpose. In the 
first approximation, the limiting efficiency indicator may not be taken into account. There is a possible case when for 
several types of CNN coder that meet the condition (5), the values of the efficiency function are the same. Therefore, 
the output of the step is a set containing the most efficient types of CNN coder {𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒 }. 

Step 2.5. Determination of the most efficient type of CNN decoder. The execution of this step is similar to the 
execution of step 2.4. The output of the step is the set containing the most efficient types of CNN decoder �𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑑𝑑𝑑𝑑𝑑𝑑 �. 

The output of the stage is {𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒 } and �𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑑𝑑𝑑𝑑𝑑𝑑 �. 
Stage 3. Formation of the parameters of the training example. {𝑋𝑋𝑁𝑁𝑁𝑁}, 𝑔𝑔𝑟𝑟𝑟𝑟, 𝑔𝑔𝑟𝑟𝑟𝑟 and 𝑔𝑔𝑠𝑠𝑠𝑠 are applied to the input of 

the stage. In the general case, the stage is focused on forming a 〈{𝑋𝑋𝑁𝑁𝑁𝑁}, {𝑌𝑌𝑁𝑁𝑁𝑁} 〉 containing a list of input and input 
parameters of a separate training example. During the implementation of the stage, the use of proven image processing 
methods is provided, taking into account possible changes in the size, color and resolution of the input image. It is 
assumed that the expected output signal of the decoder is formed using the one-hot coding procedure. The output is 
〈{𝑋𝑋𝑁𝑁𝑁𝑁}, {𝑌𝑌𝑁𝑁𝑁𝑁} 〉. 

Stage 4. Justification of accuracy assessment parameters. The implementation of this stage is related to the 
definition of the list of parameters that should be used to assess the accuracy of the selection of objects in the conditions 
of the given task. 〈{𝑋𝑋𝑁𝑁𝑁𝑁}, {𝑌𝑌𝑁𝑁𝑁𝑁} 〉 and a list of accuracy assessment parameters are given to the input of the stage. In the 
basic version, the Jacquard coefficient given by expression (9) is used as a segmentation accuracy assessment parameter. 

Stage 5. Determination of the values of design parameters. {𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒 }, �𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑑𝑑𝑑𝑑𝑑𝑑 �, 〈{𝑋𝑋𝑁𝑁𝑁𝑁}, {𝑌𝑌𝑁𝑁𝑁𝑁} 〉 and the list of design 
parameters of CNN defined in expression (11) are given to the stage input. 

Step 5.1. Determination of constructive parameters of the coder. The execution of the step consists in delineating 
the range of values of the constructive parameters of the encoder, which, according to preliminary estimates, ensure the 
fulfillment of condition (12). At the same time, solutions obtained in the process of developing a model of a neural 
network coder are used. 

Step 5.2. Calculation of design parameters of the decoder. The execution of the step is similar to the previous one, 
taking into account the condition (14).  

The output of the stage is {Ρ𝑐𝑐𝑐𝑐𝑐𝑐} and {Ρ𝑑𝑑𝑑𝑑𝑑𝑑} – sets containing a defined range of values of the design parameters of 
the encoder and decoder. 

Stage 6. Formation of the training sample. {𝑋𝑋𝑁𝑁𝑁𝑁}, {𝑌𝑌𝑁𝑁𝑁𝑁} and an array of images {𝐼𝐼𝐼𝐼} are given to the input of the 
stage. It is assumed that the training sample can be formed with the help of expert data and with the use of available 
databases. Taking into account practical experience, it was determined that the minimum volume of the training sample 
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should be at least 1000 training examples. If necessary, it is possible to supplement the educational sample by 
augmenting educational examples. The output of the stage is a set of training examples ({𝜓𝜓}𝑁𝑁). 

Stage 7. Learning NN. The defined architectural parameters of NN ({𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒 },�𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑑𝑑𝑑𝑑𝑑𝑑 �, {Ρ𝑐𝑐𝑐𝑐𝑐𝑐}, {Ρ𝑑𝑑𝑑𝑑𝑑𝑑}), examples of 
the training sample ({𝜓𝜓}𝑁𝑁), a set of possible parameters for estimating the selection accuracy ({Δ}) and the required 
level of selection accuracy on each type of training sample ({∆𝑑𝑑}). Stage 7 is divided into three steps. 

Step 7.1. Implementation of NN training. It is assumed that the training takes place on the basis of the algorithm of 
backpropagation of the error, taking into account the possible change in the way of providing training examples and the 
change in the method of optimizing the learning speed. The result of learning is a set of weight coefficients of synaptic 
connections ({𝑊𝑊}). 

Step 7.2. Calculation of selection accuracy indicators. The indicated indicators are calculated on the training, test 
and validation samples. The result of the step is the set {Δ𝑚𝑚}. 

Step 7.3. Assessment of selection accuracy. The indicators of selection accuracy obtained in the previous step are 
compared with the corresponding indicators from {∆𝑑𝑑}. 

If the accuracy is insufficient, it is assumed that the type and design parameters of the NN are specified, which is 
implemented when performing the second and fifth stages of this method. If the selection accuracy is satisfactory, then 
the transition to the eighth stage of the method takes place. The output of the stage is a set of refined NN architectural 
parameters and parameter values that allow to assess the accuracy of object selection. 

Stage 8. Application of NN. At the input of the stage, the architectural parameters of the trained NN, determined as 
a result of the implementation of the seventh stage of this method, and the image to be analyzed are submitted. As a 
result of the implementation of the stage, an output signal is formed, consisting of a marked image and parameter values 
of the selected object (if necessary). Together with the output data of the seventh stage, these parameters are the result 
of the execution of this method.  

7.  Experimental Studies 

In order to verify the proposed method, computer experiments were carried out, which were implemented with the 
help of specially developed software, which was based on the proposed encoder and decoder models. The software is 
written in the Python programming language using the TensorFlow library. In the process of computer experiments, the 
effectiveness of the proposed method for semantic segmentation of color images was investigated. Masks of the car 
type object are provided on these images. The Carvana Image Masking Challenge database, which is freely available at 
the link https://www.kaggle.com/c/carvana-image-masking-challenge, was used as a source for forming the training 
sample of the neural network. This database contains 5088 high-contrast images recorded in RGB format. The size of a 
single image is 256×256 pixels. In accordance with the features of recording labeled images in the Carvana Image 
Masking Challenge database, the selection task is classified as a semantic image segmentation task class. The main 
results of other stages of the proposed method of semantic segmentation are as follows. Taking into account the size and 
color format of the original and segmented images, the expediency of submitting the unprocessed original image of the 
plexus of nerve fibers to the input of the encoder is determined. Accordingly, the set of registered parameters 
corresponds to a three-channel image with a size of 256x256 pixels. When determining the most effective type of CNN, 
taking into account the capabilities of the instrumentation, it was determined that it is appropriate to include CNNs of 
the LeNet, VGG, AlexNet, GoogLeNet, and ResNet types in {𝑁𝑁𝑁𝑁𝑑𝑑}. The value of the efficiency function for these types 
of NN when they are used as the encoder and decoder base is given in table. 2. The possibility of building a decoder 
based on single-stage, multi-stage and multi-stage symmetric resampling is considered. In the table 2 column Edec1 
corresponds to multi-stage resampling, and column Edec2 corresponds to multi-stage symmetric resampling. For one-
stage resampling, Edec=0,75. 

Table 2. The value of the efficiency function for admissible types of CNN 

CNN type  Eenc  Edec1 Edec2 

LeNet 0,55 0,65 0,7 
VGG 0,75 0,7 0,75 

AlexNet 0,5 0,4 0,5 
GoogLeNet 0,6 0,5 0,55 

ResNet 0,6 0,5 0,55 

 
The value of the efficiency function for each of the specified types is determined by expert evaluation taking into 

account expressions (6, 16). Using expression (5), it is determined that the most efficient encoder is based on the VGG-
type ZNM, and the most efficient type of decoder is the decoder based on one-stage resampling. 

The input and output parameters of the training examples of the neural network model correspond to the original 
and segmented image shown in Fig. 11. Design parameters of VGG were adapted to the analysis of halftone images of 
size 256x256 by increasing the input field of CNN. The training sample is formed on the basis of the described database 
of images and is divided into training, validation and test samples. The training sample of NN is supplemented by the 
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augmentation of training examples. Of these, 8,000 examples were used as training data, and 1,088 examples were used 
for validation and testing. According to the recommendations [11, 21], the volume of the training sample is 8,000, and 
the total volume of the validation and test sample is 1,680 examples. The Jacquard coefficient was used to assess the 
accuracy of the NN. Graphs of the accuracy of the selection of the car mask on the raster image, implemented using the 
constructed NN, are shown in Fig. 8. 

 

 
Fig. 8. Graphs of segmentation accuracy using NN with an encoder based on VGG and a decoder based on one-stage resampling. 

For comparison, experiments related to the selection of a car mask using NN with other architectural parameters 
were carried out. Thus, in fig. 9 and Fig. 10 shows graphs of object selection accuracy using NN, in which encoder and 
decoder blocks are built on the basis of VGG. At the same time, the accuracy graphs shown in fig. 9, correspond to a 
decoder with multi-stage resampling (see Fig. 5), and the accuracy graphs shown in Fig. 10 – decoder with multi-stage 
symmetrical resampling (see Fig. 6).   

 

 
Fig. 9. Graphs of segmentation accuracy using NNM with VGG-based encoder and multi-stage resampling decoder. 

 

Fig. 10. Graphs of segmentation accuracy using NNM with VGG-based encoder and multi-stage symmetric resampling decoder. 
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Analysis of the graphs shown in fig. 8-10, allows us to state that when using the proposed NM, the segmentation 
accuracy is approximately 0.8, which, according to the results of the experiments, is more than 2 times higher than the 
selection accuracy that can be achieved using other NNs. Further improvement of accuracy, which can be realized due 
to modification of VGG parameters, requires additional theoretical research. Also it is possible to increase the accuracy 
of selection due to the use of the most modern types of CNN in the construction of the encoder and decoder. To 
illustrate the intended use of the developed system, an object (car) was selected on the images that were not used in the 
NN training process. The result of such selection is shown in fig. 11. In fig. 11, the original image is shown on the left 
side, and the area of the location of the object (car) is circled on the right side. Analysis of fig. 11 shows a satisfactory 
selection result. 

 

 

Fig. 11. An example of semantic segmentation. 

Thus, the results of the experimental experiments show that the application of the proposed method allows you to 
build a NN, which, with a sufficiently short training period, ensures the achievement of image segmentation accuracy 
according to the Accuracy indicator of about 0.8. At the same time, it was possible to avoid conducting complex 
experiments aimed at determining the effective architecture of NN, which makes it possible to minimize the amount of 
computing resources aimed at building NN. Thus, the proposed method allows, while reducing the computational 
resources associated with the construction of NN, to achieve segmentation accuracy that is comparable to the accuracy 
of the best known systems of a similar purpose [2, 14, 17]. 

8.  Conclusion and Future Work 

A. Conclusion 

Based on the literary analysis of modern works in the field of semantic segmentation of images, it is shown that the 
most promising direction of their improvement is the use of neural network technologies, the effectiveness of which is 
largely determined by the level of their adaptability to the conditions of the task. At the same time, researchers currently 
pay little attention to the issue of theoretical approaches to the adaptation of neural network model parameters to the 
most significant conditions of the task of semantic segmentation of images, which entails the need to conduct 
appropriate experiments. As a result of the conducted research, a method of semantic segmentation of images using 
CNN was developed, which involves the adaptation of the neural network encoder and neural network decoder to the 
image size, the number of color channels, the permissible minimum segmentation accuracy, the permissible maximum 
computational complexity of the implementation of the segmentation process, the need to label image segments, the 
need to select several segments corresponding to different objects, the need to select several segments corresponding to 
objects that partially overlap each other, the need to select deformed objects, the need to select shifted objects, the need 
to select rotated objects, the permissible maximum computational the complexity of learning a neural network model, 
the permissible term of learning a neural network model. The developed method was verified experimentally on 
examples of semantic segmentation of images containing objects such as a car. The obtained experimental results show 
that the application of the proposed method allows to avoid complicated long-term experiments to build a NN, which, 
with a sufficiently short training period, ensures the achievement of image segmentation accuracy of about 0.8, which 
corresponds to the best systems of a similar purpose. Summing up, it can be said that this article makes a significant 
contribution to the development of neural network systems for semantic segmentation of raster images and can serve as 
a basis for other researchers in this area.  

B. Future Work 

In the studies, the results of which are presented in this article, the main focus was on determining the most 
efficient type of CNN for the encoder and decoder. An approach is also considered for determining the parameters of 
such a CNN for the case when this network consists exclusively of convolutional layers and subsample layers. At the 
same time, modern proven CNNs include special modules and mechanisms that improve their efficiency in solving 
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many problems [8, 9, 23]. For example, the introduction of the ResNet module made it possible to increase the CNN 
depth by leveling the gradient drop effect, the introduction of the Inception module allows us to reduce the number of 
weight coefficients and process objects of different sizes, and the use of the partial convolution mechanism allows us to 
obtain additional information about the input image. It should be noted that the use of these modules and mechanisms is 
not always advisable. For example, it can be assumed that when extracting an object mask on a small grayscale image, 
there is no need to use an encoder and decoder based on a convolutional neural network with a large number of hidden 
layers. Accordingly, there is no need to use modules and mechanisms designed to level the effect of the gradient drop. 
At the same time, there is such a need for semantic segmentation of large color images. Thus, the ways of further 
research can be correlated with the use in the encoder and decoder of modern modules and mechanisms adapted to the 
significant conditions of the problem of semantic segmentation.  
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