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Abstract

This paper presents a prototype system for real-time camera-based monitoring of product
presence and change events. The proposed approach combines object detection, class-based
counting, and lightweight event logic to determine whether products appear, disappear,
or change in quantity over time. The system is intended for live camera input, while the
current implementation has also been tested in a controlled manner using prerecorded
video sequences. A modular software structure is used to support future extensions,
including experiments with additional detection models and product-specific training data.
The current results show that the developed prototype can serve as a practical basis for
intelligent visual monitoring in product observation scenarios.

Keywords: object detection; real-time monitoring; camera-based system; product presence
detection; change event detection; computer vision

1. Introduction

Real-time visual monitoring has become increasingly important in applications where
the observed scene changes continuously and requires timely interpretation. In many
practical scenarios, it is not enough to detect objects in a single frame. It is also necessary to
determine whether a specific product is present, whether it has disappeared, or whether its
quantity has changed over time.

Camera-based monitoring provides a flexible and accessible way to address such tasks.
Compared to manual observation, automated visual analysis can offer faster and more
consistent information about the current state of the scene. This makes it relevant for appli-
cations related to product observation, inventory awareness, and dynamic scene analysis.

Recent advances in deep learning have significantly improved the performance of
object detection methods in real-time environments. In particular, one-stage detectors
have become widely used because they are capable of combining speed and detection
accuracy in a way that is suitable for live visual processing. This has created opportunities
for developing practical systems that can operate directly on camera streams and support
higher-level monitoring functions [1].

At the same time, frame-level detection alone is often not sufficient in real monitoring
tasks. A system may correctly recognize visible products, but this does not automatically
provide information about changes in the scene. For many applications, the important
question is not only what is currently visible, but also what has changed compared to the
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previous state. This includes situations in which a product appears, disappears, or changes
in quantity.

The present work addresses this problem through the development of a prototype
system for real-time camera-based monitoring of product presence and change events. The
proposed approach combines object detection, class-based counting, and state comparison
in order to generate event-oriented information from visual observations. In this way,
the monitoring process moves beyond isolated detections and toward a more meaningful
interpretation of scene dynamics.

The current implementation is designed for live camera input, while controlled testing
has also been carried out using prerecorded video sequences during development. The
software structure is modular, which allows future extension of the system with additional
detection models, custom training data, and broader experimental evaluation.

The main contribution of this paper is the design and implementation of a practical
monitoring pipeline that integrates product detection with lightweight change-event logic
in a real-time camera-based setting. The developed prototype is intended as a basis for
further work on intelligent visual monitoring in product observation scenarios.

Recent developments in object detection show that real-time monitoring systems
increasingly rely on efficient deep learning architectures capable of balancing detection
accuracy and computational speed [1,2]. Modern YOLO-based detectors are widely used
in practical applications because they provide a suitable compromise between performance
and implementation complexity [3]. These developments support the motivation of the
present prototype, which focuses on camera-based product monitoring and change-event
detection in a controlled shelf-like environment.

2. Related Work
2.1. Real-Time Object Detection

Real-time object detection has developed rapidly in recent years due to the progress of
deep learning methods. For practical monitoring systems, detection speed is as important
as recognition accuracy, especially when the goal is to process a continuous visual stream
from a camera [4,5]. For this reason, one-stage detectors have become a widely used
choice in applications that require fast response and relatively lightweight processing.
YOLO-based methods are particularly well known in this area because they are designed
to balance speed and detection performance in real-time scenarios [1,6].

These developments have made object detection suitable not only for general visual
recognition tasks, but also for applied monitoring systems. In such systems, the detector
serves as the first stage of the processing pipeline by identifying the visible objects in each
frame. However, in many real-world cases, detection alone is not enough. A monitoring
system often has to interpret changes in the observed scene rather than simply list the
objects that are currently visible [1].

Recent YOLO-related studies continue this direction by proposing architectural im-
provements intended to increase detection efficiency and reduce computational over-
head [7,8].

2.2. Product Recognition and Shelf Monitoring

Product recognition in retail-like environments is more challenging than general object
detection because many items have similar visual appearance, are partially occluded, or
are observed under changing lighting and viewpoint conditions. Research on store-shelf
analysis has shown that product-related recognition tasks often require handling a large
number of visually similar classes, limited reference imagery, and frequent changes in
packaging or product availability [2,3].
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This makes product monitoring an especially relevant application domain for camera-
based computer vision systems. Existing studies show that deep learning can support
recognition and shelf analysis tasks in a way that is useful for automated store management,
product observation, and inventory-related scenarios [4,9].

2.3. Change-Oriented Monitoring

In many monitoring applications, the most valuable information is not limited to what
is present in a frame, but includes what has changed between consecutive observations.
This idea is important in shelf monitoring and inventory-related settings, where the appear-
ance of a new item, the disappearance of an existing one, or a change in visible quantity
may be more useful than the raw detection output itself. Recent work on store monitor-
ing pipelines reflects this shift toward change-aware scene interpretation and automated
inventory observation [4,10].

The present work follows this direction, but focuses on a lightweight prototype that
combines object detection with simple class-based counting and state comparison. Instead
of aiming at a large-scale retail system, the goal is to build a practical camera-based
monitoring pipeline that can identify product presence and generate basic change events in
real time.

3. Materials and Methods
3.1. General System Concept

The proposed system is designed as a real-time monitoring pipeline based on camera
input. Its main purpose is to observe a scene containing products and to determine changes
in product presence over time. Instead of treating each frame as an isolated image, the
system processes the video stream as a sequence of consecutive scene states and compares
the current state with the previously stored one.

The overall workflow begins with frame acquisition from the camera input, followed
by object detection and class-based counting. The detected products are summarized into a
current scene state, which represents the number of objects from each recognized class at
a given moment. This state is then compared with the previous scene state stored by the
system. If a difference is identified, a change event is generated, such as the appearance,
disappearance, or quantity change in a product.

After the comparison step, the current scene state becomes the previous state for
the next processing cycle. In this way, the system forms a continuous monitoring loop
rather than performing only independent object detection on separate frames. The output
of the system includes both visualized detections and inventory-related information, al-
lowing the user to observe the current product presence and the detected changes in the
monitored scene.

The current concept is oriented toward live camera operation. At the present develop-
ment stage, controlled tests with prerecorded video sequences have also been used to verify
the logic of the pipeline and to observe the behavior of the system under repeatable condi-
tions. This intermediate step supports the development process, while the intended final
application remains real-time camera-based monitoring. Figure 1 illustrates the workflow
of the proposed camera-based system for product monitoring and change detection.
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Figure 1. Workflow of the proposed camera-based system for product monitoring and change
detection.

3.2. Software Environment and Implementation Structure

The prototype is implemented in Python v3.9 using a modular software structure [5].
The current version includes separate components responsible for configuration manage-
ment, video stream handling, object detection, visualization, metrics support, recording of
results, and inventory-related logic. This structure was selected in order to keep the system
easier to organize, modify, and extend during further development.

A modular approach is especially useful in a prototype system that is expected to
evolve. In the present case, it allows the monitoring logic to remain separate from the
detection and visualization components. It also provides a practical basis for future ex-
periments involving additional detection models, custom training data, and expanded
evaluation procedures.

From an implementation perspective, the system is designed to support both con-
trolled testing and direct transition to camera-based operation. This makes it possible to
refine individual modules without changing the general architecture of the pipeline.

The object detection component used in the current prototype is based on the
YOLOvV8n model from the Ultralytics YOLOv8 family. This lightweight version was
selected because it is suitable for real-time prototype experiments and camera-based testing
under limited hardware resources. The model was initialized with pretrained yolov8n.pt
weights and fine-tuned on a custom beverage-product dataset prepared for the purposes of
the experimental scenario. The training configuration included 50 epochs, an input image
size of 640 x 640 pixels, and a batch size of 16. The trained model is used in the prototype
to localize visible products in each frame and to assign class labels that are later used for
counting, state representation, and change-event detection.

3.3. Frame Processing and Detection

Each frame obtained from the selected video source is passed to the YOLOv8n-based
detection stage of the system. The detection module identifies visible objects in the frame
and associates them with class labels. These outputs form the basis for the current scene
description. In the current prototype, the detection stage is implemented using the YOLOv8
model from the Ultralytics v8.4.142 framework [11].

The processed frame can also be visualized with annotations, which makes the system
behavior easier to observe during execution. This annotated output is useful both for
development and for practical monitoring, because it provides direct visual feedback about
the detected products and their interpreted state.

At this stage, the detector is used as the primary mechanism for extracting object-level
information from the scene. The following stages of the pipeline build on these outputs in
order to derive more meaningful monitoring results. An example of the annotated visual
output produced by the current prototype is shown in Figure 2.
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Figure 2. Example of an annotated frame produced by the prototype system, showing detected
beverage products and class-based inventory information.

3.4. Counting and State Representation

After the detection stage, the system counts the visible objects by class. This produces a
compact representation of the current visual state of the observed scene. Instead of working
only with raw detections, the pipeline transforms the frame-level output into structured
count-based information.

Such a representation is useful because it simplifies the monitoring task. For example,
if several products from the same category are visible, the system stores the number
of detected instances for that class rather than treating each frame as an entirely new
observation. In this way, the scene can be described through a set of current product counts.

This count-based representation also provides the necessary link between frame-level
object recognition and change-aware monitoring. It allows the next stage of the system to
compare consecutive states and determine whether a relevant event has occurred.

3.5. Change Event Logic

The main monitoring logic of the prototype is based on comparing the current scene
state with the previously observed one. This makes it possible to generate event-oriented
information rather than only a list of detected objects.

If a product class was not present in the previous state but is present in the current
one, the system interprets this as an appearance event. If a previously present class is no
longer detected, this is treated as a disappearance event. If the class remains visible but the
number of detected instances changes, the system reports a quantity change event.

Although this logic is relatively simple, it is important because it shifts the monitoring
process from static visual recognition toward basic scene interpretation. In practical terms,
this means that the output becomes more informative and more suitable for observation
tasks in which changes are more important than isolated detections. The basic interpretation
logic used in the current prototype is summarized in Table 1.

Table 1. Basic event logic based on comparison between consecutive scene states.

Previous Count Current Count Interpreted Event
0 1 Appearance
1 0 Disappearance
2 1 Quantity decrease
1 2 Quantity increase
1 1 No change

As shown in Table 1, the event type depends on the difference between the previous
and current count for each observed product class.
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3.6. Current Test Scenario

The target application scenario of the developed system is real-time monitoring based
on live camera input. In this setting, the camera continuously provides frames that are
processed by the monitoring pipeline, allowing the system to observe changes in product
presence as they occur.

At the current stage of development, controlled tests have also been performed with
prerecorded video sequences. This approach is useful because it allows repeated obser-
vation of the same scene conditions and supports debugging of the counting and event-
generation logic. It also makes it easier to verify whether the system responds consistently
to known appearance and disappearance cases.

Even though prerecorded video has been used during development, the implemented
architecture is intended for direct use in live camera-based monitoring. The present work
therefore represents a prototype stage that bridges controlled validation and practical
real-time operation.

4. Results
4.1. Current Prototype Capabilities

The current implementation shows that the proposed system is able to process video
frames, detect visible products, count object instances by class, and generate event-related
information based on state changes between observations. In addition to object-level
recognition, the prototype provides a higher-level interpretation of the scene by identifying
whether a product has appeared, disappeared, or changed in quantity.

The system also produces annotated visual output, which makes the monitoring
process easier to follow during execution. This is useful both for development and for
practical observation, since it allows the detected objects and the interpreted scene state
to be inspected directly. In its current form, the prototype also supports the recording of
output data, which can be used for later review and further analysis.

These results indicate that the developed solution is already functional as a monitoring
prototype. Although the present stage does not yet represent a full experimental evaluation,
it demonstrates that the core processing pipeline operates consistently and can serve as a
basis for further refinement.

4.2. Example Monitoring and Change-Detection Cases

Several practical monitoring cases can be used to illustrate the current behavior of
the prototype system. A basic case occurs when a product that was not present in the
previous observation state becomes visible in the current frame sequence. In this situation,
the system registers an appearance event. A second case occurs when a previously detected
product is no longer visible, which leads to a disappearance event.

Another important case involves a change in the visible quantity of a given product
class. For example, if two instances of a product are initially detected and only one remains
visible in the following state, the system interprets this as a quantity decrease. In an
analogous way, the addition of a newly visible instance is treated as a quantity increase.

These cases show that the proposed monitoring logic is capable of transforming frame-
level detections into more meaningful scene-related outputs. Instead of providing only a
static list of objects detected in a single frame, the prototype supports simple interpretation
of changes over time. A representative example of a detected change event between two
consecutive observation states is shown in Figure 3.
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Figure 3. Examples of change-event detection produced by the prototype system: (a) appearance of a
Sprite product; (b) disappearance of a Sprite product.

4.3. Result Validation

The obtained results were validated through repeated practical tests with the devel-
oped prototype under controlled indoor conditions. The validation focused on three main
aspects of the proposed monitoring pipeline: correct detection of the selected beverage
product classes, correct formation of the class-based inventory representation, and correct
identification of simple change events between consecutive observation states.

The test setup included a fixed camera position and a shelf-like scene containing
beverage products from the trained classes. During the validation tests, products were
added to and removed from the observed scene in order to verify whether the system
correctly updated the inventory information and reported the corresponding appearance or
disappearance event. The examples shown in Figure 3 illustrate representative successful
cases in which the system detects the appearance and disappearance of a Sprite product
and reflects the change in the inventory panel.

The validation was performed on a standard laptop (HP Inc., Palo Alto, CA, USA)
configuration running Windows 11 Pro 64-bit, equipped with an Intel Core i3-1005G1 CPU
(Inlel, Santa Clara, CA, USA) at 1.20 GHz, 8 GB of RAM (HP Inc., Palo Alto, CA, USA),
and an NVIDIA GeForce MX330 graphics adapter with 2 GB of dedicated memory (Nvidia,
Santa Clara, CA, USA). In the reported tests, the prototype was executed in CPU mode.
During the tests, the system achieved a processing speed of approximately 4.8-6.3 FPS,
as visible in the annotated output frames. Although this frame rate is not sufficient for
high-speed industrial real-time applications, it was adequate for validating the proposed
monitoring logic in a controlled shelf-like scenario, where the relevant product changes
occur at relatively low speed.

In addition to the practical validation with camera-based test sequences, the trained
detection model was evaluated on the validation subset of the prepared beverage-product
dataset. The evaluation was performed after 50 training epochs using the standard object-
detection metrics reported by the training framework. The obtained values are summarized
in Table 2.

Table 2. Quantitative validation results of the trained YOLOvS detection model.

Metric Value

Precision 0.979

Recall 0.988

mAP@50 0.799
mAP@50-95 0.704
Validation box loss 0.767
Validation classification loss 0.932
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The results show high precision and recall for the selected product classes, which
indicates that the trained model is able to detect the target beverage products reliably
under the controlled conditions used in the prototype tests. The mAP values provide an
additional indication of the detection quality over the validation subset. These quantitative
results support the qualitative observations from the live and prerecorded test sequences,
although they should be interpreted within the limited scope of the current dataset and
experimental setup.

The validation confirmed that the prototype is able to transform frame-level object
detections into a compact inventory representation and to register basic changes in product
presence over time. At the same time, the validation should be interpreted as prototype-
level verification rather than as a complete large-scale benchmark evaluation. A broader
quantitative evaluation with more test sequences, different lighting conditions, camera
positions, and product arrangements is planned as part of the next development stage.

4.4. Practical Observations

The current implementation highlights several practical factors that influence system
behavior. Detection quality depends on the visual conditions in the observed scene, in-
cluding lighting, camera position, viewing angle, and partial occlusion of the products. In
addition, visually similar packaging may increase the difficulty of correct class assignment.

Another important observation is that short-term instability in frame-level detections
may lead to temporary fluctuations in the reported product count. For this reason, even a
simple confirmation strategy across multiple frames can improve the stability of the gener-
ated monitoring events. This is particularly relevant in real-time operation, where transient
detection errors may otherwise lead to incorrect appearance or disappearance reports.

These observations are important because they reflect realistic operating conditions
rather than idealized examples. They also confirm that the development of such a monitor-
ing system requires not only object detection, but also careful interpretation of detection
results over time.

4.5. Limitations of the Current Stage

At the current stage, the developed system should be considered a functional prototype
rather than a fully evaluated final solution. The present results are sufficient to demon-
strate the viability of the proposed monitoring approach, but they do not yet constitute a
broad comparative study. Additional work is still required in the areas of custom dataset
creation, systematic live-camera testing, and controlled comparison between different
detection models.

Another current limitation is that the experimental scope remains intentionally narrow.
This is appropriate for the present development phase, since the main goal of this work
is to establish the architecture and operating logic of the monitoring pipeline. Broader
quantitative evaluation will be more meaningful after the next stage of implementation is
completed. The current implementation status of the developed prototype is summarized
in Table 3.

Table 3. Current functions of the developed prototype system.

Function Current Status Notes
Frame acquisition Implemented Supports video input and live camera transition
Object detection Implemented Based on the current detection module
Class-based counting Implemented Counts visible instances by class
Change event logic Implemented Supports appearance, disappearance, and quantity change
Live camera validation In progress Target application scenario
Multi-model comparison Planned Planned for future development
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5. Discussion

The current prototype shows that combining object detection with simple state com-
parison can provide a practical basis for intelligent scene monitoring. This is important
because, in many real-world applications, the useful information is not limited to the
set of objects currently visible in a frame. In many cases, the more valuable information
concerns the changes that occur over time, such as the appearance of a new product, the
disappearance of an existing one, or a change in the visible quantity of a product class.

From this perspective, the proposed approach extends the role of object detection
from frame-level recognition to basic scene interpretation. Even though the implemented
event logic is relatively lightweight, it increases the practical usefulness of the system by
transforming raw detections into monitoring-oriented outputs. This makes the prototype
more suitable for observation tasks than a detector used in isolation.

Another important aspect of the current work is the modular structure of the system.
The separation between frame acquisition, object detection, counting, state comparison,
and visualization makes the prototype easier to expand in future development stages. This
is particularly relevant for the planned integration of additional detection models, custom
training data, and more structured evaluation under live camera conditions.

At the same time, the current prototype has limitations that should be acknowledged
clearly. The system still depends on the quality and stability of frame-level detections,
which means that lighting conditions, camera angle, partial occlusion, and visual similarity
between products may affect the interpreted output. For this reason, a reliable monitoring
system requires not only detection performance, but also stable temporal interpretation
across consecutive observations.

The present stage should therefore be seen as a functional and promising basis rather
than a final solution. Its main value lies in demonstrating that a relatively compact monitor-
ing pipeline can move beyond isolated detections and support event-aware interpretation
of product presence. This provides a suitable foundation for the next development stage,
which will focus on live camera validation, product-specific training data, and broader
experimental comparison.

6. Conclusions

This paper presented a prototype system for real-time camera-based monitoring of
product presence and change events. The proposed approach combines object detection,
class-based counting, and comparison of consecutive scene states in order to identify
appearance, disappearance, and quantity changes.

The current implementation shows that such a pipeline can provide a practical ba-
sis for intelligent visual monitoring. Even at its present development stage, the system
demonstrates the potential to move beyond frame-level object detection and toward more
meaningful interpretation of scene dynamics.

At the same time, the work should be viewed as a prototype-stage contribution rather
than a fully completed final solution. Its main value lies in establishing the architecture
and operating logic of a camera-based monitoring system that can be extended in future
development.

Future work will focus on live camera validation, creation of product-specific training
data, integration of additional detection models, and broader experimental evaluation
using suitable monitoring metrics.
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