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ANALYSIS OF CONTOUR DETECTION ALGORITHMS FOR MOBILE ROBOTS

Abstarct. An important task for autonomous robots is to navigate safely in unfamiliar
environments, potentially using computer vision to detect and recognize obstacles. Vision-based
control systems have been developed for several years. Some rely on artificial landmarks, while
more advanced systems make use of natural landmarks.The latter approach is preferable when a
robot must operate in real, unstructured environments.

In the field of autonomous robot navigation, which includes map building, path planning,
and self-localization, this work develops the concept of a simple autonomous agent relying
exclusively on visual information. The integrated navigation system reproduces certain functions
of natural systems, as it requires minimal prior knowledge, limited onboard computation, and
lacks an omnidirectional field of view. Since the goal is to move the robot across the floor while
avoiding obstacles and people, the camera is mounted on top of the robot in a fixed forward-facing
position.

The article focuses on one of the fundamental tasks of image processing—detecting the
boundaries of objects in the observed scene. The aim of the research is to study contour detection
algorithms based on preliminary image filtering and to compare the proposed approaches with
well-known edge detectors such as Sobel, Canny, and Laplacian of Gaussian. Preliminary filtering
is used to suppress image noise and enhance edges.

The scientific novelty of the work lies in the development and experimental evaluation of a
contour detection algorithm that incorporates a pre-filtering stage based on contrast enhancement,
the Kalman filter, and Monte Carlo methods. This increases the robustness of video processing
for mobile robots operating in noisy environments.

The Sobel, Canny, and LoG algorithms were comprehensively analyzed and compared using
a set of metrics, including the number of lost pixels, mean squared error, normalized MSE, and
the structural similarity index. This approach provided a deeper understanding of their
effectiveness under different noise conditions.

Keywords: computer vision, image processing algorithms, Kalman filter, Monte Carlo
methods, image segmentation, Laplacian of Gaussian, Sobel and Canny algorithms, real-time
video analysis.

Introduction.

One of the fundamental problems in the field of image processing is the extraction of object
contours and other elements of the observed scene. This can also be used for robot orientation
based on natural landmarks [1,2,3]. In general, contour extraction is used to significantly reduce
the mount of data in an image while preserving structural properties that can be used for further
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image processing [4]. Contours of objects and scene elements can also serve as key features when
matching heterogeneous images obtained, for example, from sensors of different types [5].

The result of boundary extraction is a set of connected curves that represent the contours of
objects. In real images, it is often impossible to extract all points belonging to the contours.
Frequently, the contour image produced by an algorithm has shortcomings, such as missing
observable boundaries, gaps, or the presence of false boundaries that do not belong to objects or
segments in the scene. The task of contour extraction becomes significantly more difficult when
the object boundary is blurred or insufficiently smooth, which may be affected by noise and
various characteristics of the image acquisition process.

A large number of studies have been devoted to the problem of contour extraction. Most
algorithms are based on computing the gradient (the magnitude of intensity change in a specific
direction) by convolving the image with a kernel—a gradient operator. Many such operators have
been proposed: the cross Roberts operator [6], the Sobel operator [7], the Prewitt operator [8], the
discrete Laplacian operator [9], the Kirsch operator [10], the Robinson operator [11], and others.
A gradient operator may be represented by one or several kernels for computing gradients in
different directions—for example, vertically, horizontally, or diagonally.

Often, the first step of a contour extraction algorithm is image preprocessing in order to
improve the final result. For instance, blurring is commonly used to suppress noise in an image.
In this work, the quality of contour extraction algorithms will be evaluated on both original and
preprocessed images. The following approaches to preliminary image enhancement are
considered: contrast enhancement, image correction using the Kalman filter, and the Monte Carlo
method.

This work proposes a contour extraction algorithm consisting of two stages. The first stage
is image preprocessing aimed at improving the final result. The second stage is the contour
extraction itself. It should be noted that preprocessing is optional and can also be used together
with well-known edge detection algorithms.

Materials and Methods.

One of the main tasks of computer vision is object recognition in images. To achieve this,
classification and detection methods are employed, such as Support Vector Machine (SVM),
Cascade Classifier method (see Figure 1 and Deep Learning methods) [12,13].

These techniques are widely used for tasks that involve detecting and identifying objects in
static images or video streams. SVM 1is a supervised machine learning algorithm that is used for
classification and regression tasks, often applied in image recognition. Cascade Classifiers are
particularly effective for object detection in real-time applications, such as face detection, as they
use a series of increasingly complex classifiers. Deep Learning, particularly Convolutional Neural
Networks (CNNs), have revolutionized the field by allowing for more complex feature extraction
and learning patterns from large amounts of data, leading to improved object detection and
recognition.

These methods form the core of many modern computer vision applications and are crucial
for tasks related to image processing, real-time video stream analysis, and autonomous systems.

All sub-
windows

Further
processing"

Reject sub-windows

Figure 1 — Schematic of the Detection Cascade
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The general form of the detection process is a degenerate decision tree, which we refer to as
a "cascade." A positive result from the first classifier triggers the evaluation of the second
classifier, which has also been tuned for very high detection performance. A positive result from
the second classifier triggers the third classifier, and so on. A negative outcome at any stage
immediately leads to the rejection of the sub-window.

An important aspect of computer vision is image segmentation, which involves dividing an
image into separate parts to extract more detailed information. Various algorithms are applied for
this purpose, such as thresholding methods, region growing methods, and graph-based
optimization methods (see Figure 2).

Figure 2 — Synthetic Image (Gray Image 40 % 32) and Segmentation Using Graph-based
Optimization Based on Similarity to Neighboring Graphs

Another important task in computer vision is object tracking in video. For this purpose,
optimization methods such as the Kalman Filter and Monte Carlo Methods are used [14, 15].

The Kalman Filter is an algorithm used to estimate the state of a system based on incomplete
and noisy data. It was developed by Rudolf Kalman in 1960 and has found wide applications in
various fields, including automatic control, navigation, and signal processing.

The main idea of the Kalman Filter is that it combines system measurements and a model of
its dynamics to obtain the best estimate of the current state of the system. This is done by estimating
mathematical expectations and covariance matrices, which represent measures of uncertainty in
the measurements and the model.

To formalize the Kalman Filter algorithm, matrix algebra is used. The state of the system is
represented as a state vector X, which describes all known parameters of the system. The system's
dynamic model is given by the transition matrix F and the control vector u. The system
measurement is given by the measurement vector z and the measurement matrix H.

At the first step of the Kalman Filter, the initial system state x0 and the initial covariance
matrix PO, representing the uncertainty in the initial estimate, are evaluated. Then, at each
subsequent step, the algorithm performs the following steps:

Prediction of the System's State:

Xg— = Fr—1Xp-1 + Bug—4 ()

where:
-k is the current step number;
- "-"denotes the predicted value;
- Fj_; is the transition matrix at the current step;
- Buy_4 is the control vector at the current step

Prediction of the Covariance Matrix:
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Pk—= Fy_1Pg_1F1T + Qr—1 (2)
where: Qx—_1 - 1s the covariance matrix of the model noise.
Update of the System's State Estimate:

Kk = Pk - HkT(HkPkaT + Rk) - 1
3)

where: K}, - is the Kalman gain matrix
H,, - is the measurement matrix at the current step;
Ry, - is the covariance matrix of the measurement noise at the current step.

Update of the System's State Estimate:

X = X — + Ky (zx — KiHy-) 4)
where 7, - 1s the measurement at the current step.
Update of the Covariance Matrix:

Py = (I = KiHy )Py (5)

where I is the identity matrix.

These steps are performed for each subsequent step of the Kalman Filter. At each step, the
algorithm uses the new measurement of the system and the model of its dynamics to update the
estimate of the current state of the system. The key point is the optimal combination of the
measurement information and the system's dynamic model to obtain the best estimate of the
system's state.

The Kalman Filter has many applications in various fields, including automatic control,
navigation, and signal processing. For example, it can be used to control a missile, determining its
current position and velocity based on sensor information. It can also be used in mobile devices to
determine the user's location based on GPS signals and other sensors.

The Monte Carlo method is a statistical technique used to solve mathematical problems by
generating random numbers and estimating statistical characteristics of the obtained results. It was
developed in the 1940s as part of the Manhattan Project for modeling nuclear reactions, but today
it is widely applied in many fields, including physics, biology, economics, and machine learning.

The main idea behind the Monte Carlo method is that it generates random numbers according
to a given distribution and uses them to estimate integrals and mathematical expectations. To do
this, the Monte Carlo method uses the law of large numbers, which states that as the number of
random samples increases, the accuracy of the estimate improves.

To formalize the Monte Carlo method, mathematical statistics and probability theory are
used. Sample means and variances are used to estimate statistical characteristics. For example, to
estimate the integral of a function f(x) over the interval [a, b], the following formula can be used:

I'=(b—a)*E[f(x)] (6)

where E[f (x)] is the expected value of the function f(x), which can be estimated using the
sample mean:
E[f ()] = 1/N » sum(f (x0)) (7)
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where N is the number of random samples, and x; is the i-th random sample.

To estimate the variance of the integral estimate, the following formula can be used:

b _ 2
Var(l) = % « (ELF()?] - E[F(O1D)
)

where E[f(x),] - is the expected value of the square of the function f(x), which can be
estimated using the sample variance:

B = =+ Y (1))
9
where N is the number of random samples, and x; is the i-th random sample.

Real-time video stream analysis algorithms have wide applications in various fields,
including computer vision, machine learning, robotics, and others. One of the key tasks in video
stream analysis is to separate objects from the background and determine their movement and
trajectory. To solve this task, various image and video processing algorithms are used, such as
background subtraction algorithms, motion detection algorithms, and object tracking algorithms.

Background subtraction algorithms allow the static background to be separated from the
moving objects in the video stream. Various methods are used for this, such as Gaussian model
methods, median filtering methods, and sample-based learning methods. The most popular method
is the Gaussian model method, which assumes that the intensity of background pixels follows a
Gaussian distribution and can be described using a mathematical model.

The Gaussian model method is an image segmentation technique that uses a Gaussian
distribution to model the intensity of background pixels. This method is widely used in various
areas of computer vision, such as video surveillance, image processing, and pattern recognition.

The main assumption of the method is that the background pixel values at any point in the
image can be described by a Gaussian distribution. Therefore, the background model can be
described as:

P(x) =

(10)

where P(x) - is the pixel intensity;
U - 1s the mean intensity of the background;
o? - is the variance of the background intensity.

For each pixel in the image, the background model can be applied to calculate the probability
that this pixel is part of the background. If the probability is higher than a threshold, the pixel is
considered part of the background; otherwise, it is considered part of the foreground.

One of the main advantages of the Gaussian model method is its simplicity and high
processing speed. However, this method can have issues in cases of lighting changes, shadows,
camera movement, and other scene anomalies. To address these issues, more complex methods,
such as the Gaussian mixture model or techniques based on object movement modeling, can be
used.

Motion detection algorithms allow for determining the movement of objects in a video
stream. They are based on analyzing changes in pixel brightness and texture across consecutive
frames of the video stream. To detect motion, optical flow and differential image methods are
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commonly used. Optical flow represents a vector field that describes the motion of objects in the
video stream, while differential image methods are based on analyzing the difference in brightness
between consecutive frames.

Differential image methods [16] are a class of computer vision methods that use the
brightness difference between consecutive frames in the video stream to determine the movement
of objects in the image. The main idea is that the change in brightness between two consecutive
frames can be used to determine the motion of objects in the image.

One of the differential image methods is the optical flow method. It is a vector field that
describes the movement of objects in the image. To calculate optical flow, the following formulas
are used:

a1 a1 ol
ﬁu + @V + &u =0
(11)
where I is the image brightness;
u and v are the components of optical flow;
s—i, 2—; and % are the partial derivatives of image brightness with respect to the coordinates x, y,
and time t.

This formula describes the condition that the brightness of an object in the image remains
constant over time. From this, the components of the optical flow u and v can be expressed:

a1 9l
Ox 0t

(ﬂ)z N (ﬂ)z
d0x dy
a1 01
dy ot
(ﬂ)z N (ﬂ)z
d0x dy
(13)

This formula describes the condition that the brightness of an object in the image remains
constant over time. From this, the components of the optical flow \(u\) and \(v\) can be expressed.

Thus, optical flow can be calculated by computing the partial derivatives of image brightness
and solving the system of equations.

One of the advantages of the optical flow method is its high accuracy in determining the
movement of objects in an image. However, this method has some limitations, such as changes in
lighting, fast movements of objects, and other factors that may lead to inaccuracies in the optical
flow estimation.

Object tracking algorithms allow for tracking the trajectories of moving objects in a video
stream. Various methods are used for this, such as model-based methods, camera calibration-based
methods, and graph-based methods. The most popular method is the model-based approach, which
assumes that the object's trajectory can be described using a mathematical model, such as the
Kalman filter. This method allows for tracking the movement of an object even if it is partially
occluded by other objects or if there is a change in lighting.

To implement real-time video stream analysis algorithms, computational limitations must be
taken into account. Video stream processing requires significant computational resources, so
optimized algorithms and specialized hardware solutions, such as graphical processing units
(GPUs), must be used.

One of the main metrics for evaluating the quality of video stream analysis algorithms is the

u=—-

(12)

257



Ne1(40) AAA XKAPLLbICHI

accuracy of trajectory detection. Metrics such as the Mean Object Tracking Accuracy (MOTA)
and Mean Object Tracking Precision (MOTP) are often used to assess accuracy. These metrics are
used to evaluate the performance of computer vision algorithms in object tracking tasks.

MOTA represents the mean trajectory error and is defined as:

(ZQFN; + Z()FP; + Z()IDsy,)

MOTA =1 —
2(i)GT;
(14)
where:
FN; - is a false negative result (missed detection);
FP; - is a false positive result (false alarm);
IDy,,,_ - is an erroneous identification;
GT; - is the ground truth.
MOTP represents the mean position error and is defined as:
2(1)d;
MOTP =
2(De
(15)

where:
d; is the distance between the true and predicted position,
¢;1 1s the number of correspondences.

Both metrics are important for evaluating the performance of object tracking algorithms.
MOTA measures the overall tracking accuracy, considering false alarms, misses, and identification
errors. MOTP measures the accuracy in determining the positions of objects, which can be crucial
in various applications.

However, it should be noted that these metrics can be sensitive to the choice of threshold
values and may not account for certain aspects of the object tracking task. Therefore, when
evaluating the performance of object tracking algorithms, it is important to use multiple metrics,
perform error analysis, and consider the specifics of the task at hand.

Results and Discussion.

The Sobel, Canny, and Laplace-Gaussian (LoG) algorithms are popular image and video
stream processing algorithms used for edge detection in images and videos. Let's take a closer look
at each of these algorithms and perform a comparative analysis of their efficiency using Python
code examples.

The Sobel algorithm is used to detect object boundaries in an image. It applies two operators:
one for calculating the gradient in the horizontal direction, and another for calculating the gradient
in the vertical direction. These operators are then used to determine the strength and direction of
the gradient at each pixel. The result is an image where the object boundaries are highlighted in
white, and the other pixels are black.

The Canny algorithm is also used for edge detection. It begins by blurring the image with a
Gaussian filter, which removes noise and smooths the image. Then, gradients in the horizontal and
vertical directions are calculated, and the strength and direction of the gradient are computed for
each pixel. Next, a thresholding operation is performed, where pixels stronger than a defined
threshold are marked as edges. Non-maximum suppression is also applied to find local maxima
along the edges, and the rest of the pixels are suppressed to zero. Finally, edge narrowing is
performed to produce a more precise image of the object boundaries.
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The Laplace-Gaussian (LoG) algorithm is used to detect edges in an image. It starts by
blurring the image with a Gaussian filter, then computes the Laplacian of the image, which is the
second derivative in both the x and y directions. Points on the image where the Laplacian reaches
a local maximum indicate the presence of an edge. The result of the algorithm is an image where
the object edges are highlighted in white, and other pixels are black.

Figure 3 — Results of contour detection: a) original image; b) Sobel operator; c) Canny
algorithm; d) Laplacian of Gaussian algorithm.

The following characteristics were selected as criteria for evaluating the quality of object
contouring in images:
- Assessment of the number of lost pixels in the contour
Robustness of contouring methods to noise
Mean Squared Error (MSE) of contour detection

Structural Similarity Index (SSIM)

The assessment of the number of lost pixels in the contour represents a comparison between
the number of pixels belonging to the reference contoured image and the number of contour pixels
in images processed by the software system using the presented contouring methods.

Robustness of contouring methods to noise is understood as the number of lost contour pixels
when noise is added to the original image.

For testing purposes, Gaussian noise with different coefficients a was applied (simulating
weak and strong noise levels).

The mean squared error was computed pixel-by-pixel between the reference contoured
images and the contoured images obtained by the software system using the selected contouring
methods.

The Structural Similarity Index compares small image fragments (typically 8x8 pixels). This
evaluation method takes into account the “perception of error” by considering structural changes
in the information. The SSIM index ranges from —1 to +1 (the value +1 is achieved only when the
samples are completely identical):

(2pepy + €1)(20,y + C2)
(02 +p2+Cy)(02+ 02+ ()
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After testing the methods for noise robustness, the following graphs were obtained:
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Figure 4 — Number of lost pixels after contouring: a) Laplacian of Gaussian; b) Sobel operator;
d) Canny algorithm.

The gaps in the first two graphs are due to the different numbers of pixels in the original
images. Images belonging to groups 4 and 5 have a smaller total number of pixels, and accordingly,
the relative pixel loss is also lower.

It can also be observed that the number of lost pixels is smaller when using the Canny
detector. Noise has little effect on the detection quality, and there is no clear boundary between
losses under low noise and high noise conditions.

The average percentage of lost pixels for each method and image group is presented below:

Table 1 — Average Percentage of Lost Pixels

Ne CANNY SOBEL LAPLAS
1 1.20% 16.49% 14.22%
2 0.49% 16.34% 16.26%
3 0.37% 16.26% 17.02%
4 1.46% 5.07% 8.18%

5 1.62% 5.22% 8.10%

As can be seen from the table, the Canny method shows a lower percentage of lost graphical
information when noise is applied. The Sobel method performs better for image groups 3, 4, and
5 compared to the LoG method, which, in turn, handled groups 1 and 2 better than Sobel.

The mean squared error (MSE) for edge detection was calculated using the NumPy package
for Python, which is designed for working with multidimensional arrays and matrices, as images
are processed as multidimensional arrays.
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The graph below presents the mean squared error values for the control group of images,
which contains representatives from each class of the selected medical images.

MSE

—Canny Sobel Laplas

Figure 5 — Mean Squared Error of Edge Detection

As can be seen from the graph, the mean squared error (MSE) of edge detection for the
Canny method is higher than for the other methods. This may be due to the double-threshold
filtering applied in this method, which results in fewer false edges being detected. Since the
difference (error) between the absence of an edge (black pixel) and the presence of an edge (white
pixel) is maximal, a smaller total number of edges (including false ones) negatively affects the
MSE value.

To account for this characteristic, a normalized mean squared error was used—that is, the
error divided by the number of pixels in the edge. The results are shown in the graph below:

Normalize MSE

0.6

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

—Canny —Sobel Laplas

Figure 6 — Normalized Mean Squared Error

As can be seen from the graph, the error curve of the Canny method is smoother, and for all
image groups, the error does not exceed 0.3 +0.05.

However, the mean squared error alone is insufficient for evaluating edge detection quality,
so the Structural Similarity Index (SSIM) is additionally calculated.
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For a more comprehensive assessment of edge detection quality, the Structural Similarity
Index (SSIM) is used. The SSIM was computed using the NumPy and Pandas packages in Python.

The Structural Similarity Index indicates how closely images correspond to each other on a
scale from —1 to 1.

SSIM

——

—Canny Sobel Laplas

Figure 7 — Structural Similarity Index of the Control Group of Images for the Selected Edge
Detection Methods

As can be seen from the graphs, the highest similarity coefficient is observed when using the
Canny-based detector. The Sobel and LoG methods perform worst on image group 5.

Conclusions.

In conclusion, real-time video stream analysis algorithms have a wide range of applications
in various fields, including video surveillance, automatic transportation control, medical
diagnostics, and more. Key areas of application for real-time video stream analysis and processing
algorithms in robotics have been identified.

The Sobel algorithm has a simple implementation and high processing speed, making it
suitable for real-time video stream processing. However, it is sensitive to noise in the image and
may produce false results on images with uneven backgrounds or where objects blend into the
background.

The Canny algorithm is more accurate than the Sobel algorithm and provides clearer and
more precise object boundaries. However, it is more resource-intensive and slower than Sobel,
making it less suitable for real-time applications.

The Laplace-Gaussian algorithm is the most accurate among the three, but it is also the
slowest and requires more resources. It can yield the best results on images with a significant
amount of noise and complex structures, such as lines, points, and circles.

A quantitative relationship between edge detection quality and the level of noise distortion
has been established, enabling the recommendation of the optimal method for computer vision
systems in mobile robots. For the first time for this task, a comparison of methods using the SSIM
metric was conducted, which made it possible to identify the advantages of the Canny detector and
the limitations of the Sobel and LoG algorithms when working with real video streams.

The choice of video stream processing algorithm depends on the specific requirements of
the task. If fast execution with minimal resource usage is needed, the Sobel algorithm is the best
choice. If the highest quality results are required, the Laplace-Gaussian algorithm should be used.
The Canny algorithm can be a good middle ground when more precise processing is needed, but
without the high resource demands of the Laplace-Gaussian method.
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MOBWJIB/II POBOTTAP YIUTH KOHTYPJIBIK JETEKIIUS AJITOPUTMIEPTH
TAJJIAY

Anoamna. Aémoromovl pobommapoviy Manwvl30bl MIHOemmepiniy Oipi — manvic emec
opmaoa Kayinciz Ko3eany, MyMKIHOICIHUE Hcacanobl Kepy apKblibl Keoepeiiepoi AHbIKMAY HCoHe
mawy 6onvin madeliaovl. Busyanovl bacxapy cyiienepi Oipreute JHCbLIOAH Oepi 0amblmbvlibin
kenedi. Onapovly keubipi JHcepinikmi Heacanobl HbICAHOAPObL KOIOAHCA, Al Jcemindipiieenoepi
maoduau Hblcanoapaa CyueHeoi.

Pobommapoviy agmonomobl K032anblchbl CANACHIHOA, 02AH KAPMALAp Hacay, Mapuipym
JHcocnapay sncane 630icineH OpHANAcy (camonoxayus) Kipeoi, HCYMblc 8U3Yan0bl AKNApamKa eana
cyuenemin KaApanauvlM —A8MOHOMObI dA2eHm UOeACblH Oamvlmaovl. Humeepayusnianean
HasUu2ayusIvIK Kcyiie mabuau scyienepOoiy Kelbip pyHKyusIapvlH Kauma jxacaiosl, cebedi on az
anovin-ana 0inimoi, 6opmmaevl ecenmeynepoi KONOAHAObL JHCIHe OapivlK 0asblmmbl KOpy
MyMmKiHOiciHe ue emec. Makcam — pobommsl edeHOe Keldepziiep MeH aodamoapoax aynax
HCHLIHCHIMY OONAHOLIKMAH, KAMepa poOommuly YCmine OpHAMbLIbIN, 184 Kapambvin OeKimiiceH.

Maxanaoa xeckindepodi eyoey canracvinoagvl Heeizei MiHoemmepoiy Oipi KapacmvipoliaH,
o1 Oaxwinay Kopinicinoezi o00vekminepoiy wemmepin 0Oeonin Kopcemyze OAQUIAHLICMBL.
Kymvicmoly makcamol — anovi ana cyseineyee nezizoenzen 00vekminepOiy, KOHMypaapvlH O6in
Kepcemy aneopummoepin 3epmmey, YCblHblLI2aH macinioepoi dencini Sobel, Canny sxcane Laplace-
Gauss wem OemexkmopiapvlMer canvicmulpy. AnoviH ana cyseiney Koa0awy KecKiHoezl uiyovl
bacyea sncane wemmepoi AuKbIHOAY2a MYMKIHOIK bepeoi.

Foinvimu orcananvigbl — KOHMPAcmmesl apmmuipy2a He2izoeleeH anoviH ana cyseiney, Kaiman
@urempi scane Monme-Kapno adicmepin Kammumovin KOHMYpAapObl 60N Kepcemy aneopummin
arcacay sncane madicipubenix bazanay, oyn moounboi pobommoiy 8UOEONOMOKMbL 6HOeyoe uLyed
Me3iMOLiciH apmmulpyea MyMKIHOIK Oepeo.

Sobel, Canny scone LoG anzopummoepi bipkamap mempuranap OoubiHuia KeueHoi mypoe
3epmmenin, Caniblcmbipouliobl (Hcoeanzan nukcenvoep camvl, MSE, nopmananzan MSE owcone
KYpolIbiMOblK  YKcacmulk unoexci SSIM), oyn apmypni 3aKubimoany oOeneeuinoe oaapovly
MUiMOiniein mepenipex mycinyee MymKinoik 6epoi.

Tyitin co30ep: xomnvromepnix Kepy, beunenepdi enyoey ancopummoepi, Kaiman cyseici,
Monme-Kapno adicmepi, 6etinenepoi ceemenmayusnay, Cobenv dcone Kannu anecopummoepi,
HAaKmul yaxKulmmagsl Oeline manoay.

AHAJIN3 AJITOPUTMOB KOHTYPHOI'O AETEKTUPOBAHUSA J1JIsA
MOBUJIBHBIX POBOTOB

Annomauun. Baoicnou  3adaueil.  A8MOHOMHbIX  poOOMO8  AGNsemcs  0Oe30nacHoe
nepeosudiceHue 8 He3HaKkoOMoll cpede, B03MONHCHO, C UCNONIbIOBAHUEM UCKYCCMBEHHO20 3PEHUS OIf
obOHapysicenuss U pacno3uaganus npenamcmeui. Cucmemvl  8U3YANLHO20  YNPABIEHUS.
paspabamulearomcs yce Heckoavko Jaem. Hexomopvie u3 HUX UCNOAL3YIOM UCKYCCMBEHHbLE
OpUEHMUPbLL HA MECIHOCMU, 8 MO 8PeMsl KAk OoJlee cosepuieHHble NO1A2aAOMCsl Ha eCMech8eHHble
OpUeHmupbl.
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B ob6nacmu aemonomnoco nepedgudiceHusi po6omos, eKuouarwel cozoanue Kapm,
NIAHUPOBAHUE Mapuipyma u camoiokayuio, 6 pabome pazeusaemcs uoesi Hnpocmoz0
A8MOHOMHO20 A2eHMA, ONUPAIOWE20Cs MOJILKO HA 8U3YATbHYIO UHpopmayuto. MnmezpuposanHas
HABUSAYUOHHASL CUCEMA B8OCHPOU3BOOUM HeKOomopble QYHKYUU eCmecmeeHHbIX CUCMeM,
HOCKOJIbKY UCHONIb3Yem MAlo anpUOPHLIX 3HAHUL, OOpPMOBLIX BbIYUCIEHUL U He umeem
ecenanpaegienno2o 063opa. Ilockonvky yenv, cocmoum 6 mom, 4umobwl nepemewjams poboma no
nony, uzbezas npenamcmeuil u a00el, Kamepa Haxooumcs ceepxy poboma u YCmMAaHoglieHda 8
DUKCUPOBAHHOM NOJIOAHCEHUU, YMODbL CMOMPEMb 8NeEPeO.

B cmamovu paccmompena oona uz 6azoevix 3a0au 6 obaacmu 06pabomxu u300pajiceHull,
CBA3AHHAS C BblOeNeHUEeM 2PaHuy 00bekmos Haboaemol cyensl. Llervlo pabomsi Ansemcs
uccnedosanue ancopummos GuloelieHus KOHMYPO8 00bEeKmo8 HA U300PAdCeHUU HA OCHO8e
npeosapumenvHol  urbmpayuu, CpasHeHue NnpeoiazaemMvlx HooxX0008 C  U38ECMHbIMU
oemexmopamu epanuy Cobens, Konnu u Jlannaca-Iaycca. Hcnonvzosanue npedsapumenbHol
Gurempayuu 00YC1061€eHO BO3MONCHOCBIO NOOABUMb UWLYMOBYIO COCMABTAIOUYVIO U300PAHCEHUS,
a makoce NoO4YepPKHYmMb 2PAHULbL.

Hayunas nosusna pabomel 3axniouaemcs 6 paspadomke u 9KCNEPUMEHMANbHOU OYeHKe
aneopumma 6vl0ejleHUsi KOHMYPOS, GKIIYaAueco man npedsapumensHol @Guismpayuu
u300padicenus Ha OCHO8e NovluleHuss Konmpacma, gurvmpa Kaimana u memoooe Monme-
Kapno, umo nossonsem nogvicumsv ycmouuusocms o06pabomKu 6UOeonomoxa MOOUTIbHO2O0
poboma K wiymam.

Komnnexcro uccnedosanvt u cpasmenvt arcopummut Sobel, Canny u LoG no cosoxynnocmu
Mempux  (konuuecmeo nomepsaunvix nuxceneu, MSE, nopmanuzosanmwii MSE u unoekc
cmpykmyproz2o cxoocmea SSIM), umo obecneuuno 6onee 2nyb60KOe HOHUMAHUE — UX
ahpexmusHocmu 8 yCr08uUsAX PazIUdHOU 3aUYMIEHHOCTU.

Knrouesvie cnosa: xomnvromepHoe 3peHue, ancopummsl 00paboOmku uU300padceHull,
Gunemp Kanmana, memoowr Moume-Kapno, ceemenmayus uzoopascernuii, OpenCV, aneopummoi
Cobens u Kannu, ananu3z 6uoeo 6 peaibHOM 8peMeHU.

ABTOpJIap TYpaJjbl MdJiMeT

Kepees Ammmkan | PhD, K.Ky0OaHoB aTeiHmarel AKreOe 6HIpIIK YHHBEpPCHTETI, WHQOpPMAaTHKA >XOHE
KyTtbiMoBHy aKIapaTTHIK TEXHOJIOTUsUIAp KadeapachHbIH 101eHTi, AKTe0e K., KazakcTan
E-mail: .adiljan@mail.ru
XKaitneibaeBa Atimana | maructp, K.JKyOaHoB aTeiHmarsl AkTeOe OHIPIIK YHHBEPCHTETi, HHPOpPMATHUKA KOHE
OMapKpI3bI aKMapaTThIK TEXHOJOTHsIIAP KadeapacklHbIH OKBITYIIBICH, AKTOOE K., Kazakcran
E-mail: aidana_6143@mail.ru
TammmoBa Amnap | maructp, K.J)KyOaHoB areiHarsl AKTeOe OHIPJIK YHHBEPCHTETi, HH(POPMATUKA KOHE
Kommmosna aKMapaTThIK TEXHOJOTHsIIAp KadeapachlHbIH aFa OKBITYIIBICH, AKTO0e K., Kazakcran
E-mail: anar_6868@mail.ru
Kamapoga JIazzar | maructp, K.JKyOaHOB arbiHmarel AKTeOe OHIpIiK YHHUBEPCHUTETI, MHPOPMATHKa JKOHE
EcenranueBna aKMapaTThIK TEXHOJOTHsIIAP KadeapacklHbIH OKBITYIIBICH, AKTOOE K., Kazakcran
E-mail: lazzat_09@mail.ru
Ymup3akoBa bany | maructp, K.XKyOaHoB arbiHiarsl AKTe0Oe eHIpIiK yHUBEpCHTETi, HH)OPMATHKA KOHE
l'abuneHoBHa aKmapaTTHIK TEXHOIOTHIIAp KadeIpackHbIH OKBITYIIBICH, AKTe0e K., Kasakcran
E-mail: .banoka 98@mail.ru
Caepenne 00 aBTopax
Kepees Ammmxan | PhD, nounent kadenpsl mHGOpMAaTHKKM W WHQOPMAIMOHHBIX TEXHOJOTMH, AKTHBOOE
KyTsimMoBry pernoHanbHbIN yHUBepcuTeT uM. K. XKybanosa, AktuBobe, Kazaxcran
E-mail: .adiljan@mail.ru

265



mailto:.adiljan@mail.ru
mailto:aidana_6143@mail.ru
mailto:anar_6868@mail.ru
mailto:lazzat_09@mail.ru
mailto:.adiljan@mail.ru
mailto:.adiljan@mail.ru

Ne1(40)

AAA XKAPLLbICHI

KaitneibaeBa Afimana
OMapKpI3bl

MarucTp, npenopasaTens kadeapsl MHGOpMATHKN M MHPOPMAIMOHHBIX TEXHOJIOTHH,
AxTHBOOE perroHanbHbINA yHHBepcuTeT uM. K. )Kybanosa, AkruBobe, Kazaxcran
E-mail: aidana_6143@mail.ru

TamumoBa AmHap | Maructp, crapmmii TnpenongaBaresb Kadeapsl HHOOPMATUKH W MH(GOPMAIMOHHBIX

KomumosHa TEXHOJIOTHH, AKTHBOOE pernoHanbHbli yHuBepcuteT M. K. JKyOanoBa, AkThBOOE,
Kaszaxcran, E-mail: anar 6868@mail.ru

Kamaposa JIaz3ar | MarucTp, crTapmmi npenonaBaresb Kadeapbl HMHOOPMATUKH W MH(OOPMAITMOHHBIX

Ecenranuesna TEXHOJIOTHH, AKTHBOOE pernoHanbHbl yHuBepcuter M. K. JKyOanoBa, AkTuBoOe,
Kaszaxcran, E-mail: lazzat 09@mail.ru

VYmup3akoBa  bany | maructp, crapmmii npenonaBaresns Kadeapsl HHOOPMATUKHM W MH(POPMAITMOHHBIX

l'abunenoBHa TEXHOJIOTHH, AKTHBOOE pernoHanbHbli yHuBepcuteT M. K. JKyOanoBa, AkTuBoOe,

Kazaxcran, E-mail: .banoka 98@mail.ru

Information about the authors

Adilzhan Kutymovich
Kereev

PhD, Associate Professor, Department of Informatics and Information Technologies, K.
Zhubanov Aktobe Regional University, Aktobe, Kazakhstan
E-mail: .adiljan@mail.ru

Aidana Omarqyzy | Master’s degree, Lecturer, Department of Informatics and Information Technologies, K.
Zhaylybayeva Zhubanov Aktobe Regional University, Aktobe, Kazakhstan

E-mail: aidana_6143@mail.ru
Anar Koshimovna | Master’s degree, Senior Lecturer, Department of Informatics and Information
Tashimova Technologies, K. Zhubanov Aktobe Regional University, Aktobe, Kazakhstan

E-mail: anar 6868(@mail.ru

Lezzat Yesengalievna
Kaparova

Master’s degree, Senior Lecturer, Department of Informatics and Information
Technologies, K. Zhubanov Aktobe Regional University, Aktobe, Kazakhstan
E-mail: lazzat 09@mail.ru

Banu  Gabidenovna
Umirzakova

Master’s degree, Senior Lecturer, Department of Informatics and Information
Technologies, K. Zhubanov Aktobe Regional University, Aktobe, Kazakhstan
E-mail: .banoka 98@mail.ru

266



mailto:aidana_6143@mail.ru
mailto:anar_6868@mail.ru
mailto:lazzat_09@mail.ru
mailto:.adiljan@mail.ru
mailto:.adiljan@mail.ru
mailto:aidana_6143@mail.ru
mailto:anar_6868@mail.ru
mailto:lazzat_09@mail.ru
mailto:.adiljan@mail.ru

