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MATHEMATICAL MODEL FOR OBJECT DETECTION AND RECOGNITION IN VIDEO
STREAMS USING INTER-FRAME DIFFERENCE ANALYSIS

Introduction

Modern computer vision systems offer extensive
capabilities for the automatic analysis of visual
information in real time. These technologies are
increasingly being integrated into mission-critical
domains — ranging from transportation safety to
precision agriculture. In particular, object recogni-
tion in images or video streams serves as a key
component in driver assistance systems, where
automatic detection of traffic signs, pedestrian
crossings, and road limitations helps reduce the risk
of accidents. In agriculture, similar algorithms are
employed to monitor crop conditions, detect plant
diseases, or identify pests based on drone imagery.

In  general, the task involves detecting,
segmenting, and classifying objects within an image
or a sequence of video frames. These operations must
be robust against variations in lighting, perspective,
scale, and partial occlusions. Such challenges
necessitate the development of a mathematically
formalized model that defines the full sequence of
image  processing stages - from initial
transformations and extraction of key regions to the
final classification and temporal tracking of objects.
Formulating such a model enables the clear
specification of functional relationships between the
input data (frames), intermediate computations, and
the final outcome — object identification within the
scene. This, in turn, provides a foundation for
theoretical analysis, stage-by-stage optimization, and
experimental validation of the algorithm in real-world
application scenarios.

Analysis of recent research and publications

To perform a proper mathematical modeling [1]
all the operations and algorithms used inside the
method should be deeply investigated.

A review of existing methods for processing video
streams [1-16] highlights the proven effectiveness of
convolutional neural networks (CNNSs) in object
recognition tasks involving visual data. While
research such as [2, 3, 4] demonstrates high detection
accuracy—especially when applied to large-scale
datasets-these  approaches are predomi-nantly
designed for static image analysis or require
significant computational resources, limiting their
practicality in real-time or resource-constrained
environments.

Real-time object detection approaches such as
SSD (Single Shot MultiBox Detector) [5] and
advanced YOLO variants provide competitive
performance; however, they typically place a heavy
load on the GPU and demand considerable video
memory, which restricts their applicability in environ-
ments with limited computational resources [6].

Several studies [7-9] explore integrated frame-
works that combine detection, tracking, and
classifycation in video streams, but few incorporate
early-stage optimization strategies such as frame
differencing. For instance, although [8] presents a
robust automated surveillance system, it lacks
targeted techniques for reducing computational
overhead.

Importantly, approaches leveraging inter-frame
delta analysis (frame differencing) have demonst-
rated their effectiveness as lightweight preproce-
ssing methods preceding classification. Research in
[7, 10-12] confirms that analyzing pixel-wise
differences between successive frames enables
efficient and accurate identification of moving
objects while significantly lowering processing
requirements.  Specifically, [7] introduces an
enhanced differencing method that addresses issues
such as noise and illumination shifts, further
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reinforcing the viability of such techniques for real-
time applications.

In parallel, advances in morphological image
processing [13] contribute to refining the quality of
regions extracted through frame differencing. The
combination of these morphological filters with
neural network-based classifiers, as shown in [10, 14,
16], enables a favorable trade-off between
computational efficiency and recognition accuracy.

At the same time, existing reviews on threshold-
ding and segmentation techniques [12, 15] often
neglect the temporal complexity inherent to video
streams, such as background variability, ambient
interference, or partial object occlusion—factors that
limit their effectiveness in practical monitoring and
security scenarios.

Taken together, the reviewed methods do not
provide a universal solution that guarantees both
high-speed  performance and low resource
consumption. This underscores the necessity of
developing a new approach that integrates inter-frame

motion analysis (delta filtering) with adaptive neural
classification, specifically tailored for real-time
execution on hardware with constrained processing
power.

The purpose of the work

The purpose of this work is to develop a
mathematical model for real-time object detection
and recognition in a video stream and to conduct an
experimental research to confirm the model and find
potential areas to improve.

Presentation of the main material
and substantiation of the obtained
research results

The proposed method is comprehensive and
consists of a sequence of preliminary linear and
morphological transformations applied to the input
image. The implementation algorithm is presented in
Fig. 1 and includes the following sequence of steps.
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Fig. 1. Block diagram of the object detection

Step 1. Capturing the current frame

At the initial stage of processing, a new frame is
extracted from the video stream, serving as input data
for subsequent transformations. This process is
performed continuously in real time or at fixed
intervals, ensuring stable monitoring of scene
changes and enabling prompt responses to the
appearance of new objects or events.
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and classification algorithm in a video stream

The reliability and consistency of frame
acquisition determine the system’s overall ability to
respond to changes within the field of view — the more
accurate and stable this procedure is, the more
effective the following stages will be.

Step 2. Rescaling the image to a unified format

After capturing the frame, it is rescaled to a standard
resolution of 1280x720 pixels (720 p. format).
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This unification simplifies subsequent processing,
as the execution speed of most opera-tions directly
depends on the number of pixels in the frame.
Moreover, it helps avoid performance varia-bility
caused by differing input video resolutions.

Most neural network models are also designed for
a fixed input size, which improves their computa-
tional efficiency. Maintaining a consistent frame size
is particularly important when comparing the
performance of different methods and for building
scalable solutions in resource-constrained environments.
Furthermore, a unified image size is essential for
batch processing and deployment on low-performance
devices.

Step 3. Converting the image to grayscale

To reduce computational load, the captured image
is converted to grayscale. This transfor-mation
removes excess color information, which is often
non-essential for object recognition. Reducing the
number of channels from three (RGB) to one
significantly accelerates processing, lowers memory
usage, and improves overall system performance.

Additionally, grayscale conversion enhances the
reliability of analysis by eliminating the influence of
color artifacts and improving the detection of object
contours and structural features within the frame.
Grayscale images also provide better consistency
when comparing frames, which is particularly
important under varying or mixed lighting conditions.

Step 4. Change detection through

inter-frame differencing

To detect the appearance of new objects or motion
within the scene, the absolute difference between the
current frame and the previous one is calculated. This
approach is based on a fundamental property of video
streams: a sequence of frames reflects temporal
changes. If an object gradually enters the scene, the
frame difference allows for accurate localization of its
position.

In some cases, instead of comparing with the
immediately preceding frame, a frame with a larger
temporal offset (e.g., five frames earlier) is used. This
enables better detection of slowly emerging or
partially moving objects. The method is particularly
effective under the condition of a stable, stationary
camera.

An additional advantage of this approach is its
ability to identify not only new objects but also those
that have just disappeared from the scene, thereby
enhancing the algorithm’s overall functionality.

Step 5. Thresholding the frame difference

To eliminate minor changes caused by noise or
lighting fluctuations, the computed frame difference
undergoes threshold filtering. All pixels with changes
below a defined threshold are ignored. This helps

reduce the number of false positives and focuses
processing only on significant areas within the frame.

By adjusting the threshold, the system’s sensitivity
to changes can be fine-tuned, which is essential for
adapting to various application scenarios. It also allows
better balancing between accuracy and system
performance, ensuring sufficient result quality without
overloading computational resources.

Step 6. Morphological cleaning and shape

refinement

After thresholding, the resulting regions may still
be fragmented, contain holes, or retain residual noise.
To correct such  artifacts, morphological
transformations are applied to improve the structure
of detected areas, close contour gaps, and remove
small disturbances.

This results in coherent regions corresponding to
real objects in the scene. A properly selected shape
and size of the structuring element ensures a balance
between processing accuracy and result stability.

These operations also make the image more
suitable for subsequent analytical procedures by
reducing the number of false or unstable regions. The
operations are mathematically defined as follows:

Opening:

A°-B=(A©B)®B,
Closing:
A-B=(A®B)©SB,
where A —the binary image, B the structuring element
(kernel), © — erosion, @ — dilation.

Step 7. Expansion of detected regions

Sometimes an object moves only partially, so the
automatically detected region may not cover its entire
area. To compensate for this and ensure complete
coverage, an additional region expansion procedure is
applied. Adjacent pixels that potentially belong to the
object, but remained static — are added to the already
identified region.

This step preserves the object’s shape integrity
before passing it to the classification stage. Such an
approach reduces the risk of partial recognition or
misclassification, which is critical in many real-world
applications.

Step 8. Filtering out insignificant regions

by size

After morphological processing, the frame may
still contain regions too small to represent meaningful
objects. These regions are excluded from further
processing because they are unlikely to contain actual
objects of interest.

This improves the overall efficiency of the system,
reduces computational load, and enhances
recognition accuracy. Reducing the number of false
or non-informative regions contributes to the
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system’s stability and processing speed in practical
conditions.

Step 9. Classification of detected objects

Regions that have successfully passed all previous
filtering stages are passed to the classifi-cation
module. At this stage, the system determines whether
the detected region corresponds to an object of a
specific class.

The choice of a particular neural network may
vary depending on requirements for accuracy,
performance, and available computational resour-ces.
Classification enables the identification of objects
and assigns appropriate labels for further analysis or
actions.

Importantly, classification is not just a decision-
making step — it also serves as a feedback mechanism
to refine earlier processing stages if necessary.

Step 10. Object Tracking Over Time

Once an object is recognized, the system switches
to tracking mode. This eliminates the need to run the
full detection procedure on every frame, significantly
reducing resource consumption. The system
periodically checks whether the object is still present
within the predicted region and, if necessary, re-
initiates detection. The purpose of this stage is to
ensure continuous monitoring of the object, even
when its motion is minimal or absent. This supports
analytical consistency in dynamic environments and
reduces the number of missed objects in the video
stream.

The proposed algorithm operates on a cyclic
(iterative) processing principle: for each new frame, a
complete sequence of steps is executed — from initial
capture to object classification (from Step 1 to Step
9). If the object is not detected or fails classification,
the system proceeds to the next frame, repeating the
full cycle. However, once an object is successfully
recognized, the tracking mode (Step 10) is activated.
The main loop still continues in the background,
periodically verifying the tracking’s accuracy. If the
object is lost or the prediction is unreliable, the
system automatically reverts to detection mode for
new frames.

Thus, the method combines the high processing
speed of basic operations, such as linear and
morphological transformations, with the accuracy
provided by neural network classification. One of the
main advantages of this approach is its predictable and
stable processing time, achieved through frame size
standardization and optimization of preproces-sing
steps. This allows for quick and efficient localization
of moving objects while consuming significantly
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fewer GPU and memory resources compared to fully
neural-based solutions like SSD.

The proposed approach is particularly effective in
systems operating under limited hardware resources
— for instance, in real-time embedded solutions,
surveillance cameras, or other compact devices with
constrained computational capacity. In such cases,
priorities include not only accuracy, but also rapid
response, minimal system load, and overall operational
stability under varying conditions.

Development of the mathematical model

Since the proposed method comprises multiple
steps, constructing a complete mathematical model
requires deriving expressions for each stage and
integrating them into a unified framework.

The first step of the algorithm involves capturing
a video frame. There are various sources of frames
such as video files, live cameras, video streams, or
inter-process communication. The origin of the frame
is not fundamentally significant to the method, so we
generalize the video input as a frame generator. The
expression for capturing a frame is as follows:

Fe =V(0),
where: F; — the current video frame at time t,, V —
frame generation function, t — current time.

Depending on the frame generator, the time
required to obtain a frame may vary. However, for the
purpose of evaluating the algorithm's performance
efficiency, the time spent acquiring the frame is
typically excluded from the measurement.

The second step of the algorithm is scaling the
image to a standard resolution.

Scaling involves recalculating the position of each
pixel according to the new image dimensions. Each
coordinate of the new pixel is determined through a
proportional  transformation of the original
coordinates, taking into account the ratio between the
input and target image sizes. The following model
describes this transformation:

Iowe(x',y") = Iin(l%] ) l%] )
where [,,;(x',y") — pixel value at coordinates
(x',y") - in the output (resized) image, Wiy, Hin —
original width and height of the image, W, Hoyr —
target width and height of the image, [;, — input
image, || — floor operator, used to round down to the
nearest integer

The procedure preserves the proportions of objects
in the image, enabling standardized processing
regardless of the original resolution. This is critically
important for ensuring consistent input data before
passing it on to subsequent analysis stages.
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In practical implementation, interpolation
methods such as bicubic or bilinear interpolation are
often used to fill in pixel values during scaling.
However, in the general mathematical model of
scaling, these can be omitted, focusing only on
coordinate correspondence.

The third step of the algorithm is the conversion of
the image to grayscale.

The conversion from the RGB format to grayscale
involves reducing the three-dimensional color vector
space to a one-dimensional intensity scale. For each
pixel, a new value is calculated based on a weighted
sum of its red, green, and blue components. The
formula for this transformation is:

Igray(x'Y) =a-RMx,y)+ B-GO,y)+ v
’ B(x,y),

where a, 3,y € [0, 1] —are the weighting coefficients
assigned to each color channel during brightness
calculation, and they must satisfy the condition a +
B+ v =1, Igrqy(x,y) — represents the grayscale
intensity value of the pixel at coordinates (x,y),
R(x,y),G(x,y),B(x,y) — are the original red, green,
and blue channel values of that pixel in the RGB color
model.

The use of different weighting coefficients is
based on the physiological characteristics of human
vision: the green channel has the greatest influence on
perceived brightness, the red channel has a moderate
effect, and the blue channel contributes the least. This
weighting preserves the realistic appearance of scene
illumination after the conversion.

The result is a single-channel grayscale image
Igray(x,y), which is much simpler to process further
since each pixel is represented by a single brightness
value rather than three separate color components.

The fourth processing step involves calculating
the absolute difference between the current and
previous video frames:

D(x,y) = | It(xy) — [{t—l}(x,y)L

where D(x,y) is the absolute difference at position
(X, ), It(x,y) 1s the pixel value at that position in the
current frame, If;_1}(x,) is the corresponding pixel
value in the previous frame.

The operation of computing the absolute
difference between corresponding pixels of two
consecutive frames makes it possible to detect
changes in the scene at a specific point. If the value
of D(x,y) is close to zero, it indicates that no
significant changes have occurred in that area of the
image. Conversely, high difference values suggest the
appearance, disappearance, or movement of an
object.

Thus, this operation allows identifying regions of
activity based on local changes in pixel intensity over
time. The use of the absolute value ensures that
changes — regardless of their direction (increase or
decrease in brightness) are treated uniformly.

Computing the difference is a basic yet highly
effective preprocessing technique for detecting
moving objects, as it allows for the rapid localization of
areas within the frame where significant changes have
occurred between two points in time.

The fifth step, following the computation of the
absolute difference between frames, is threshold
filtering, which can be formally described as follows:

B(x,y) = Threshold(D(x,y),0) =
_ (L if D(x,y) > 6
_{0, if D(x,y) < 8’

where B(x,y) is the result of the thresholding
operation at point (X, y), i.e., the binary image;,
D(x, ) is the absolute pixel difference obtained from
the previous step; 0 is the threshold value that defines
the system’s sensitivity to changes..

Thresholding transforms the absolute difference
map D(x,y) into a binary image B(x,y), n where
each pixel is assigned a value of 1 (active) if the
brightness change exceeds the defined threshold 6 or
0 (inactive) otherwise.

Thus, only those regions of the scene are selected
where sufficiently significant changes have been
recorded, potentially indicating the appearance or
movement of objects. The choice of threshold 0
allows for adjusting the system’s sensitivity:

— a lower value of 0 leads to the detection of even
minor changes but may increase the number of false
positives caused by noise or lighting variations;

— a higher value of 0 reduces false detections but
might miss weak or partially obscured objects.

Threshold filtering is a crucial stage of data
refinement before further processing such as morpho-
logical operations, segmentation, and classification.

The next step in processing involves the use of
morphological transformations to refine the shape of
the detected objects:

Bmorph(x: y) =COBx,y)),

where By orpp (%, ) is the binary image after morpho-

logical transformations, B(x,y) is the binary image
after thresholding, C denotes the closing operator,
O denotes the opening operator.

After constructing the binary change mask,
morphological processing is performed using a
sequence of opening and closing operations, which
are fundamental techniques in mathematical morpho-
logy that help clean the regions from artifacts and
enhance the structure of the detected objects.
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The opening operation smooths contours, removes
small noise spots, and eliminates isolated pixels that
do not correspond to actual objects.

The closing operation fills small holes within the
region and connects broken or fragmented parts of
objects.

Applying both operations in succession produces a
cleaned and topologically stable mask that is better
suited for the next steps of classification.

After the binary mask is built, morphologically
refined, and expanded, the system extracts connec-ted
components, which represent potential objects.
However, some of these regions may be too small to
realistically contain meaningful structures or objects.

To eliminate such interferences, size-based
filtering is applied: from the set of all detected
regions, only those whose area exceeds a predefined
threshold A,,;,. are selected. This allows for the
exclusion of fragments that may result from residual
noise or uneven illumination.

Thus, the system focuses only on significant,
statistically relevant regions of the frame, optimizing
both the subsequent classification step and the overall
computational load. This is formally described by the
following expression:

Ryaiia = {Ri ER|AR) = Amin}
where R — is the set of all binary regions extracted
after morphological processing, A(R;) - denotes the
area (i.e., the number of pixels) of regionR;, A;in —
is the predefined minimum area threshold (in pixels)
below which a region is considered noise and
excluded from further analysis. The classification
step is then performed according to the following
formula:
li = C(Ry), VR; € Ryqiia,

where R, — 1s the set of valid regions after
filtering, C — is the classification function, [; — s the
class label of the object, R; — is the current region.

After the extraction and preliminary filtering of
regions, the system proceeds to the classification
stage, where each region R;, which potentially
contains an object, is passed to the classifier func-tion
C, implemented using a neural network or another
machine learning algorithm. The classifica-tion

function returns a class label [; corresponding to the
type of object identified in the region. This step
enables the system not only to detect the presence of
an object but also to recognize its cate-gory, which is
critically important for practical applica-tions such as
monitoring, security, and analytics.

At the final stage, the recognized object —
specifically, the region with its class label — is trans-
ferred to the tracking algorithm, which enables monito-
ring its position in subsequent frames without the
need for repeated detection and classifycation. The
corresponding mathematical expression is:

TV = T(S),Vi=1,...,k
where S; — s the region and class of the object, T — is
the tracking function, Tt(l) — is the set of objects
passed to the tracker at frame #, k — is the number of
recognized objects in frame ¢.

This approach significantly reduces computa-
tional load while ensuring continuous object tracking
over time. The tracking system updates the object’s
position based on new frames, maintaining its identity
even under conditions of partial occlu-sion, noise, or
brief loss of visibility.

Tracking is initiated immediately after classify-
cation but is periodically validated for accuracy. If
tracking reliability decreases or the object is no longer
present in the expected region, the tracker is reset and
full detection is reinitiated.

Experimental Setup

To validate the effectiveness of the proposed
mathematical model, a series of experiments was
conducted using video data captured from a static
camera. During the experiments, the following
performance metrics were collected.

1. Average processing time per frame (in ms)

2. Detection accuracy (in %)

3. Minimum processing time per frame (in ms)

4. Maximum processing time per frame (in ms)

5. Average time spent on linear transformations
per frame (in ms)

6. Average time spent on object classification per
frame (in ms)

The consolidated experimental results, including
refined statistical values, are presented in Table 1.

Table 1
Comparative performance metrics of object detection methods
Parameter Unit Value Comment
Average frame processing time ms 54+0.2 Sufficient for real-time performance
Accuracy % 71.2+ 1.0 | Adequate precision for practical algorithm usage
Minimum frame processing ms 50402 Dependent on input data; execution time may vary due
time ) ) to linear operations
Maximum frame processing ms 62402 Dependent on input data; execution time may vary due
time ) ) to linear operations
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The end of the table 1
Parameter Unit Value Comment
Q;Irfg?frirg[ril(fnfs;grn?rfme ms 2.88+£0.2 | Total time for all linear transformations
g;/renr:ge classification time per ms 2.52+ 0.2 | Time spent on classifying all detected regions

As shown in Table 1, morphological trans-
formations take more processing time than object
classification.

Although neural network computations are
commonly considered the most resource-intensive,
the results of experimental profiling indicate that a
significant portion of the total processing time is
consumed by earlier stages — such as image scaling,
grayscale conversion, morphological processing, and
region filtering. This is due to the fact that these
operations are applied to the entire image or full
binary mask, whereas classification is performed only
on a limited number of localized objects.

The measurement results were validated through
an additional series of 25 experimental trials.

Figures 2—3 visualize the key performance metrics
based on the data presented in Table 1.

Figure 2 illustrates a comparison of minimum,
maximum, and average frame processing times,
constructed from the corresponding measurements.

Detection time, ms

8

6

4

.

0
Minimum Average Maximum
processing  processing ~ processing

time time time

Fig. 2. Frame processing time

The visualization shows that frame processing
time may fluctuate. This variability is caused by
several factors.

1. Scene complexity. The number and size of
regions detected in each frame directly affect
processing duration. Frames without motion are
processed significantly faster than those containing
multiple objects or complex backgrounds.

2. Uneven system load: Since shared hardware
resources are used (especially in CPU-based
systems), the execution time of some operations may
vary depending on the activity of other proces-ses
running in parallel.

3. Mode switching conditions: For example, in
frames where the object is already being tracked, only
a partial processing cycle is executed. However, if an

object is lost, the full detection pipeline is reactivated,
leading to spikes in computational time.

4. Memory and caching behavior: Repeated
processing of similar frames may be partially
optimized through CPU caching or pre-allocated
memory buffers, which affects the minimum
observed execution time.

Another important factor is the ratio between the
processing time required for linear image transfor-
mations and that required for object classification

(Fig. 3).

Linear transformations and
3 classification time, ms

2,9

2,8
2,7
2,6
2,5
-
2,3

Linear transformations Classification

Fig. 3. Comparison of time consumption for linear
transformations and classification

As shown in Fig. 3, linear transformations require
more processing time than object classification due to
their application across the entire image frame.

Experimental measurements show that linear
transformations (such as scaling and grayscale
conversion), along with morphological operations
(erosion, dilation, opening, and closing), may
consume more time than the classification stage itself.
This is primarily because these transforma-tions are
applied to every pixel of the entire frame, regardless
of the presence of changes or objects. In contrast, the
neural network performs computations only on a
limited number of regions of interest, which have
already been localized and filtered in advance.

Conclusions and prospects for further
research

As part of this study, a mathematical model of an
algorithm for object detection and classification in
video streams was developed and substantiated. The
model combines inter-frame difference computa-tion
(delta analysis), threshold filtering, morpholo-gical
processing, and subsequent neural classifica-tion of
the extracted regions. It enables the formal
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representation of the processing sequence as a set of
functional transformations applied to each video
frame, thus providing a structured foundation for
implementation, analysis, and optimization of the
algorithm.

A key feature of the model lies in the clear
separation between low-level preprocessing and
high-level classification stages, allowing the system
to be effectively adapted to hardware-constrained
environments. By incorporating operations such as
image scaling, grayscale conversion, absolute dif-
ferrence calculation, and morphological transforma-
tions, the model achieves a flexible balance between
accuracy, processing speed, and computational
efficiency.

The model encompasses both spatial and tempo-
ral aspects of visual data analysis, making it suitable
for real-time applications, including embedded
platforms and video surveillance systems. Its forma-
lization through mathematical operators supports
further analytical investigation and facilitates com-
parison with alternative approaches.

Future research may focus on adaptive tuning of
threshold parameters, dynamic selection of structu-ral
elements for morphological filtering, and exten-ding
the model to account for camera motion, vari-able
lighting conditions, and multiclass object clas-
sifycation. Additionally, further optimization and
acceleration of linear transformations through hard-
ware support and more efficient algorithms repre-sent
a promising direction.
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CanosuukoB b. L., ’Kyuenko O. C.
MATEMATHUYHA MOJAEJIb ITOITYKY TA PO3II3BHABAHHSA OB’€EKTIB
Y BIZEOIIOTOLI I3 3BACTOCYBAHHSM AHAJIIZY MIZKKAIPOBUX 3MIH

Y cmammi npedcmasneno mamemamuuny mMooenb NOULyKy ma po3nisHasanusi 00 ’'ekmis y 6i0oeonomoyi 6 peaibHoOMy
yaci, wo 6azyemvpcst Ha NOEMANHOMY AHALIZL MIJICKAOpo8ux 3MiH. 3anpononosanutl nioxio noeoxye 6a306i NHIUHI ma
Mopghonociuni onepayii 3 eheKmusHow Npoyeodypord MidCKaopo8o20 NOPIGHAHHS, WO 00360JAEC GUABIAMU 00 cKkmu
WAXOM JIOKANI3aYiT 3MIH Y NOCTIO08HOCMI KAOpiB8, a MAKoX4C KAAcupixysamu ix i3 3acmocy8aHHAM HEeUPOHHUX MepediC.
Dopmanizayis aneopummy Ha PiHi MAmeMamudHoi MoOei OXONIIOE YCi KAIOYO08] emanu. MacuumaOy8antsa 300padcenHs,
nepegeoeHHs y 6i0MIHKU Cip020, 0OUUCTEHHA AOCOMOMHOI Pi3HUYT Midc Kadpamu, nopo2ogy girempayiio, mopghonociute
oyuuenHs, BUOLIeHHs pe2ionia inmepecy, Kiacugikayiro eusaeieHux 06’ ekmie ma ix nooanvuue 8i0CMeNceHHs ) 4aci.

Mooens nobydosana sik nOCIiO08HICMb PYHKYIOHAILHUX NEPEMBOPEHb, KL OXONIIOIOMb K NPOCMOPOSL, MAK i 4acoei
acnexmu 06pobku sideoinpopmayii. O6IPYHMOBAHO OOYIILHICMb BUKOPUCIIAHHSL MINCKAOPOBOT PizHUYl K 0A3068020
0emekmopa aKmuHoOCmi, Wo 00380JA€ 3HAYHO 3MEHUWUMU HABAHMAICEHHS HA CUCMEM) NOPIGHAHO 3 NOGHICMIO
Hetipomepedicesumu piwwenHamu (Hanpukiad, SSD abo YOLO). [lns ymounenns gopmu ma cmpykmypu 00 €kmie
3ACMOCOBAHO KNACUYHI MOp@onoeiuni Ginempu (6i0kpumms, 3axkpumms), a npoyedypa @itempayii 3a posmipom
00360151€ GUKTIOUUMU WLYMOBI 06acmi 3 nodanvuioi 0opobku. Ha 3aeepuansuomy emani mooens nepedbavac nepedawy
8i0ibpaHux pezionie Ha MOO0YIb Kiacugikayii, wo 3abesneuye posnizHaawHs muny 00’€Kma ma 1020 noodvuie
siocmediceHHs 6e3 nompeou y NOBMOPHOMY BUABICHHI.

Ilpogedeno excnepumenmanvhy nepegipky npaye30amuocmi MoOeli Ha Npuxiadi eideo 3 ikcoeanoi kamepu.
OmpumaHi pe3yromamu 0eMOHCMPYIOMb, WO cepedHill yac obpobKu 00H020 Kadpy cmanogums 5,4 mc, wo eionogioae
BUMO2AM ~ PeanbHOo20 yacy, a mouHicmb posnisnasanns odocseae 71,2 %. Ilpogpimosanns nokasano, wo
HatpecypcoEMHIUMU € emanu Mop@onoziunoi 06podxu, mooi K Kiacupixayis OXONI0e MeHue NOI0GUHU 3a2AIbHO20
yacy 0bpobxu. Lle ceiouums npo egpexmuenicmes KOMOIHO8AHO20 NIOX00Y, Oe NiHiUHI 1l npocmi onepayii nonepeonvol
00po6KU 003801510Mb 3MEeHWUMU 00Cs2 0aHUX 0Jis Kiacugixayii 6e3 icmomuoi empamu moyHoCmi.

KnioyoBi cnoBa: matemaTuyHa Mogenb, MallMHHE HaBYaHHS, KOMN'IOTEPHUI 3ip, 0Bpobka 306paxeHb, 3ropTOYHI
HEMPOHHI Mepexi, BidyanbHe po3ni3HaBaHHs 300paxeHb, Krnacudikauis BidyanbHUX 300paxeHb, anropuTMu,
TenekoMmyHikaLjinHi cuctemmn.

Sadovnykov B., Zhuchenko O.
MATHEMATICAL MODEL FOR OBJECT DETECTION AND RECOGNITION IN VIDEO
STREAMS USING INTER-FRAME DIFFERENCE ANALYSIS

The paper presents a mathematical model for real-time object detection and recognition in video streams, based on
stepwise analysis of inter-frame changes. The proposed approach integrates basic linear and morphological operations
with an efficient inter-frame differencing procedure, enabling the localization of moving or newly appearing objects
across consecutive frames, followed by their classification using neural networks. The formalized algorithmic structure
of the model covers all essential stages: image scaling, grayscale conversion, absolute difference computation, threshold
filtering, morphological cleanup, extraction of regions of interest, object classification, and subsequent temporal
tracking.

The model is structured as a sequence of functional transformations addressing both spatial and temporal aspects of
video data processing. The use of inter-frame differencing as a core activity detector is justified as it significantly reduces
the computational burden in comparison with fully convolutional deep learning models such as SSD or YOLO. Classical
morphological filters (opening and closing) are employed to refine object contours, while size-based region filtering helps
exclude noisy or irrelevant areas. At the final stage, validated regions are passed to a classification module, allowing
identification of object types and enabling tracking without repeated detection.

An experimental evaluation was conducted using footage from a static camera to assess the model’s effectiveness.
The results demonstrate an average frame processing time of 5.4 ms, meeting real-time operational requirements, and a
recognition accuracy of 71.2%. Profiling indicates that the most computationally intensive operations are associated
with morphological processing, whereas classification accounts for less than half of the total processing time. This
highlights the efficiency of the hybrid approach, where simple linear preprocessing significantly reduces the data load
for classification without substantial accuracy loss.

Keywords: mathematical model, machine learning, computer vision, image processing, convolutional neural networks,
visual recognition, image classification, algorithms, telecommunication systems.
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