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A METHOD FOR SEARCHING AND RECOGNISING OBJECTS
IN AVIDEO STREAM BY CALCULATING INTERFRAME DELTAS

Abstract. The article proposes an improved method for searching and recognising objects in a video stream in real time
using the calculation of interframe changes (deltas) and a neural classifier. The main goal of the study is to achieve high
performance and reduce the computational load on system resources while maintaining acceptable accuracy. An
experimental comparison with the basic SSD (Single Shot MultiBox Detector) method was carried out, which measured the
following indicators: average frame processing time, RAM and video memory usage, CPU and graphics load, and recognition
accuracy. Unlike SSDs, the proposed approach provides a higher processing speed (up to 35% increase) with a slight decrease
in accuracy (less than 4%), which is compensated for by further adaptation of the model. At the same time, the use of the CPU
and RAM increases by only 0.5-5%, while the amount of video memory consumed decreases by 57%. The study confirms
the feasibility of using the improved delta classification method in video analytics systems with limited resources. This
method can be integrated into applied security, video surveillance, and real-time intelligent monitoring systems.
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Introduction

Statement of a scientific problem. Computer
vision is a promising area for the development of visual
information analysis technologies. One example of the
use of such systems is the recognition of road signs in
driver assistance systems, which allows for increased
road safety by automatically detecting speed limits,
pedestrian crossings and other objects. Another example
is automated farmland monitoring systems that analyse
drone imagery to detect pests or determine the health of
crops. Recognition and classification of images in static
frames or video streams is a complex but extremely
important task. Such technologies are widely used in the
security sector, for example, in access control systems
where face recognition is used to identify users, and in
logistics to track goods through automatic analysis of
barcodes and QR codes.

Research analysis. An analysis of current
approaches to video stream processing [1-15] confirms
the effectiveness of convolutional neural networks
(CNNs) for object recognition in visual data. Studies [1,
4, 11, 14] demonstrate high detection accuracy,
particularly on large-scale datasets; however, most of
these methods are focused on static images or demand
substantial computational resources. Real-time detection
methods such as SSD (Single Shot MultiBox Detector)
[4] and optimized YOLO variants offer satisfactory
performance but often impose high GPU loads and
require significant video memory, which limits their
deployment in resource-constrained environments [9].

Several works [3, 8, 12] integrate detection,
tracking, and classification of objects in video, but rarely
include early-stage optimization based on frame
differencing. In particular, [8] proposes a comprehensive
system for automated surveillance, yet lacks dedicated
mechanisms for computational cost reduction. Notably,
methods based on inter-frame delta computation (frame
differencing) have proven effective as a lightweight
preprocessing step prior to classification. In [3, 7, 13, 15],
it is shown that analyzing differences between successive
frames enables accurate detection of moving objects

while significantly reducing the computational burden. In
[3], an improved frame difference technique is introduced
to mitigate noise and lighting variations, reinforcing the
suitability of such methods for real-time applications.

Research on morphological image processing [10]
contributes to improving the quality of detected regions
resulting from frame differencing. The integration of
these techniques with neural network classifiers, as
demonstrated in [6, 7], allows for an optimal balance
between processing speed and recognition accuracy.

Meanwhile, existing reviews of thresholding and
segmentation techniques [2, 5] often overlook the
dynamics of video streams, such as complex
backgrounds, ambient noise, or partial occlusion, limiting
their applicability in real-world security and monitoring
systems. Therefore, the surveyed methods do not offer a
universal solution for high-speed and resource-efficient
object recognition in video. This highlights the need to
develop a new approach that combines inter-frame
change analysis (delta filtering) with adaptive neural
classification, optimized for real-time operation and low-
power hardware platforms.

The purpose of this work is to achieve high
performance and reduce the computational load on
system resources while maintaining acceptable accuracy.

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

The proposed method is complex and consists of a
sequence of preliminary linear and morphological
transformations of the input image. The algorithm for
implementing the method is shown in Fig. 1. It consists
of the following sequence of steps.

Step 1. Getting a new frame. The current frame is
extracted from the video stream for further processing.
This process is performed cyclically in real time or at a
fixed frame rate, ensuring continuous monitoring of
changes in the scene.

Step 2. Resizing the image to a uniform size. The
second step of the algorithm is to bring the image size to
a single standard, namely 1280x720 (720p), which will
be used in all subsequent calculations.
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Fig. 1. Block diagram of the algorithm
for searching and classifying objects in a video stream

This size was chosen because it reduces the
amount of data to be processed while maintaining the
quality of the input image. The speed of linear image
transformations is directly proportional to the image
size [7], as the number of processed pixels changes with
the size. Most neural networks require a specific image
size in part to speed up processing, as a large image can
take exponentially longer to process, for example, SSD
requires an image of 300x300 pixels as input. The next
advantage of setting a single image size is the stability
of processing time regardless of the initial video
resolution. Without a uniform size, the speed of the
algorithm varies depending on the number of pixels in
the frame, which makes it difficult to compare with
other methods and affects reliability in practical
applications. In addition, setting a fixed image size
ensures stable processing time and adapts the method to
limited hardware resources. In cases where faster
processing speeds are required or hardware resources
are limited, it is possible to reduce the input image size
to a lower resolution and thus speed up processing.

Step 3. Convert to grayscale. The image is converted
to grayscale, which reduces the data size; speeds up
processing; reduces the impact of colour interference on
the analysis. In addition, converting an image to grayscale
improves the accuracy of algorithms by allowing them to
focus on the key features of objects without being
distracted by colour nuances. This simplification of the
colour model offers a number of significant advantages in
terms of efficient resource use. In standard colour images,
each pixel is defined by three values (R, G, B - red, green,
blue), while in grayscale images, it is defined by only one.
This significantly reduces the amount of data that needs to
be processed, which in turn simplifies calculations, reduces
CPU load and optimises memory usage. This solution is
especially effective when working with large image arrays,
such as a video stream, or in devices with limited
computing capabilities, such as CCTV cameras or
embedded real-time systems.

Step 4. Calculating the absolute difference between
frames. The following feature of the video stream is
used to detect objects: each subsequent frame is
guaranteed to reflect the state after the previous one, and
this order is strict, i.e. if an object gradually appears in
the field of view, this object will continue to move in
each of the frames. Thus, if an object appears between
two frames, calculating the absolute difference between
them will allow you to get the exact region of the image.

D(%}’) = |[t(x:y) - It—k(xly)l! (1)
where I.(x,y) — pixel value in the current frame;
I,_(x,y) — in the previous frame (removed by k
frames); D (x, y) — difference value.

Unlike the SSD method, the object is detected and
classified at different stages, not all at once. The
absolute difference between frames also depends on the
image size, so the smaller the number of pixels in the
image, the faster this operation is. Another important
way to optimise is to calculate the difference between
frames with several skipped frames, i.e. not the current
and the previous frame, but the current frame and the
frame that was 5 frames ago. In this way, there can be
much more changes, for example, an object will appear
completely in the image. An important assumption is
that the camera is static and there are no additional
changes in the video stream due to camera movement.

Step 5. Threshold difference filtering. There may be
changes between frames due to lighting, environmental
conditions, etc. The absolute difference between pixels
provides a digital value of how much this pixel has
changed. In the case of lighting, the changes will be
minimal and can be filtered out by discarding all
difference values below a certain threshold [2].

_(Lif D(x,y) > T;
Blxy) = {0, if D(x,y) <T, @)

where T — threshold value that determines the sensitivity
of the detector. This way, you can change the sensitivity
of the detector - the higher the threshold value, the less
sensitive the detector and the greater the changes
between frames required to highlight these deltas. As a
result of these operations, the resulting regions may
have voids inside, unclosed contours, or gaps in the
contours. Therefore, the next step is to remove noise
and correct the resulting region.

Step 6. Morphological processing (erosion +

dilation). To eliminate distortions, contour gaps, and
noise artefacts in the selected regions of changes,
successive morphological transformations are applied -
opening and closing [9].
A°B=(A©B)®B, 3
A-B=(A®DB)OSB, 4)
where A — image, B — cTpyKTypHHH eneMeHT (s71po),
© — erosion, € — dilation.

These operations are applied to the binary mask to
correct the shape of the selected regions.

Opening (A4oB) removes small noise or isolated
pixels that do not belong to the object, while closing

(A-B), on the contrary, fills the voids within the region
and connects the fragmented parts.

opening:
closing:
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The operations are performed using the structural
element (kernel) B, which is a small circle or rectangle
that slides across the image.

Erosion (A©B) - ‘narrows’ the object by removing
pixels at the edges.

Dilation (A@B), on the contrary, ‘widens’ the
object by adding pixels around the existing ones.

The size and shape of the kernel determine how
much these transformations will affect the object: the
larger the kernel, the more coarse the changes.

The opening operation is performed as a sequence
of erosion and dilation, while the closing operation is
the reverse.

The result is a binary mask, where only the
presence or absence of a pixel in a region is important,
not its specific value. Each morphological
transformation is performed using a kernel. The size of
the kernel determines the degree of impact of the
operation: too small may have no effect, while a large
one increases computational costs and risks changing
the shape of the object.

Step 7. Expanding active regions

Dilation with a larger kernel is used to cover parts
of the object that remain static, thus fully shaping the
object. However, the movement of the object may be
partial, so the resulting region captures only a part of the
object, which can make classification impossible. To
compensate for this, you can use an extension with a
large kernel size, so that the nearest neighbourhood
including the stationary parts of the current object is
added to the region.

Step 8. Remove regions that are too small

The next step is to filter the resulting regions by
size. The previous transformations remove most of the
interference, but there are still regions with minor
changes that are so small that they cannot physically
contain an object inside. Such regions are excluded
because there is no point in further processing them.

Step 9. Classify new objects

Since all the interference and regions that cannot
contain objects have been removed, object recognition
can be attempted. Each region is passed to the input of a
classifier based on a neural network[10]. The current
implementation of the method uses a classifier based on
the MobINETV1 architecture. There are no specific
requirements for the classifier; the choice of the model
is based on specific performance requirements,
available system resources, and target accuracy.

Step 10. Tracking the object

When the object is found, its position is transferred
to the tracking algorithm, so the full search and
recognition procedure can be skipped and the current
position of the object can be obtained by processing the
frames with the tracking function. Every 10 frames, the
tracker checks whether the object is located in the
received region, in case of a false positive, the tracker
state is reset and the search starts from the beginning in
the next frame.

The main goal of the tracking algorithm is to keep
the object detected when it is not moving or moving
slightly. The current implementation uses the simple
and fast MOSSE algorithm.

The proposed implementation algorithm has an
iterative (cyclic) structure: after each frame, a full
processing cycle is performed (Step 1 — Step 9). If the
object is not found or classified, processing continues
with the next frame (return to Step 1). If the object is
recognised, tracking is started (Step 10), but the cycle
remains active, i.e. every few frames the relevance of
tracking is checked, and if necessary, the algorithm
returns to the search mode.

Thus, the proposed method combines the
advantages of simple but fast linear and morphological
transformations with the accuracy of neural network
classification.

It is characterised by stable processing time due to
the unification of frame size and an optimised set of pre-
computations, which ensure fast detection of moving
objects with minimal consumption of GPU and video
memory resources compared to classical neural network
approaches such as SSD.

The method is suitable for use in resource-
constrained environments, such as embedded real-time
systems, video surveillance cameras, or devices with
low computing capabilities, where high processing
speed, moderate resource consumption, and algorithm
stability are important.

Experimental Setup

In order to measure the characteristics of the
method, a series of experiments will be conducted in
which video from a static camera will be processed and
the following indicators will be collected:

1. Average time to process one frame (in ms).
This indicator determines the suitability of the method
for real-time operation.

2. CPU, GPU, and RAM usage during operation.
These are the main indicators that give an idea of the
use of system resources.

3. The number of successfully found objects. The
absolute value is necessary for a relative comparison
with analogues.

Similar metrics were obtained for the SSD method
for comparison purposes. The summary results of the
experiment with the refined statistical indicators are
shown in Table 1.

As can be seen from Table 1, the method of
calculating interframe deltas outperforms SSD in terms
of detection speed by ~8% and has significantly lower
video memory consumption (by 57%), but slightly
inferior in accuracy (by 2.8%).

In particular, the difference in GPU usage was
verified by an additional series of 15 experimental
measurements. The average GPU usage was obtained:
1.1% + 0.05% for the delta difference method and 0.9%
+ 0.05% for SSD. Statistical analysis (Student's t-test,
p<0.05) confirmed that the difference of 0.2% is stable,
although close to the measurement error limit. This can
be explained by the additional linear operations (e.g.,
scaling, convolution, dilatation, and erosion) that are
optimally performed by the GPU.

Thus, these statistics confirm that although the
difference in GPU usage is small, it is scientifically
justified.
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Table 1 — Comparative performance metrics of object detection methods

. Deltas Difference SSD (Single
Parameter Unit Method Shot Detector) Comment
Average Detection Time ms 54+0,2 5,8+0,2 Deltas method is ~8% faster
S -

Accuracy % 712+ 1.0 740+ 1.0 S_SD more accurate by 2.8%, but with
higher resource usage

CPU Usage % 115+ 0.5 9,04 0.5 Deltas method_ consumes more CPU due
to pre-processing outside CNN
Higher RAM consumption due to frame

RAM Usage MB 468 + 10 445 + 10 differencing operations

GPU Usage % 1.1 40,05 0.9 + 0,05 Slightly hlg_her GPU load due to image
transformations

VRAM Usage MB 390+ 15 610+ 15 SSD consumes 57% more video memory

Figs. 2—7 visualise the main performance indicators
of the two methods based on the data from Table 1.

Based on the measurements of the processing time
of each frame, the average value was calculated and a
graph was plotted for comparison with SSD (Fig. 2):

Detection time, ms

5,9
5,8
5,7
5,6
5,5

5,4
5,3
5,2
51

Deltas difference
method

SSD

Fig. 2. Average processing time per frame

The visualisation demonstrates that the delta
calculation method performs, on average, 0.4
milliseconds faster per frame compared to the SSD
approach, representing an 8% improvement in
processing speed

In addition to speed, recognition accuracy remains
a key performance indicator. The following graph (Fig.
3) presents a comparison of accuracy between the two
methods, highlighting the practical implications of using
delta-based preprocessing. While performance is
essential, the balance between speed and accuracy often
determines the suitability of a method for real-world use
cases.

Accuracy

75,00%
74,00%
73,00%
72,00%
71,00%
70,00%
69,00%

Deltas difference
method

SSD

Fig. 3. Recognition accuracy

According to the experimental results, the new
method lags behind the reference method by 2.8% in
accuracy. Next, let's look at the use of processor
resources during recognition (Fig. 4).

CPU usage
12,00%
10,00%
8,00%
6,00%
4,00%
2,00%

0,00%
Deltas SSD
difference

method

Fig. 4. Processor resource utilisation

The method of calculating deltas involves a larger
number of preprocessing steps performed outside the
neural network, such as noise removal and region
filtering, which both contribute to the overall
computational load on the CPU. Unlike operations that
are fully offloaded to the GPU, these stages require
sequential processing and are less parallelizable, making
the CPU a critical bottleneck in this part of the pipeline.
As a result, a significant portion of the workload is
shifted from the GPU to the CPU, leading to increased
CPU utilization. This is particularly evident during the
phases of morphological filtering and segmentation
refinement. The following graph illustrates RAM usage
during the execution of this method (Fig. 5).

Due to the higher CPU usage, more data is stored
in RAM. The next parameter in Fig. 6 is the use of
video card processing time.

As can be seen from Fig. 6, the difference in GPU
usage between the methods (1.1% for the delta
difference method vs. 0.9% for SSD) is insignificant
and close to the measurement error limit. To confirm
this difference, a series of 15 repeated measurements
was additionally performed.

The statistical processing resulted in the mean
value (Mean) and root mean square deviation (RMS),
which are shown in Table 2.
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Fig. 5. RAM usage

GPU usage

Deltas difference
method

1,20%
1,00%
0,80%
0,60%
0,40%
0,20%

0,00%

Fig. 6. GPU usage

Table 2 — GPU Usage Statistical VValidation
(15 measurements)

Method Mean GPU RMS, % _Sta_tl_stlcal
Usage, % significance
Deltas statistically
Difference 1,10 +0,05 significant
Method (p <0,05)
SSD 0,90 +0,05 reference
The difference was tested for statistical

significance using Student's t-test at a significance level
of p < 0.05. The analysis was conducted on the basis of
30 independent experiments, which ensures that the
sample is sufficiently representative to draw
conclusions.

Despite the relatively small absolute difference
between the mean values, the results of the statistical
test confirmed its stability and reliability, which is
explained by the presence of additional linear operations
(dilation, erosion, frame difference) that are efficiently
performed in parallel on the GPU.

Consider the video memory usage in the following

graph (Fig. 7):

VRAM usage, mb
700
600
500
400
300
200
100

Deltas difference SSD

method
Fig. 7. VRAM usage

The SSD algorithm uses 57% percent more video
memory than the delta-calculated recognition
algorithm.

This significantly higher VRAM consumption
of the SSD method (+57%) is due to the use of a
neural network model with a large depth and
number of parameters, which requires a significant
amount of memory to store intermediate data and
the model.

The interframe delta method wuses simpler
processing operations, which significantly reduces the
VRAM requirement, so the difference seems logical
and fully corresponds to the peculiarities of the two
compared methods.

Conclusions and prospects for further
research

The experimental study proved that the proposed
method for detecting moving objects based on the
calculation of interframe deltas with subsequent linear
and morphological transformations of the input image is
highly efficient for real-time applications with limited
hardware resources.

The main advantages of this method are high
performance (~8% faster compared to the SSD method),
low video memory usage (57% reduction), and stable
GPU load (0.2% difference compared to SSD and tested
for statistical significance using Student's t-test at a
significance level of p < 0.05), which is achieved by
optimising the sequence of preliminary computational
operations.

Further research could be aimed at:

— optimising the choice of thresholds and adaptive
tuning of morphological transformations parameters,

— integrating with modern compact neural network
architectures to improve accuracy,

—extending the algorithm to work with moving
cameras and more complex dynamic environment
scenarios,

—conducting a detailed statistical analysis of the
results using additional metrics (skewness, variance) to
more fully assess the efficiency and stability of the
method.
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A method for searching and recognising objects in a video stream by calculating interframe deltas
b. I. CamoBrukos, O. C. XKydyeHko

AHoTanis. Y cTaTTi 3anpONOHOBAHO YJOCKOHAJIEHMII METOJ MOIIYKY Ta PO3Mi3HaBaHHA 00 €KTiB y Bizeomoroui B
PEeXHUMIi peabHOTO 9acy 3 BUKOPHCTAHHAM OOUHCIICHHS MIKKaJPOBUX 3MiH (IelbT) Ta HeffpoHHOTrO KiacudikaTropa. OCHOBHOIO
METOIO JOCIHI/UKEHHS € OCSATHEHHS! BUCOKOI IIBUIKO/IT Ta 3MEHIICHHS 00YHCIIOBAIbHOTO HABaHTAXKEHHS Ha PECYPCH CHCTEMHU
3a yMOBH 30epekeHHs NPHHHATHOI TouHOCTi. [IpoBeneHo ekcreprMeHTanbHe MOpIiBHAHHSA i3 0a3zoBuM MeTtomoM SSD (Single
Shot MultiBox Detector), y Mexax sIKOro BUMIpPIOBaIHCS OKa3HUKH: cepeHii yac 0OpoOKH Kaapy, BHKOPHCTAHHS ONEpPaTHBHOI
Ta Bifeomam’sTi, MpOIEecCOpHe Ta rpadidHe HAaBaHTAKCHHsS, a TaKOX TOYHICTh posmi3HaBaHHiA. Ha Bigminy Big SSD,
3anpONOHOBAHUN MiAXia 3abe3nedye BHINY MIBUIKICTE 00poOkH (1o 35% mpupocTy) mpH HE3HAYHOMY 3MEHIIEHHI TOYHOCTI
(menmre 4%), M0 KOMIICHCYEThCS MOJANBIIOI0 afanTaliero Mozaeni. [Ipu 1boMy BHKOPHCTaHHS IEHTPaJbHOTO Mpolecopa Ta
O3II 3pocrae aume Ha 0,5-5%, HaTOMICTH OOCAT CHOXKMBAHOI BiZieoraM’sITi 3MEHIIy€eThest Ha 57%. JlociipKeHHsT TiATBEpIKY€E
JOUUIBHICTE 3aCTOCYBaHHS YIOCKOHAIICHOTO METONy JenbT-Kiacuikaiii B CHCTeMaX BiJCOAHATITUKA 3 OOMEKCHUMH
pecypcamu. HaBeneHuii MeTos Moxe OyTH iHTErpOBaHHN y NMPUKIAZHI CHCTEMH OE3MeKH, BiICOHAINIANY Ta IHTEJIEKTYalbHOrO
MOHITOPHHTY B peaJbHOMY Yaci.

Kaw4oBi caoBa: MmalinHHE HaBYaHHsI, KOMITIOTEpPHHUH 3ip, 00poOka 300pakeHb, 3rOpTOYHI HEWPOHHI Mepexi,
Bi3yaJbHE PO3Mi3HABaHHS 300paXXeHb, TEJICKOMYHIKAIIHI CHCTEMH.
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