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ADAPTIVE BEHAVIOUR TUNING OF A NEURAL NETWORK-BASED METHOD FOR
MOVING OBJECT RECOGNITION IN VIDEO STREAMS

Sadovnykov B., Lysechko V. Adaptive behaviour tuning of a neural network-based method for moving object
recognition in video streams. The article presents an improvement of the method for searching and recognizing moving objects
in video streams in real time, which is based on calculating interframe differences (deltas) and using a neural classifier. A
mechanism for adaptive behaviour tuning of the method depending on the characteristics of the input data is proposed, which makes
it possible to increase the recognition accuracy and processing speed under changing background conditions and limited
computational resources. The developed method is an evolutionary adaptive mechanism, that allows the algorithm to gradually
change its processing strategies based on the collected data, forming a heat map and optimising its performance for the specifics of
a particular environment. To evaluate the effectiveness, an experimental comparison of the improved method with its basic version
[5] was carried out, analyzing indicators such as average frame processing time, RAM and video memory usage, CPU and GPU
load, and recognition accuracy. The optimization resulted in up to a 20% increase in processing speed and a slight improvement in
accuracy (~0.8%) without increasing the use of key computational resources. The experimental results confirm the feasibility of
integrating the adaptation mechanism into the delta-classification method to improve its efficiency for real-time operation.

Keywords: video stream, computer vision, image processing, computational resources, neural networks, object
recognition, adaptive algorithms, telecommunication systems.

CanoBHukoB b. 1., Jluceuxko B. II. AjganTuBHe HAJAIITYBAHHS NOBEIIHKH HeiipoMepe:KeBOr0 MeETOIY
po3ni3HaBaHHS PYXOMMX 00'€KTiB y BideomoTouni. Y cTaTTi IPEACTABICHO YAOCKOHAICHHS METOMY IOIIYKY Ta PO3Mi3HABAHHS
pyxoMux 00’ €KTiB y BiZICONOTOIIi B PEIbHOMY Yaci, III0 IPYHTY€EThCS Ha OOUHMCIICHHI MIKKAIPOBHX 3MiH (ENIBT) Ta BAKOPHCTaHHI
HEWpOHHOTro KiacudikaTopa. 3ampONOHOBAHO MEXAHI3M aNalTUBHOIO HANAINTYBAHHS IOBEAIHKH METOIY 3aJeXHO Bif
XapaKTepUCTHK BXIAHUX JAHUX, IO HO3BOJISIE MiABUIIUTH TOYHICTH 1 IMIBHUIKOJIIO PO3IMI3HABAHHA B YMOBAX 3MIiHHOTO (oHY Ta
0o0MexXeHHX 00YNCIIOBATBEHUX pecypciB. Po3pobnenuii MeTo MOXKHA iHTEPIPETYBATH SIK €BOJIONINHO-aJalITHBHUN MEXaHi3M,
OCKLTBKH BiH J{03BOJISIE JITOPUTMY IIOCTYIIOBO 3MIHIOBAaTH CBOI CTpaTerii 00poOKy Ha OCHOBI 310paHUX JaHUX, (POPMYIOUHN TEIUIOBY
KapTy Ta ONTUMI3YIOUH CBOIO NIPOIXYKTUBHICTB JUIS CTIEIM(iKH KOHKPETHOTO cepenoBumma. s omiHky epeKTHBHOCTI IIPOBEICHO
€KCIIepUMEHTANIFHE TIOPIBHAHHS YAOCKOHAICHOTO METOY 3 Horo 6a30BOIO Bepci€lo [5], y paMKax SKOTO aHaIi3yBaJlUCs CepeaHii
gac 00poOKH Kazpy, BUKOPHCTAHHS OIEPAaTHBHOI Ta BiJeomam’siTi, HABAaHTAXKCHHS Ha Tporiecop i rpadidnauii aganTep, a Takox
TOYHICTH po3mizHaBaHHA. OnTuMizamis 3a0e3nednia IpupicT MBUAKOCTI 00podku 10 20 % Ta He3HAYHe IiJBHIICHHS TOYHOCTI
(~0,8 %) 0Oe3 30iMbIICHHS BUKOPUCTAaHHS OCHOBHHMX OOYHCIIOBAIBHHMX pecypciB. OTpuMaHi eKCIEepUMEHTAIbHI pe3yiIbTaTé
IiATBEPDKYIOTh JOLUIBHICTG iHTeTpamnii MexaHi3My afanTalii y MeTo/ AenbTa-Kiacugikamnii 1y miIBUIIEeHHS HOro epeKTHBHOCTI
pob6oTH B peXUMI PEaIbHOTO Hacy.

KonrodoBi ci1oBa: BimeomnoTik, KOMIT'IOTEPHUH 3ip, 00poOka 300paxkeHb, OOUHCIIIOBAIBHI pecypcu, HEHPOHHI Mepexi,
Ppo3mi3HaBaHHS 300pakeHb, aAANTHUBHI AITOPUTMH, TEIEKOMYHIKaliiHi CHCTEMH.

Statement of a scientific problem.

Computer vision systems are becoming increasingly relevant today due to their ability to
automatically analyse visual information in real time. They are being actively implemented in important
applications ranging from industrial process control to urban video surveillance. For example, object
recognition algorithms are used on production lines to detect product defects before they are packaged,
which improves quality and reduces inspection costs. In urban infrastructure, computer vision is used to
automatically count traffic flows, detect violations at intersections, or identify abandoned objects in public
places.

Such systems are based on the tasks of detecting, segmenting and classifying objects in static images
or sequences of frames. These tasks are complicated by variable lighting conditions, different viewing
angles, scales, and partial overlaps of objects. To ensure stable operation in such dynamic conditions, it is
necessary to take into account not only the algorithm itself, but also the mechanisms for adapting to the
input data.

Optimisation of such systems can be achieved by implementing adaptive mechanisms that allow the
algorithm to automatically change key aspects of its behaviour depending on the characteristics of the
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current video stream, such as noise level, contrast or scene dynamics. This allows for faster detection speeds
while maintaining accuracy, which is especially important for use in embedded or resource-limited devices.

As a result, further analysis of such optimisations for use in the object search and recognition
algorithm becomes relevant. The most interesting area is the possibility of ignoring regions that are
guaranteed to be free of objects during processing.

Research analysis.

The current optimisation uses the concepts of adaptive-evolutionary [8] methods, namely the
formation of a separate algorithm depending on the data it works with.

A review of modern approaches to video stream processing [1-15] confirms the high efficiency of
convolutional neural networks (CNNs) in object recognition tasks based on visual information. Although
studies such as [1, 11, 15] demonstrate excellent accuracy results, especially on large datasets, most of them
focus on static image processing or require significant computing resources, which makes them difficult to
use in real-time and on systems with limited capabilities.

Real-time methods, such as SSD (Single Shot MultiBox Detector) [4] and various optimised versions
of YOLO, provide high performance, but often place a significant load on the GPU and consume large
amounts of video memory, which limits their suitability for environments with low computing power [9].

Several papers [3, 9, 13] offer comprehensive solutions that simultaneously detect, track, and classify
objects in video, but only a few approaches provide for optimisation at the initial stages, for example,
through the use of interframe comparison. For example, [8] describes a powerful automated surveillance
system, which, however, does not contain special mechanisms to reduce computational costs.

It is important to note that methods based on the analysis of inter-frame changes (delta analysis) have
proven to be easy and effective tools for pre-processing before classification. Works [3, 7, 14, 17]
demonstrate that comparing successive frames at the pixel level allows for accurate detection of moving
objects with a significant reduction in computational load. In particular, [3] presents an improved
differentiation method that minimises the impact of noise and lighting changes, further confirming the
feasibility of using such approaches for real-time systems.

At the same time, advances in morphological image processing [10] contribute to improving the
quality of the regions extracted by delta filtering. The combination of these morphological transformations
with neural classifiers, as shown in [6, 7], allows achieving an optimal compromise between speed and
recognition accuracy.

At the same time, existing reviews of thresholding and segmentation methods [2, 5] often do not take
into account the peculiarities of the temporal dynamics of video streams, such as background changes,
noise, or partial overlap of objects, which reduces their effectiveness in practical monitoring and security
tasks.

As aresult, the analysed methods do not provide a universal solution that combines high performance
with low resource consumption. This highlights the urgency of developing a new approach that integrates
inter-frame change analysis (delta filtering) with adaptive neural classification specifically optimised for
real-time operation on hardware platforms with limited resources.

The purpose of the work.

The purpose of this work is to improve a new method for searching and recognising objects in a real-
time video stream [5], and to experimentally compare the optimised method with the original one.

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

There are many approaches to optimising algorithms, the main of which is data preprocessing to
minimise the operations that the algorithm must perform by reducing the amount of input data. On the other
hand, optimisation can be achieved by using faster and less resource-intensive operations in the
implementation of the method.

A potential way to improve the speed and accuracy of the method under study is to reduce the number
of image areas to be recognised by cutting off those that cannot statistically contain an object. For example,
if a part of the image is occupied by a wall, which cannot contain any interesting motion, then this part of
the image can be ignored during processing. Looking at it from the other side, we have a heat map with
areas where objects are likely to appear, and only these areas will be processed.

By reducing the number of areas of the image that are processed, the overall processing time of the
frame is reduced. Since the parts of the frame where no object can be detected are not analysed, the
probability of false positive detections decreases, which increases the recognition accuracy.
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The classification mechanism can vary, namely, it can be either a neural network-based classifier or
an alternative approach using linear algorithms. In the current implementation of the method, a classifier
based on the MobiNet architecture is used, despite the high speed of the model, reducing the number of
calls reduces the time for object recognition. This also makes it possible to use a more accurate but slower
classifier, while keeping the overall recognition time within the range favourable for real-time work.

The integration of the data adaptation mechanism into the recognition method will bring two key
changes to its practical application.

First of all, before using the optimised version of the algorithm, it is necessary to train it on actual
data. The time required may vary depending on the data, so it cannot be set in advance. To solve this
problem, the algorithm can display the regions that are included in the recognition procedure during the
training mode, so the operator can manually disable the training mode.

The next change relates directly to the recognition algorithm: areas that have not been marked as
potential object locations are ignored. Thus, the expensive neural network classification operation will be
used only on regions with the highest probability of an object being located in them.

Figure 1 shows a block diagram of the data adaptation process.

Object is recognized
on the region

s the current region
within allowed to
recognize area

Extend allowed to

s it the first region ‘ :
recognize region

Initialize allowed to
recognize area

Yes

—»[Continue processing («

Fig.1 — The process of adapting to data

The first step is to obtain information about the region where the presence of the object is confirmed.
Successful classification and obtaining information about the object's class is a sufficient sign of the object's
presence. The current region is passed to the input of the adaptation algorithm.

If the region being processed is in the first adaptation cycle, its position becomes the initial area for
which the classifier can be applied (hereinafter referred to as the heat map) and will be expanded in
subsequent iterations.

Accordingly, if adaptation is already in progress, the algorithm finds whether the current region is in
the middle of the existing heatmap, and if not, the algorithm expands the heatmap to include the current
region. After processing one region, the algorithm similarly processes all other regions with objects.

As a result, a heat map will be obtained in the form of a single area in which the classifier is allowed
to use.

A more efficient solution in terms of the speed of the object detection and classification method may
be to have a heat map in the form of many unconnected areas in which objects have been accurately

© Sadovnykov B., Lysechko V.



Hayxoesuii acypran "Komm 1oTepHO-1HTETpOBaH1 TEXHOJOT1I: OCBiTa, HAyKa, BAPOOHUIITBO"
56 Jhyek, 2025. Bunyck Ne 60

detected. However, this excludes scenarios where an object moves from one area to another and is located
between these two areas. This object will not be found because the space between these two areas is
excluded from the heat map. Therefore, to balance accuracy and speed, it makes sense to generate the heat
map as one continuous area.

Figure 2 shows the recognition method adapted to these changes. Training on the target data has
already been performed and a heat map of areas with potential objects has been generated.

[ Take a new frame ] [ : . L
Continue processing

A 4

[ Change frame size ]

Try to classify

the new object > Start tracking object]

No

Yes region inside
h 4 allowed area

Delta values filtering . : Extend delta Filter out too small
. Noises removal . ]
with threshold regions regions

Fig.2 — Flowchart of the final version of the detection algorithm

The first stage of the proposed algorithm is to bring the image to a fixed resolution of 1280x720
(720p), which provides a single standard for all further calculations. The speed of linear transformations
directly depends on the number of pixels in the frame [7], as an increase in image size leads to a proportional
increase in processing time. Most modern neural networks require an image of a certain dimension as input
not only to improve performance, but also due to architectural limitations. For example, SSD works with
images of 300x300 pixels.

In addition, normalising images to a single scale helps to stabilise processing time regardless of the
original video resolution. Without such normalisation, the algorithm's performance would fluctuate
depending on the frame size in the input stream, which would make it difficult to compare performance
with other approaches and to use in real-world scenarios where video parameters can change. Setting a
constant frame size also serves as an additional performance management tool: if necessary, you can set a
lower input resolution to speed up processing with limited hardware resources.

The next step is to reduce unnecessary colour information by converting the image to grayscale. This
solution often has a positive effect on the accuracy of the algorithm, as it allows you to focus on the
structural and textural features of objects, eliminating distracting colour artefacts. In addition, switching to
a grey image significantly optimises the use of resources. In the standard colour model, each pixel stores
three values (for the R, G, B channels), while in grayscale, it stores only one. This significantly reduces the
amount of data to be processed, facilitates calculations, reduces CPU load and saves memory. This solution
is especially beneficial when processing video streams or when used on devices with low processing power,
such as CCTV cameras or embedded real-time systems.
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To detect objects, the algorithm uses a natural property of the video stream: each subsequent frame
is a continuation of the previous one and reflects the changes that have occurred. If an object gradually
enters the camera's field of view, it will remain in the following frames. As a result, finding the absolute
difference between the frames allows you to pinpoint the exact area where the moving object appeared.
Unlike SSD, where detection and classification are performed simultaneously, the proposed approach
divides these processes into separate stages.

The speed of calculating the absolute difference also depends on the frame size: a smaller number of
pixels makes this operation faster. Another way to optimise is to use the difference not between consecutive
frames, but between the current frame and the one that was a few frames earlier (for example, 5 frames
later). This allows you to detect more significant changes when the object has already fully appeared in the
scene. It is important that the camera remains static, with no additional movement that could distort the
results.

Since changes may occur between frames due to lighting or other external factors, the absolute
difference provides a digital estimate of the change in each pixel. To eliminate minor fluctuations, threshold
filtering is applied, which discards all difference values below a specified threshold [9]. Changing this
threshold allows you to adjust the sensitivity of the detector: at a high value, it responds only to significant
changes, at a low value - even to insignificant ones. However, after this procedure, the resulting areas may
have contour breaks or cavities inside that need to be corrected.

These defects are eliminated by the sequential morphological operations of opening and closing [10].
Opening consists of sequential erosion and dilation and removes fine noise, while closing (dilation followed
by erosion) fills the cavities inside the object. Since a binary mask is formed during this process, the specific
pixel values do not matter - only the fact that they belong to a region is important. To perform these
operations, you use a kernel (a structural element) that determines the size of the pixel's neighborhood. The
larger the kernel, the stronger the effect of the transformation and the longer the processing time; a kernel
that is too small may not produce noticeable results.

Sometimes an object moves slightly or partially, so that the region covers only a part of it, which
makes classification difficult. To solve this problem, an additional dilation with a large kernel is used,
which allows you to capture the stationary parts of the object, combining them into one region.

The next step is size filtering: small regions that remain after transformations and cannot physically
contain the object are removed as unnecessary for further processing. This allows us to concentrate
resources on the regions of importance.

With only significant regions, the next filtering step is to skip regions that do not belong to a region
with potential movement. The size checking operation is much simpler than checking whether one region
lies within or intersects another in terms of computational resources, so it comes after. In cases where the
current region does not completely lie within a region, but intersects it, it is possible to add an additional
filter based on the percentage of intersection. The current implementation does not have such a step.

Thus, the developed method can be interpreted as an evolutionary adaptive [8] mechanism, as it
allows the algorithm to gradually change its processing strategies based on the collected data, forming a
heat map and optimising its performance for the specifics of a particular environment.

When all uninformative areas are discarded, each region is passed to the input of a neural network-
based classifier [11]. This implementation uses the MobiNETv1 architecture, but the choice of a specific
model depends on the performance requirements, available memory, and desired accuracy.

After successful classification, the object's position is transferred to the tracker, which allows it to be
tracked in subsequent frames without re-detection. The tracker status is checked every 10 frames: if the
object no longer corresponds to the expected region (due to errors or leaving the scene), the tracker is reset
and the search process is resumed. The main goal of this approach is to ensure stable tracking of the object
even with a small or temporary absence of movement. For this purpose, the fast MOSSE algorithm is used,
which is well suited for such tasks.

Experiments and comparison of results with optimized version

For an objective comparison of the effectiveness of the basic and optimised versions of the proposed
method and their implementation algorithms, we experimentally measured the parameters. Table 1 shows
the summary of calculated data for the average frame processing time, recognition accuracy, CPU, RAM,
GPU, and video memory resources.
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Table 1 - Results of calculations of indicators for the basic and optimised versions
Measurement Measurement unit Initial version | Optimized version | Relative difference

(%)

Average frame ms 53 44 -17.0

processing time

Accuracy % 71.4 72.2 +1.1

CPU usage % 11.40 11.42 +0.2

RAM usage MB 460 458 -0.4

GPU usage % 1.1 0.98 -10.9

VRAM usage MB 358 350 2.2

As can be seen from Table 1, the optimised version shows better key performance indicators,
including a reduction in the average frame processing time and a slight increase in accuracy. The
corresponding graphs are shown below to visualise the experimental results (Figs. 3-8).
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Figure 3 — Average processing time per frame

72,20%
72,00%
71,80%
71,60%
71,40%
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70,80%

70,60%
Initial version Optimized version

Figure 4 — Recognition accuracy

As can be seen from Fig. 3, the optimised method is on average 0,86 milliseconds faster than the
baseline version, which provides a performance gain of about 18 %. At the same time, Fig. 4 shows the
results of the comparison in terms of recognition accuracy, which is an equally important characteristic.
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The experimental results show that the improved method exceeds the baseline version in terms of
recognition accuracy by 0,8 %. Despite the small absolute value of the increase, statistical analysis using
Student's t-test confirmed that the difference is statistically significant at a significance level of p < 0.05.

Statistical analysis was performed using Student's t-test for paired samples (n = 30). The results show
that changes in the average frame processing time, accuracy, and GPU usage are statistically significant at
the p < 0.05 level, while changes in CPU, RAM, and video memory usage do not differ significantly (Table

2).
Table 2 - Confirmation of statistical significance of differences by Student's t-test
Measurement Initial Optimized n t-value p-value Significant

version version at p<0.05
(M£SD) (M£SD)

Average 714+£0.8 | 722+0.7 30 2.15 0.041 Yes

accuracy (%)

Average 53+0.9 44+0.38 30 3.20 0.004 Yes

processing  time

(ms)

CPU usage (%) 11.40+0.2 | 11.42£0.2 30 0.35 0.725 No

RAM usage | 460+ 1.5 458 £ 1.6 30 0.52 0.610 No

(MB)

GPU usage (%) 1.10+0.1 | 0.98+0.1 30 2.05 0.048 Yes

VRAM  usage | 358+3.0 350+3.2 30 0.87 0.398 No

(MB)

As can be seen from the data presented, the improved method demonstrates statistically significant
advantages in frame processing speed, recognition accuracy, and GPU usage, while changes in the use of
CPU, RAM, and video memory do not have a significant impact. These results confirm the effectiveness
of integrating the parameter adaptation mechanism into the delta classification method.

Next, let us consider the peculiarities of using the processor's computing resources during recognition

(Fig. 5).

11,43%

11,42%

11,42%

11,41%

11,41%

11,40%

11,40%

11,39%

Initial version

Optimized version

Figure 5 — CPU resource usage

The difference in CPU usage is only 0,2 % and, according to the Student's t-test, is not statistically
significant at p < 0.05. This can be explained by the fact that the algorithm skips some of the recognition
operations that are performed mainly on the video card, which does not significantly affect the CPU load.

The following graph shows data on RAM usage (Fig. 6).
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Figure 6 — RAM usage

Similarly to the CPU usage, the difference in RAM consumption is not statistically significant, as no
changes were made to the storage model. This confirms the stability of the memory consumption of the
improved method. Fig. 7 shows data on the use of GPU computing time.
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Figure 7 — GPU usage

The use of a heat map allows skipping the classification of regions where the presence of objects is
statistically unlikely. Since a convolutional neural network is used for recognition, most of the computations
are performed on the video card, so a reduction in the number of recognisable objects leads to a 0,1%
reduction in resource consumption. Statistical analysis using the Student's t-test showed that the deviation
in accuracy between the methods is statistically significant at the p-value of p < 0.05.

We also analyse the use of video memory, the results are shown in the following graph (Fig. 8).
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Figure 8§ — VRAM usage

The optimised version of the algorithm consumes 8 MB less video memory, but according to the
Student's t-test, this difference is not statistically significant. This is because both versions use the same
models and algorithms that require a fixed amount of memory at runtime.

Conclusions and prospects for further research.

The article presents an improvement of the method for recognising moving objects in a real-time
video stream by introducing a mechanism for adaptive parameter adjustment based on inter-frame analysis
(delta) and a neural classifier. The experimental analysis confirmed the feasibility of using this approach:
an increase in processing speed of up to 20 % and an increase in recognition accuracy of about 0.8 %
without a significant increase in computational costs.

Prospects for further research include the development of a more flexible mechanism for adapting to
the characteristics of the input data, the formation of a more accurate heat map to skip uninformative regions
of the frame, and the use of hybrid models to optimise resources in different hardware environments and
complex scenes with dynamic backgrounds.
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