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Abstract: The essence of the method is based on the division of the video camera matrix into submatrices, in which the Euclidean
distance is determined between adjacent rows and columns. If there is a gradient of pixel intensities exceeding a certain threshold,
this leads to a jump in the Euclidean distance, which indicates the presence of an element of the contour of the entire object in a
separate submatrix. The quality of such a contour determination depends on the sizes of the submatrices and the selected threshold.
To expand the capabilities of the method in estimating the complex shape of objects, a combined submatrix method is proposed, in
which contours are determined at different submatrix sizes and threshold values, and then superimposed on each other. The sizes of two
different submatrices are determined based on previous research. The possibilities of optimizing such sizes using a genetic algorithm
are considered. The method provides the highest similarity of contours to the original image of steps compared to other methods, and
the accuracy of determining the contours of a rectangle, triangle, and circle is comparable to the accuracy of such methods.
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1. Introduction

Scientific and technical achievements of civilized countries
can be aimed at improving the lives of people with disabilities.
Orientation of blind and visually impaired people (BVIPs) in the
environment is often carried out using a white cane, guide dogs,
and tactile paths together with ground indicators. The use of a
white cane does not provide information about distant dangers.
Guide dogs require long-term training and maintenance (feeding,
treatment, etc.). Tactile paths in the form of relief patterns on
sidewalks or floors guide a person’s movement, but they are not
available everywhere. Modern electronic aids for people use ultra-
sonic, laser, or infrared sensors to detect obstacles outside the
range of the cane. These include, for example, Sonic Pathfinder
and smart canes for visually impaired blind walking. They allow
detecting obstacles at head level in a wide range but have a
high cost of acquisition and maintenance for a person without
a reasonable income. Devices with wearable cameras and arti-
ficial intelligence for describing the environment and the ability
to identify objects are even more expensive. GPS-based naviga-
tion systems are gaining great importance, providing step-by-step
instructions to a person using various types of signals. Such sys-
tems do not provide high efficiency in all rooms, and therefore,
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Bluetooth beacons or technologies for automatic identification
of objects using radio signals can be used here. This requires
appropriate infrastructure, which cannot always be built in the
house.

Most technologies for providing orientation of BVIPs in an
arbitrary terrain are aimed at generating information about the
presence of obstacles for a person and the distance to them. Less
attention is paid to the issue of determining the shape of these
obstacles using wearable video cameras, which can be pre-installed
in a person’s clothing. From a systems perspective, a person
moving in the environment is part of a human—environment sys-
tem with continuous information exchange. Equipping visually
impaired people with wearable video cameras and an informa-
tion processing unit creates an artificial sensory subsystem that
replaces or supplements vision. As a result, a person can receive
better spatial information about the size, position, shape, texture,
and dynamics of surrounding objects. To achieve safe and effec-
tive interaction with the environment, an artificial subsystem must
not only detect the presence of an obstacle but also report what
form it takes. Ideally, this creates the conditions for recogniz-
ing, for example, a wall, a pillar, stairs, doors, people, animals,
or vehicles. This information is useful for contextual decision-
making regarding path planning: how to move, what to avoid, and
where there may be a passage. For example, a narrow pillar can
be bypassed, but the presence of a wall requires choosing a differ-
ent route. The close-to-rectangular shape of an object can indicate
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both the presence of a door or wall on the path and the presence
of stairs. They can be distinguished by their orientation in space
(vertical or horizontal) and by the ratio of sizes in two planes.
Changing the shape of an object during video camera observa-
tion can be a sign of its movement. Therefore, the shape helps to
determine the type of object, which improves spatial perception
and confidence of BVIPs in the process of their navigation on the
terrain.

Decision-making by an artificial sensory system about the
shape of surrounding objects is provided by audio or vibrotac-
tile signals. Cognitive research results show that users of sensory
devices can form accurate mental maps and instructions if the sig-
nals are corresponded to spatial geometry. The detected shapes
are encoded in the form of patterns that reflect the boundaries
of typical objects. Information should be minimal to prevent
cognitive overload and loss of user convenience. In conditions
of shadows, noise, and local disturbances of the typical shape,
the system must provide the required level of probability of cor-
rect shape detection at a given probability of false alarms. From
a social perspective, the interaction of several visually impaired
people on the ground is possible, which can optimize the perfor-
mance of the overall “human—technology—environment” system.
Therefore, determining the shape of obstacles using portable video
cameras is justified, since the shape conveys important spatial
and semantic information. Integrating video cameras with other
sensors built on different physical principles, as well as with wear-
able and stationary intelligent systems, will allow improving the
quality of decision-making regarding the spatial structure of the
environment.

2. Overview of Smart Technologies for Determining
the Shape of Objects Using Wearable Video Cameras
on Blind and Visually Impaired People

Intelligent technologies using video cameras significantly
improve the daily lives of BVIPs. These systems use advances in
computer vision, mobile technologies, and teleassistance systems
to provide navigational aids and improve access to visual informa-
tion. Numerous studies highlight the effectiveness and innovative
design of such assistive systems. One well-known model is the
teleassistance tool that supports blind people in their daily activ-
ities using smartphones. This model supports remote assistance
by allowing caregivers to provide advice through real-time video
captured by the user’s smartphone camera. Such systems adapt
well to existing technologies, demonstrating flexibility and user-
centered design, which is important for user decision-making [1,
2]. Furthermore, the integration of Internet of Things (IoT) tech-
nologies offers real-time obstacle detection and avoidance, further
improving mobility for BVIPs [3]. The combination of smart-
phone and IoT technology creates a comprehensive foundation
for modern assisted navigation.

Another development is the BlindSense interface, which uses
the capabilities of a smartphone to create an inclusive experi-
ence for blind people. This interface improves the interaction
between users and their environment, allowing them to perform
everyday tasks with greater independence through the use of built-
in accessibility features [4]. Such systems are able to provide
feedback and interact with each other seamlessly. Additionally,
innovative navigation assistance systems provide haptic feedback
and auditory cues to help visually impaired users navigate effec-
tively both indoors and outdoors. For example, a specialized
Telenavigation System broadcasts real-time video to caregivers,
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who then transmit navigation instructions [2]. This approach pro-
motes mobility and creates a sense of security through immediate
support, meeting users’ psychological needs during navigation.

A variety of assistive technologies aimed at improving vision
also holds great promise. Devices that augment existing visual
inputs or provide auditory descriptions of the environment allow
BVIPs to better understand their surroundings [5, 6]. In addition,
systems using augmented reality can convey spatial information
through audio cues, which is particularly useful in crowded or
complex spaces [7]. This increases the usability of public spaces
for BVIPs. Despite the wide range of technological advances,
researchers highlight challenges in implementation and usability.
While there are many assistive devices available, their effectiveness
can vary significantly depending on user preferences, functional-
ity, and specific visual impairment [8, 9]. This justifies the need
to involve blind users in the design process so that technologies
effectively meet their diverse needs.

Therefore, intelligent camera-based technologies for BVIPs
are making significant progress. Combining teleassistance, the
IoT, augmented reality, and user-centered design, these innova-
tions not only facilitate navigation and independence but also
actively engage people in using technology to improve their qual-
ity of life. Future research should focus on increasing the adoption
and user satisfaction of these systems while addressing the unique
challenges faced by visually impaired users. One such challenge is
object shape recognition.

Solving this problem has led to the emergence of various
technological innovations aimed at improving object recognition
and navigation. These innovations often combine visual input
with the use of video cameras and other sensors. Such develop-
ments use algorithms based on deep machine learning to detect
objects. For example, intelligent visual assistance systems for face
recognition use the You Only Look Once (YOLO) algorithm and
Haar-Cascade classifiers. This allows visually impaired users to
identify their surroundings using auditory feedback [10]. A com-
prehensive review of the progress in image segmentation using
YOLO and its integration with convolutional neural networks is
provided in the work of Irfan et al. [11]. New modifications of
YOLOv4, YOLOVS, and YOLOvV7 optimize the performance of
the model for different tasks. For example, in the work of Wu
et al. [12], YOLOVS5s is proposed for multi-object detection, which
is important for municipal waste recycling. This version adapts
the classic YOLO architecture to improve real-time processing
capabilities while maintaining high detection accuracy, especially
in cluttered environments common during recycling operations.
Similarly, another significant contribution to the YOLO frame-
work is the YOLOv7 model, which is used to improve the
accuracy of road damage detection in images acquired using
Google Street View [13]. This adaptation demonstrates the ver-
satility of YOLO in solving specific problems in the subject
area, while simultaneously developing its application in practi-
cal settings. The improved version of YOLOV8 for road object
detection provides a trade-off between accuracy, speed, and com-
putational complexity and also has improved feature extraction,
small object detection, attention mechanisms, expanded datasets,
and testing [14]. Due to recent advances in computer vision, visual
object recognition technologies are being actively implemented by
BVIPs, facilitating their interaction with the environment [15].

A complement to the visual approach is the use of tac-
tile interactions, which are often necessary for object recognition
[16, 17]. For this purpose, algorithms for interaction between
tactile and visual processing systems have been developed [18].
The specific characteristics of tactile technology contribute to the
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understanding of object geometry for BVIPs [19]. For this, cer-
tain areas of the visual cortex are activated, and common blocks
for processing visual and tactile information are used [17].
Currently, there are advances in 3D object recognition using
robotic systems that help the blind navigate indoors. Such sys-
tems, based on effectively segmented collected data, qualitatively
recognize and classify objects in real-world situations [20]. The
convergence of different technologies should be consistent with
the capabilities of BVIPs, which significantly improves their qual-
ity of life. The main focus of the paper is on remote methods for
determining the shape of objects using wearable video cameras.

3. Analysis of Existing Methods for Determining the
Shape of Objects Using Video Cameras

The determination of the shape of objects is carried out
within the framework of computer vision methodology, which
is described in many textbooks, in particular, in the works of
Szeliski [21] and Bishop [22]. To obtain the shape of an object,
it is necessary to highlight its boundaries. It is logical to assume
that the physical basis for determining the boundary is a sharp
change in brightness or its derivatives in neighboring rows or
columns of the video camera matrix. The main approaches to
solving this problem are the use of gradient methods. Improv-
ing the quality of segmentation is achieved by using preliminary
image filtering operations, increasing contrast, removing blur, etc.
In general, an image may contain a group of objects. Its frag-
mentation into subsets of pixels (superpixels) corresponding to
the shape of predefined objects and preliminary classification are
desirable operations. Contour segmentation methods are used to
analyze complex images.

The most popular methods for object boundary extraction
are based on the use of the Sobel operator and its more complex
variants, such as Enhanced Mask R-CNN, which works on com-
plex backgrounds [23, 24]. In fact, the Sobel operator is a discrete
differential operator that determines the approximate value of
the image gradient brightness. The gradient approximation used
in it is quite coarse, especially on high-frequency image fluctua-
tions. The Mini Kirsch edge detection method, in particular, is
an example of an effective edge detection technique that not only
identifies boundaries but also increases the overall image clar-
ity [23]. The most specific methods for contour segmentation are
the chain code method and the specific window method [25]. In
the window method, at the initial stage, areas containing low or
high contrast are found, and then a window is built based on the
approximate size and shape of the searched object. The object is
considered selected when the window is within a given range. The
contour segmentation method is able to determine the location
of the object with good accuracy. Applying a boundary selection
filter to an image can significantly reduce the amount of data to
be processed, because the filtered part of the image is considered
less significant, and the most important structural properties of
the image are preserved. Unfortunately, it is not always possible
to select boundaries in an image in real time that do not have
large or small brightness gradients.

Modern contour segmentation methods play a crucial role
in the analysis of complex images in various fields. These meth-
ods are important for extracting relevant information from images
by identifying object boundaries. They can be divided into three
main groups. In the first group, methods are based on active
contour models (ACMs). These models provide curve formation
based on image data. For this, information about both edges and

image regions is used to guide the contour to the shape of the
target object. ACMs are actively used in medical imaging, where
they help in identifying anatomical structures for further analysis
[26, 27]. ACM methods have been successfully applied to ultra-
sound image processing, where traditional methods suffer from
low contrast and high noise [28]. Moreover, the performance of
ACMs can be enhanced by saliency-driven methods that incorpo-
rate local image attributes to improve segmentation results [29].
Region- and edge-based ACMs achieve advantages when they use
intensity, color, and gradient information [30, 31]. However, they
are sensitive to noise, which can hinder accurate segmentation
[29, 32]. The use of genetic algorithms and fuzzy logic in ACMs
to overcome these limitations increases their robustness to noise
and inaccurate initialization of contours [33].

The second group includes level set methods, which rely on
implicit contour representations and are governed by the structure
of a partial differential equation. This approach provides continu-
ous contour deformation [34]. The introduction of hybrid velocity
functions that combine boundary and region segmentation has
shown promise in segmenting low-contrast and complex images.
All this demonstrates the versatility of level set methods [35].
The methods have proven themselves well in medical image
processing [36].

The third group includes deep learning methods that use con-
volutional neural networks to automate the segmentation process
[37, 38]. Architectures such as U-Net provide high accuracy in
identifying complex anatomical structures, effectively solving the
problems of identification and consistency of segmentation results
[36, 37]. Additional advantages have been established due to
the combination of manual, semi-automatic, and fully automatic
methods [39].

Gradient-based methods are sensitive to noise, and as a
result, small variations in brightness can be mistaken for edges.
Gaussian methods based on the Canny operator include smooth-
ing using a Gaussian filter and thresholding to reduce errors in
edge detection. The Canny operator is usually the most accurate
edge detector, while the Sobel operator is known for its speed,
which is suitable for real-time processing. In general, there are
many methods for detecting object boundaries on the background
of an arbitrary image from a video camera matrix. In [40], the
possibilities of attributing objects to a specific shape based on the
calculation of the Hausdorft distance are evaluated. The method
allows to estimate the probability of detection and correct classi-
fication of landmarks for autonomous mobile robots. At present,
each method of estimating the edges of objects is effective in a
given range of conditions. The problem of determining objects
with a complex shape using video cameras remains relevant for
the tasks of BVIPs orientation. The purpose of the paper is to
develop a method for determining the contours of objects on a
video camera matrix in order to use it for navigation by BVIPs.

4. Method for Determining the Contours of Objects
in the Environment Using Video Camera Submatrices

Boundary construction is possible when the difference in
pixel intensity between the object and background (gradient)
exceeds a certain threshold value. The contours of an object and
its shape can be determined by comparing the intensity of pix-
els in adjacent rows and columns of the matrix. It is advisable
to replace such an operation with an estimate of the Euclidean
distance between the specified intensities. This method is conve-
nient for detecting the boundaries of objects of regular shape with

03



Smart Wearable Technology Vol. 00 Iss. 00 2026

horizontal and vertical boundaries. If the boundaries of the
objects are arbitrary, then the Euclidean distance must be deter-
mined not between adjacent rows and columns of the video
camera matrix but between adjacent rows and columns of sub-
matrices. To do this, the entire video camera matrix is divided
into submatrices, the number of which can be predetermined or
selected adaptively depending on the size of the characteristic
parts of the objects, the background, the presence of obstacles,
etc. The problem of determining fixed or adaptive threshold val-
ues of the pixel intensity gradient in adjacent elements of rows
and columns of submatrices remains relevant.

For BVIPs, the most important objects are stairs in build-
ings, vertical elements such as columns, as well as rectangular
doors, windows, etc. Next, to demonstrate the method, we will use
examples of images with stairs oriented horizontally and vertical
elements that are similar in shape to a rectangle. It is impor-
tant to determine the contours of real images and decide whether
the detected image should be classified as a rectangle based on
the shape criterion. In this case, it is advisable to use a software
method based on the following considerations.

After artificial division, the entire matrix of the video cam-
era is transformed into a cellular one, the rows and columns of
which will not be pixels but collections of pixels in the form of
submatrices. In each submatrix, the Euclidean distance between
all adjacent rows and, separately, between adjacent columns is
determined. Sharp changes in the Euclidean distance should be
expected at the border of the background and object colors. If
the object element is absent in the submatrix, then the Euclidean
distance is zero, since there is no gradient in the pixel inten-
sity. If there is a jump in the Euclidean distance that exceeds a
predetermined threshold, a horizontal or vertical line is created,
depending on whether there is a jump in the Euclidean distance
between the rows or columns of the submatrix. The location of
the lines is determined by the row or column numbers for which
a jump of the specified distance is observed. Let’s assume that the
rows of the matrix from a video camera mounted on the clothing
of a person with poor vision are arranged horizontally, and the
columns are arranged vertically. Otherwise, they can be aligned
with the equipment for stabilizing the position of the video cam-
era, and then there will be no influence of the person’s position
on determining the shape of the observed object.

The results of modeling the contours of real objects showed
that the described method is able to determine some specific con-
tour elements, for example, horizontal or vertical. To do this, it
is necessary to select the dimension of the submatrices and the
Euclidean distance threshold. Qualitative determination of the
entire contour of an object of complex shape is not always possi-
ble. To eliminate this drawback, the paper proposes a combined
submatrix method that connects the described technology for
obtaining object contours for different sizes of submatrices and
thresholds. For example, two options for the sizes of the subma-
trices m X n and n X m are selected. In each variant, the contours
of the object are calculated, which are then superimposed on each
other. One variant better determines horizontal contours, and the
other—vertical. The Euclidean distance thresholds can also be dif-
ferent. Figure 1 shows an illustration representing the technology
of the combined submatrix method, which describes the sequence
of converting the original image of the stairs into contours.

Figure 2 presents a more detailed version of the stair contour
detection. It follows that in simple situations (good lighting, no
interfering objects, etc.), the combined submatrix method reliably
detects horizontal and vertical elements of stairs.
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Figure 1
Example of converting the original image of stairs into contours
using the combined submatrix method

Set 1: Horizontal Edges Set 1: Vertical Edges

Original Image

(SubMat: 50x5, Thresh: 30) SubMat: 50x5, Thresh: 30)

Set 2: Horizontal Edges Set 2: Vertical Edges
Set 1: Combined Edges (SubMat: 5x50, Thresh: 30) SubMat: 5x50, Thresh: 30)

Final Combined Result Combined Edges
(Set 1 + Set 2) Overlaid on Original
| ——— ! ‘

i
i
I?H

Figure 2
Enlarged image of the staircase contours shown in Figure 1

The authors did not aim to achieve the best quality of stair
contour determination, but this can be done by choosing the
sizes of the submatrices and thresholds. The presence of clear
horizontal contour lines is the basis for identifying stairs, and
vertical contours detect their boundaries, which is important for
BVIPs.

The stairs shown in Figure 1, at first glance, can be attributed
to an image with a simple shape, but it should be noted that the
pixel intensity gradients here are not large. Figure 3 shows the
results of determining the stairs’ contours with different submatrix
sizes than in Figure 1, as well as examples of determining the
contours using the Sobel and Canny operators.
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Figure 3
Results of determining the contours of stairs using the submatrix,
Sobel, and Canny methods

Sub-matrix Method:
Horizontal Lines
(Sub-matrix: 50x4)

Sub-matrix Method:
Vertical Lines
(Sub-matrix: 50x4)

Original Image
T

Sub-matrix Method:
Combined Contours

It should be noted that the improvement of contours can
be achieved by adjusting the thresholds for all three methods
or by using the combined submatrix method. Therefore, the
comparison should be made with the best-chosen parameters of
the models underlying these methods. That is why Figure 3 is
illustrative. For other stairs (Figure 4), the submatrix method
(with a size of 200 X 5) and the Sobel and Canny methods give
similar results in the quality of contour detection. It should be
emphasized that the submatrix method was used to construct
Figure 4. The combined submatrix method, as a rule, significantly
improves the result, as can be seen from Figure 1.

The submatrix method (unlike the combined submatrix
method) has the disadvantage of not being able to determine the
contours of objects of complex shape. This disadvantage turns
into an advantage if the contours are simple, such as stairs. It fol-
lows from the figure that other methods determine the contours
not only of stairs but also of other image elements, which are not
always needed by visually impaired people: for them, it is impor-
tant in many cases to clearly determine only the boundaries of the
stairs. Thus, the submatrix method for images has filtering prop-
erties in spatial domains and simplifies human decision-making
based on the determined contours of objects.

For a complex image, the results of determining the contours
of tree trunks in the forest using the Sobel and Canny methods
(with different settings) and combined submatrices are shown in
Figure 5.

Figure 5 shows that all three methods are able to detect tree
trunk contours in a forest, but the combined submatrix method
performs this operation visually better than the other methods.
In this case, the final image with the detected tree contours is
clearer than the original. This is due to the fact that the submatrix
method detects vertically and horizontally oriented objects well. If
the original image does not have clear object contours, then none
of the three methods is effective (Figure 6).

Figure 6(c) is obtained with fixed submatrix sizes, although
for other sizes, it is difficult to achieve clear contours of the stairs
under the specified conditions. However, for many cases, it is
important to optimize the submatrix sizes and the threshold val-
ues. The next section presents a method that allows to obtain
optimal submatrix sizes and thresholds.

5. Optimization of Parameters of the Combined
Submatrix Method

The simplest approach to optimizing the sizes of submatrices
and thresholds is to use a brute force of these sizes and visu-
ally determine the best quality of the contours. Those sizes that
provide the best quality of the contours are considered rational.
This approach requires a lot of time, and the results are, in many
cases, unreliable. For navigation tasks of BVIPs on the ground,
the method is unacceptable. The quality of the contour determina-
tion results cannot be assessed by people’s preferences. Therefore,

Figure 4
Results of determining stairs contours using submatrix, Sobel, and Canny methods

Sub-rqatrix Method Overlay

Sobel Operator Overlay

Cangy Operator Overlay
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Figure 5
Results of determining tree trunk contours in the forest using the (a) Sobel and Canny methods, (b) Canny method at different
thresholds, and (c) combined submatrix method
(a)

Original Image Sobel Gradient Magnitude Sobel Edges (Threshold: 50)
. v SRR R 2

vs Canny(Green)

(b) Canny (0.05) Canny (0.10) Canny (0.15)
Canny (0.20) Canny (0.25) Canny (0.30)
Set 1: Horizontal Edges Set 1: Vertical Edges

(SubMat: 16x16, Thresh: 30) (SubMat: 16x16, Thresh: 30)
2 - -2 P g i o A

i

Se2. Hrintal Edge
(SubMat: 24x24, Thresh: 20) (SubMat
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Figure 6
Results of determining the contours of the stairs in the forest using the (a) Sobel and Canny methods, (b) Canny method at different
thresholds, and (c) combined submatrix method
(a)

Original Image Sobel Gradient Magnitude Sobel Edges (Threshold: 50)
% b i i B s o i 3

k Overlay: Sobel(Red)
vs Canny(Green)

Sobel (Built-in Function)

Canny Edges (0.1, 0.2)
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Canny (0.20) Canny (0.25) Canny (0.30)

Set 1: Horizontal Edges Set 1: Vertical Edges
(SubMat: 16x16, Thresh: 30) (SubMat: 16x16, Thresh: 30)
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it is necessary to find a criterion for comparing the obtained
results. The pixel intensity matrix with determined contours must
be compared with another matrix that has the same dimensions.
The matrix chosen in the paper is the pixel intensity matrix of the
original image. The criterion for the similarity of matrices is the
cosine of the angle between them. If the cosine is equal to one,
then the matrices are identical, and if it is equal to zero, then the
matrices are orthogonal. From the figures given above, for exam-
ple, Figure 5, it follows that there is actually a similarity between
the matrix with the given contours and the original matrix, but it
should be expected that the cosine of the angle will be much less
than unity. The cosine value is an integral indicator that requires
the similarity of the entire matrix. In some cases, for example,
for the conditions of Figure 6, it is advisable to evaluate the
similarity not of matrices but of submatrices that cover only the
stairs in the forest.

Therefore, optimization of the sizes of submatrices and thresh-
olds should be carried out according to the criterion of the
maximum cosine of the angle between the pixel intensity matrix with
determined contours and the same matrix of the original image.

After choosing the optimization criterion, it is necessary to deter-
mine the ranges in which the sizes of submatrices and thresholds
should change. At the first stage, these ranges can be large, and
then, as experience is gained, they can narrow. Since there are many
variables in such a problem, it is advisable to use stochastic opti-
mization methods to maximize the cosine of the angle. The paper
uses a genetic algorithm. The operation of setting the parameters
of the genetic algorithm is important. These parameters affect the
speed of its operation. The faster the optimization is carried out,
the greater the probability of determining the local maximum of
the cosine of the angle between the matrices and not the global one.
Memorizing the values of local maxima in the process of searching
for the global maximum reduces the probability of incorrect opti-
mization. For this, the level of mutations in the genetic algorithm
increases, but the search time also increases.

In the MATLAB program code, the population size, num-
ber of generations, mutation and crossover probability, number
of elite individuals, number of different submatrix configurations
to optimize, minimum and maximum for submatrix dimensions,
and bounds for threshold values are specified. Next, the test image

Figure 7
The original image of the stairs in the house, the reference image of the contours, and the image of the stairs’ contours obtained by the
genetic algorithm with the optimal sizes of the submatrices

Original Grayscale Image

Config 2: [10x11], T=87
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is loaded, converted to grayscale, and normalized in the range
[0, 255]. For comparison, the edge-detected version of the test image
using operator Canny is created. The program simultaneously uses
3-4 different submatrix sizes. The performance of the model for
determining the optimal sizes of submatrices and thresholds is
evaluated using indicators widely used in machine learning:
precision, recall, Fl-score, and accuracy. The genetic algorithm
maximizes the Fitness Function, that is, the sum of the cosine of
the angle between the matrices described earlier and the F1-score.
The cosine of the angle is 70% of the sum, and the Fl-score is
30%. The maximum value of the Fitness Function is called the Best
Fitness Value. The main operators of the algorithm are tourna-
ment selection, two-point crossover, and adaptive mutation. The
algorithm usually requires 30—50 generations to converge.

Figure 7 (top left) shows the original image of the stairs in the
house (same as in Figure 4). The contours of the stairs obtained
by the Canny method are taken as a reference image (to the right
of the original image). The other images show the contours of
the stairs obtained by the genetic algorithm with optimal subma-
trix sizes: three configurations with different submatrix sizes and
threshold values. The bottom right figure describes the best result
provided by the combined submatrix method.

From the comparison of the best image of the staircase
contours (Figure 7) and the same contours with suboptimal sub-
matrices (Figure 4), it follows that the optimization brings the
staircase contours closer to the original image. This is due to the

choice of the optimization criterion. On the other hand, small
details of the contours are not always needed for BVIPs mov-
ing inside the house. The lower central figure demonstrates that
in some cases, even optimal submatrix sizes can lead to unsatis-
factory contour images. In this case, the reason for such a result
is a high threshold. The presence of local extrema of the Fitness
Function can lead to similar contours in the images.

Figure 8 shows the dynamics of convergence of the objective
function, when the difference between the Best Fitness Value and
Average Fitness decreases with the time of operation of the genetic
algorithm. On the right, Figure 8 shows the result of comparing
the optimal staircase contours with the reference one, which indi-
cates the qualitative determination of contours by the proposed
method.

The result of superimposing the detected step contours on
the original image is shown in Figure 9 (top left), and the edge
intensity map is shown on the top right. It can be seen that the
quality of stairs detection is high.

Figure 9 (bottom left) illustrates examples of optimal sub-
matrices and threshold sizes for the case under consideration. If
the characteristics of the first two submatrices and thresholds are
close, then in the third configuration, the differences are signif-
icant, and the result of determining the contours of the stairs,
as shown earlier, is unsatisfactory. The results of evaluating the
system performance (precision, recall, Fl-score, and accuracy)
are shown in Figure 9 (bottom right). Only recall reaches high

Figure 8
The dynamics of convergence of the genetic algorithm (left) and the result of comparing the contours of the stairs in the images (right):
the reference one (red) and the one obtained by the combined submatrix method (green)
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Figure 9
Original image with detected contours, edge intensity map (top), optimal parameters of the three submatrices, metric value of
precision, recall, F1-score, and accuracy (bottom)

Original Image with Detected Contours

Edge Intensity Map

1180

50
1160

100
1140

150
1120

200
100

250
80

300
60

350
; 40

400
20

450

0

100 200 300
20 Optimal Configuration Parameters |Detailed Analysis of Contour Detection Results
] /I Rows
80 Bl cols : Final Fitness: 0.4078
[IThreshold 08l
70 - | ;
g 60 r | .
. __ | So6;
3 S
© 0
€40+ 1 E
© [} |
© s 04
Q30+ |
20t | sl
“mmd mEd ERE
0 0

1 2 3
Configuration Number

values, and the most universal indicator, the Fl-score, is small
for this case. One of the reasons for this result is the fulfillment
of the criterion of similarity of the original image with the con-
tours. A significant disadvantage of the genetic algorithm is the
long time required to determine the optimal submatrix sizes and
thresholds. In this study, it ranges from several minutes to 1.5 h,
depending on the complexity of the image and the parameters of
the genetic algorithm. There is also a possibility that the objective
function will fall into a local rather than a global maximum. Thus,
it cannot be used in real time and is not included in the main
model of the combined submatrix method. Another problem of
the genetic algorithm is the choice of an objective function that
is related to the original image. Other approaches to determining
this function are needed.

Thus, the obtained results show that optimization of subma-
trix sizes does not always provide high-quality contour images.
Such images, obtained using a genetic algorithm, can be used as
a database for training a neural network, which will subsequently

10

evaluate the possibility of making a decision regarding the naviga-
tion of BVIPs in the environment. However, based on this study,
a simpler direction of work follows. Instead of optimal submatrix
sizes and threshold values, rational values can be used, which are
obtained on the basis of a preliminary analysis of images that are
characteristic of the navigation conditions of a blind person. They
are shown, for example, in Figures 1-6. It is advisable to carry out
image analysis not only by the combined submatrix method but
also by other methods described in sections 2 and 3 of the paper.

6. Accuracy of the Method

Analysis of the capabilities of the combined submatrix
method should include the calculation of accuracy indicators. For
this, it is appropriate to compare the obtained contours with the
corresponding contours of objects located in the image; that is,
it is necessary to have a map of real, accurate contours. At the
first stage, the content of such a map can be used as a real image
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Figure 10
Comparison results of cosine similarity with original image and Jaccard similarity with original edges for four contour detection methods
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Figure 11
Results of angle comparison between the original image matrix
and contour matrices obtained by four methods
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(Figure 7) and compare the contours determined by the combined
submatrix method, the Sobel, Canny, and YOLO-like methods.
The similarity of the matrices of this image with the contour
matrices determined by the four methods will be estimated using
the cosine of the angle between the matrices and Jaccard similarity
(Figure 10). The contours determined by the combined method
are the closest to the contours of the original image by the cosine
criterion between matrices compared to the other three methods.
The Jaccard similarity of this method is lower than that of the
Sobel method, and the cross Jaccard similarity of the combined
method with the Sobel method is the highest compared to the
other methods. Therefore, the combined method may be better
than the other methods in some indicators. The numerical values
of the angles between the matrices are shown in Figure 11.
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From Figures 10 and 11, it follows that the most similar
matrices of contours to the original image are given by the com-
bined method of submatrices (the smaller the angle, the greater
the similarity). Complete similarity is ensured when the angle is
zero. For this example, the angle is significantly different from
zero, since in the original image, in addition to the contours of
the steps, there are many elements that do not belong to them.
This simple method does not fully appreciate the capabilities of
the methods. First, cosine treats images as vectors and measures
the angle between them. Edge maps are fuzzy, and therefore,
cosine is insensitive to small spatial displacements. Second, it
ignores the localization tolerance: a contour displaced by a few
pixels is still correct. Third, cosine requires careful normalization
for comparison, which is associated with scale and pixel intensity
issues. This is why it is necessary to use other comparison criteria
without involving the original image.

These include the generally accepted indicators: precision,
recall, Fl-score, and IoU (Intersection over Union). Instead of
the original image, in the absence of an accurate contour map, it
is advisable to take the contours of simple geometric shapes, in
particular, a rectangle, a triangle, and a circle, the coordinates of
each point of which are known in advance. The results of the anal-
ysis of the accuracy of determining the contours of such objects
are shown in Figures 12, 13, and 14.

The performance metrics summary is given in Table 1.

Thus, the combined submatrix method has approximately
the same accuracy as other methods used to detect the contours
of objects such as steps. Its advantage is the ability to adjust the
size of the submatrix and the threshold for better contour detec-
tion (Figure 12). If a blind or visually impaired person uses the
same route, then high contour detection accuracy can be achieved
by pre-adjusting the size of the submatrices and the threshold. In
other cases, these parameters can be selected based on experience.
The study showed that it is not possible to unambiguously choose
any one method for contour detection in all environmental condi-
tions, which is typical for navigation by people with poor vision.
The widespread use of neural networks and a combination of
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Figure 12
Results of comparison of object contour detection methods
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Figure 13
Precision, recall, F1-score, and performance metrics comparison, characterizing the effectiveness of the four methods in detecting the
contours of a rectangle, triangle, and circle
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Figure 14
Results of robustness assessment of four methods (sensitivity to noise) using F1-score and IoU
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Table 1
The performance metrics summary
Method Precision Recall Fl-score IoU Time (s)
Rectangle
CSM 0.3346 0.2815 0.3058 0.1805 0.1416
Sobel 0.4978 1.0000 0.6647 0.4978 0.1278
Canny 0.0034 0.5011 0.0067 0.0034 0.2257
YOLO 0.0195 0.1337 0.0340 0.0173 0.0878
Triangle
CSM 0.1521 0.0403 0.0637 0.0329 0.0814
Sobel 0.4976 1.0000 0.6645 0.4976 0.0223
Canny 0.0049 0.8278 0.0098 0.0049 0.0765
YOLO 0.0487 0.2772 0.0828 0.0432 0.0568
Circle
CSM 0.6308 0.2406 0.3483 0.2109 0.0927
Sobel 1.0000 0.5985 0.7488 0.5985 0.0299
Canny 0.0065 0.3686 0.0128 0.0065 0.1368
YOLO 0.0395 0.1018 0.0569 0.0293 0.0308

different methods can improve the results, but this requires further
research.

7. Conclusions and Prospects for Future Research

Bringing the living conditions of BVIPs closer to the level
of ordinary people is an important problem of modern society.
One approach to solving this problem is to use technical means,
in particular video cameras, to guide people in areas with many
obstacles. There are many methods of finding obstacles based
on determining their contours. The paper proposes another one,
which is called the method of combined submatrices. It is based on
dividing the pixel intensity matrix of the source image into subma-
trices, each of which determines the Euclidean distance between

adjacent rows and columns. For those row and column coordi-
nates where a pre-selected threshold of such distance is exceeded,
a horizontal or vertical line is drawn, depicting part of the con-
tour of some object on the video camera matrix. This is part
of the combined submatrix method, which is simply called the
submatrix method. It well detects the contours of the horizontal
and vertical elements of the entire object. The combined subma-
trix method performs the same operations, but in this case, the
entire matrix is divided into submatrices of two different sizes.
The contours of obstacles are determined for these submatrices
and then superimposed on each other. A visual comparison of
the effectiveness of the proposed method with known methods
based on the use of YOLO, Sobel and Canny operators is carried
out. All three methods are effective when there are large gradi-
ents of pixel intensity in adjacent rows and columns of the matrix.
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For blurred images, the problem of qualitatively determining con-
tours is not always solved. It is shown that in some situations, the
method of combined submatrices is more effective than others.
By optimizing the sizes of submatrices using a genetic algorithm,
better results can be achieved. The optimization criterion is the
cosine of the angle between the matrix with the determined con-
tours and the matrix of the original image. Since the operating
time of the genetic algorithm varies widely from minutes to hours
(depending on the parameters of the genetic algorithm, image, etc.),
the optimization cannot be carried out in real time. Predetermined
contours of many objects on the matrices of video cameras using
submatrices of optimized sizes and thresholds can be included in
the database with training samples for neural networks. It is promis-
ing to estimate the probability of correctly assigning contours to a
given shape of an object in the interests of obtaining information
for BVIPs.

The main directions of future research on the topic of the
article may be, first, the widespread use of deep learning and
artificial intelligence methods, in particular, the edge detector
based on MobileNet, ConvNext-SE-Attn models, and models
based on DarkNet [41-43]. MobileNet is excellent for detecting
object contours in real time. ConvNeXt-SE-Attention provides
improved localization and suppresses noise. DarkNet is integrated
with real-time YOLO-type detectors. The second is the modern-
ization of the method by optimizing the sizes of submatrices
depending on the specific image. The main problem in this case
is the choice of a reliable optimization criterion.

Recommendations

The conclusions showed that there are now many methods
for determining the contours of objects on video camera matrices.
The combined submatrix method proposed in the paper is also
based on the use of pixel intensity gradients. It has advantages
when the shape of objects consists mainly of horizontally and
vertically oriented elements. This is important for navigation of
BVIPs in an urban environment. For other practical needs, it is
close in quality of results to other methods.
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