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Abstract. This paper presents the design and testing of an intelligent construc-
tion monitoring system using computer vision and machine learning to improve safe-
ty and efficiency. The system focuses on automated detection of personal protective
equipment (PPE) and safety violations at construction sites. It employs YOLOv11 and
ResNet-50 neural networks for real-time object detection and classification. Light-
ning Al was used for cloud-based data processing. Testing on real-world data showed
70-75 % detection accuracy (mAP@0.5) for workers and PPE, and 92 % accuracy
for classifying safety violations. However, under stricter criteria (mAP@0.5:0.95),
accuracy dropped to 35 %, highlighting challenges in complex or occluded scenes.
The most frequent errors involved helmets and safety glasses misrecognition. The
system reduces human error and supports proactive safety management, contributing
to lower accident rates and better oversight on construction sites.
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AHHOTauMsl. Byl JKyMbICTa KypBUIBIC allaHJapbIHAAFbl KayilCI3JiK TMeH
TUIMAUTIKTI pTTHIPYFa OaFbITTaJIFaH HHTEIUIEKTYall bl OaKbLIay JKYHecl YChIHbUIAbI.
Kyiie xexe kopranbic KypannapbiH (JKKK) aBTOMaTTHI TYp/ie aHbIKTAaM, Kayinci3aik
epexenepiniy 0y3puTybIH Tipkehai. YOLOvV1 1 xone ResNet-50 HelipoHIbIK sxemiiepi
HBICAH/Iap/ibl HAKThl YaKbITTA AHBIKTAI, JKIKTEY YIIiH KOJJAHBULABL Jlepekrepmi

0 This work 1s licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
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enJiey Lightning Al OynTThI mnaTdopmackl apKbLUIbI )Ky3ere acTbl. HakThl nepexrepe
CBIHAK JKYprizy HoTmxkecinae xymoicuibiap MeH KKK anbiktay nomairi 70-75 %
(mAP@0.5) Gonca, Kayinci3aik Oy3yIIbUTBIKTApbIH JKIKTeYy ANAIr 92 %-ra KeTTi.
Karan Garanay ke3inge (mAP@0.5:0.95) nonnix 35 %-ra aeitin ToMmeHaeai, 6y Kyp-
JIeNTl KepiHicTep MEH JKaObIK HbICAHIapa KUBIHIBIKTap OapbiH KepceTTi. EH xui ke3-
JIECETIH KaTenep — Kacka MEH KO3UIIIPIKTI AYphIC TaHbIMay. JKylie ajaM KaTeliriH
A3aMTHII, KAayINCi3aiK OaKplIaybIH KaKcapTaIbl.
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AnHoranusi. B pabore mnpencraBieHa UWHTENJIEKTyallbHas CHUCTeMa
MOHHUTOPHHTA CTPOUTENBHBIX IUIOMAA0K, pa3paboTaHHass C MPUMEHEHHUEM
KOMITBIOTEPHOTO 3PEHUS M MAIIMHHOTO O0yUYeHUSs JUIsl TIOBBIIIEHNUs 0€30MacHOCTH U
s dextuBHOCTH. OCHOBHOE BHUMAHUE yJI€JICHO aBTOMAaTHUYECKOMY pacro3HaBaHUIO
cpenctB uHauBHAyanbHOW 3ammThl (CH3) W BBISBICHUIO HAPYIICHUH TEXHUKU
oe3onacHocTH. Mcronp3oBanuck HelipoceTeBbie Moaenn YOLOvV11 u ResNet-50 mis
JETEKIINH 1 KiIaccupukauu o0bekToB. Obmaynas o0paboTka JaHHBIX BHITIOJHSIACH
¢ momomibio nardopmsl Lightning Al [Ipu ucnibITaHUSX HAa peadbHBIX JaHHBIX CH-
cTeMa MoKas3ajla TOYHOCTh OoOHapyskeHusi pabotHukoB u CU3 Ha yposue 70-75 %
(mAP@0.5), a knaccudukanus HapymeHud gocturina 92 %. Opnako mpu Oonee
ctporoii onienke (MAP@0.5:0.95) Tounoctsh cHU3MIACh 10 35 %, 4TO yKa3bIBaeT Ha
CIIO)KHOCTHU B CJIOKHBIX CIIEHAaX M MPU YACTMYHOM IEPEeKphITUU 00bekToB. Hanbo-
Jiee YaCThIMU OLITMOKaMH CTaJIM HEBEPHOE PACIIO3HABAHUE KACOK U 3alIUTHBIX OYKOB.
Cucrema CHI)KaeT BIUSHUE YEIOBEYECKOro (pakTopa M CIOCOOCTBYET YIyUlICHHIO
KOHTPOJIS 32 COONIOJICHHEM TEXHUKH 0€30MacHOCTH.
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oXpaHa Tpy/a, oOHapykeHHne 00beKTOB, TTyookoe oOydyeHue, YOLOvI11, ResNet-50,
Lightning Al
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KonguukT HHTepecoB: aBTOpHI 3asBISIOT 00 OTCYTCTBHM KOH(QIIMKTA
HMHTEPECOB

Introduction

The modern construction industry is one of the largest and most strategically
significant sectors of the economy, driving infrastructure development and providing
employment for a substantial portion of the population. However, the level of auto-
mation and adoption of advanced technologies in construction remains significantly
lower compared to industries such as manufacturing, healthcare, or transportation
(Kozlovska et al., 2021: 4-10; Shalbolova et al., 2023: 3-5) research indicates that
the construction sector is characterized by low productivity, a high number of in-
complete or delayed projects, and significant safety risks for workers. According to
KPMG’s 2023 report, up to 70 % of construction companies face considerable chal-
lenges in real-time monitoring of key construction metrics. This results in resource
overruns and schedule deviations.

Traditional methods for monitoring construction processes, quality, and safety
rely on visual inspections, manual data entry, and report analysis, which introduce
subjectivity, documentation errors, and increased time costs. Although video surveil-
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lance systems are increasingly being deployed on construction sites, they primari-
ly operate in a passive mode and require continuous human intervention for video
stream analysis, limiting their overall effectiveness. Automated construction moni-
toring systems powered by artificial intelligence (Al) are still in the early stages of
development. However, there are already successful cases of their practical imple-
mentation, demonstrating significant potential for improving safety and efficiency in
construction operations (Vukicevic et al., 2024: 2—6).

However, despite its significant potential, existing construction monitoring
methods still face several unresolved challenges. Most Al architectures require large
volumes of labeled data for effective training, yet specialized datasets for construc-
tion sites (e.g., the Construction Site Safety Computer Vision Project) remain limited
in terms of the number of images and scene diversity. Additionally, there is no unified
system for integrating various monitoring tools. Construction companies often imple-
ment fragmented video analysis solutions, while comprehensive platforms that inte-
grate data from drones, IP cameras, trail cameras, and sensor systems into a single in-
telligent decision-support environment have yet to be developed at a sufficient level.
Moreover, existing algorithms lack adequate adaptation to the complex conditions of
construction sites. The high visual dynamics of construction scenes, adverse weather
conditions, poor lighting, and various obstacles (e.g., scaffolding and trees) pose sig-
nificant challenges for current object detection and segmentation algorithms (Tahir
et al., 2024: 103; Kumar et al., 2023: 20-23). Another critical aspect is real-time
processing of video streams and images, as this requires substantial computational
resources, making it impractical to deploy complex Al models without leveraging
cloud-based GPU solutions.

In this context, there is a growing need for the development of an intelli-
gent construction monitoring system that integrates machine learning methods, cloud
technologies, and video image analysis.

The objective of this study is to design an automated system capable of re-
al-time data processing from IP cameras, trail cameras, and drones to monitor con-
struction safety, track progress, and assess resource utilization efficiency.

To achieve this goal, the following tasks were undertaken:

1. Integration of data from various monitoring sources.

2. Development of a computer vision model for detecting personal protective
equipment (PPE) and monitoring construction progress.

3. Creation of an intelligent platform for analyzing and visualizing incoming
data.

4. Evaluation of the system’s effectiveness under test deployment conditions.

To substantiate the relevance of the proposed approach, we will examine the
current technological solutions available today and analyze their limitations in detail.

Modern digital technologies in construction are evolving rapidly; however,
they remain fragmented and primarily address specific monitoring and management
tasks. The most widely used tools today include Building Information Modeling
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(BIM) platforms, cloud-based project management systems, video analytics mod-
ules, and IoT systems. For instance, Building Information Modeling (BIM) software
such as Autodesk Revit, Tekla, and Bentley is effectively utilized for designing and
planning construction projects. However, BIM systems do not provide automated
real-time monitoring of construction progress and require continuous manual updates
to maintain accurate project information.

Cloud-based project management platforms such as Procore, PlanGrid, and
Aconex facilitate document management and administrative oversight but lack the
ability to automatically monitor construction processes or analyze video data in real
time. Their dependence on manual data entry significantly slows down the detection
of violations and the decision-making process.

Computer vision and deep learning technologies are increasingly being uti-
lized to automate construction site monitoring, including the detection of safety vi-
olations (e.g., absence of helmets and protective eyewear), construction progress
tracking, and equipment condition inspection. Various neural network models, such
as YOLO, U-Net, MobileNet, and Vision Transformers, are employed for these tasks,
each offering different levels of accuracy and performance. However, their effective
deployment in construction environments is constrained by a lack of specialized la-
beled datasets, the complexity of scenes (e.g., low lighting, object occlusions, dynam-
ic backgrounds), and high computational requirements.

Moreover, existing cloud solutions such as AWS, Google Cloud Platform, and
Azure are not yet fully optimized for real-time video stream processing from con-
struction sites or come with high operational costs, making the widespread adoption
of automated monitoring systems in the industry challenging.

Thus, despite advancements in individual technologies, the construction in-
dustry still faces several significant limitations: data fragmentation, lack of integrated
platforms, absence of real-time automated analysis, and high computational costs.
Overcoming these challenges requires an intelligent system capable of integrating
multiple data sources (IP cameras, trail cameras, drones, and sensors) into a unified
cloud platform that enables automated safety violation detection, construction prog-
ress monitoring, and effective adaptation to real-world construction site conditions.

In response to these challenges, there is a growing need for the development
of an intelligent construction monitoring system that integrates machine learning
methods, cloud technologies, and automated video analysis.

Materials and Methods

Data Sources and Equipment

Effective construction site monitoring requires a comprehensive approach to
data collection, incorporating both stationary and mobile surveillance systems. Sta-
tionary IP cameras serve as a key component of the proposed system. Cameras are
selected based on their support for the Real-Time Streaming Protocol (RTSP) and res-
olution sufficient for reliable detection and recognition of small objects. Following an
extensive analysis, the Hikvision DS-2CD2043G2-1 camera demonstrated the highest
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efficiency, as shown in Figure 1. This choice is justified by its high image quality,
strong adaptation to challenging lighting conditions, and built-in intelligent features
such as motion detection and real-time analytics. For optimal coverage, cameras
should be strategically installed at critical points on the construction site, ensuring a
wide field of view over key work areas and movement pathways for both personnel
and machinery. Mounting at a height of no less than 3 meters minimizes interference
from construction equipment and structures, enhancing detection accuracy.

L4
HIKVISION

»
.

Fig.1. Hikvision DS-2CD2043G2-I Camera (image sourced from the official Hikvision website)

An alternative approach to construction site monitoring involves the use of
trail cameras, which enable autonomous surveillance in hard-to-reach areas, trigger-
ing upon motion sensor activation. During testing, the H881 and T31ZX 4G LTE trail
cameras were evaluated, as shown in Figure 2. The H881 model was preferred due
to its high image quality in dusty and low-light conditions, as well as its extended
battery life. This model supports data storage on SD cards up to 128 GB, ensuring re-
liable offline operation. For situations where physical access to the camera is difficult,
the T31ZX 4G LTE is recommended, as it enables image transmission via 4G/3G
mobile networks. With an average resolution of 12—16 MP, each frame occupies ap-
proximately 3—5 MB, allowing for the storage of up to 30,000 images. Since real-time
video streaming is not required and potential data transmission delays are acceptable,
these cameras provide an effective solution for periodic construction monitoring.

To collect aerial data on construction sites, unmanned aerial vehicles (UAVs),
commonly known as drones, are utilized. These devices provide wide-format photo
and video capture and enable regular inspection of hard-to-reach areas. The use of
drones facilitates construction progress monitoring, early detection of potential vio-
lations, and the creation of digital 3D models of structures. Following a comparative
analysis of various drone models, the DJI Mini 3 Pro was selected, as shown in Figure
3. This decision was based on the mobility of the model (it is easily transportable,
deploys quickly, and requires minimal flight preparation) and its 4K camera with a
wide dynamic range, which ensures detailed imaging of construction sites. Addition-
ally, the built-in SDK provides future opportunities for automating flight routes and
implementing autonomous inspection missions.
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a. Trail Camera H881 b. Trail Camera T31ZX ¢ 4G LTE
Fig. 2. Installed Trail Cameras

a. Appearance 6. Drone Video Recording Process
Fig.3. Drone DJI Mini 3 Pro RC

System Architecture

Video and photographic materials from cameras and drones generate a sub-
stantial volume of data, necessitating the use of a cloud-based platform for storage,
processing, and subsequent analysis. To address this, the system integrates with the
Lightning Al cloud platform. Video footage from drones and IP cameras is automat-
ically uploaded to the platform, where preprocessing operations are performed, in-
cluding compression, normalization, and segmentation of video sequences into indi-
vidual frames. The processed data is then utilized for training neural network models
and real-time object recognition. This approach enables the rapid detection of safety
violations on construction sites while ensuring efficient storage and analysis of large
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datasets without compromising system performance.

As part of this study, an integrated video monitoring platform for construction
processes has been developed, aimed at automating control, analyzing construction
dynamics, and ensuring safety. Figure 5 presents the high-level architectural concept
of the system, which facilitates the acquisition, transmission, storage, and analysis
of video data through the application of computer vision techniques and cloud com-
puting. The proposed architecture is modular and scalable, allowing for continuous
upgrades and the incorporation of new components as data accumulates, algorithms
are optimized, and additional functionalities are integrated.

The main stages of data processing within the system include:

e  Acquisition of images and video streams from IP cameras and other sources.

e Transmission of data to the server using the RTCP protocol, ensuring a reli-
able connection between devices and the cloud platform.

e Initial image processing utilizing machine learning methods on a GPU-pow-
ered server.

e  Storage of processed data and analysis results in a cloud-based object reposi-
tory and associated database.

e  Visualization of results through a web interface.

User

~

ﬁd Platform

Bl

1

JDBC

BackEnd Service DBC: FrontEnd
Database

l 83 HTTPs 0BG
N Virtual Machine with
83 HTTP:
I||E Object Storage s GPU with Al

Fig. 5. Platform Architecture
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The central component of the architecture is the backend service, which re-
ceives incoming video streams and images from all monitoring devices. It performs
data routing, initial processing (such as noise removal and cropping), and stores both
raw and processed information in the cloud storage for further analysis.

The training and inference module is responsible for processing video data us-
ing machine learning techniques. Its primary functions include training models based
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on incoming data, real-time object detection and classification, and periodic model
updates to account for newly acquired data. To ensure efficient operation, the module
runs on a cloud server equipped with a GPU. The training process is organized as a
pipeline (CI/CD workflow) that includes stages such as loading new data from stor-
age, data augmentation and normalization, neural network training, validation on a
holdout dataset, and deployment of the improved model to replace the previous one.
To facilitate this process, tools such as MLflow, TensorFlow Extended (TFX), and
Kubeflow are integrated, enabling containerization and automated model updates in
response to changing conditions. This approach ensures flexibility and adaptability of
the algorithms over long-term system operation.

PostgreSQL is used as the primary database management system (DBMS) due
to its reliability, scalability, and support for analytical operations. The database re-
cords information about detected objects, construction progress, and identified safety
violations. PostgreSQL supports JSONB fields for storing complex structured data,
which simplifies handling image metadata and inference results. Additionally, the
database interacts with BI systems via JDBC connectors, enabling the generation of
analytical reports and visualization of monitoring results.

For end users, dedicated interfaces have been developed to provide conve-
nient access to monitoring results and analytics. The system consists of two main
components:

- A BI dashboard that facilitates the visualization of key metrics, including
safety violations, construction progress, and analysis of construction equipment uti-
lization.

- A web application that provides real-time access to data, including viewing
images and video recordings from cameras, detailed reports on recorded events, con-
figuration of analytics parameters, and data filtering options.

Approaches to Image Analysis and Object Recognition

One of the key tasks of computer vision in construction monitoring is the
detection and classification of objects such as construction structures, workers, spe-
cialized equipment, and personal protective equipment (helmets, vests, gloves). Var-
ious neural network architectures optimized for accuracy and processing speed in
real-world conditions are employed for this purpose.

Object Detection

A critical task of the construction site monitoring system is the detection and
classification of safety elements, such as construction helmets, vests, workers, and
specialized equipment. To address the detection challenge, various state-of-the-art
deep learning architectures optimized for accuracy and speed were evaluated and test-
ed. Lightweight models, such as MobileNet, offer energy efficiency and low compu-
tational costs. However, experiments revealed a significant decline in their accuracy
when dealing with complex scenes featuring numerous overlapping objects and dy-
namic backgrounds. As an alternative, Vision Transformer (ViT) models were consid-
ered, leveraging the self-attention mechanism to provide deep and effective analysis
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of visually complex scenarios, including cases of partial object occlusion. At the same
time, ViT models are characterized by high computational demands and hardware
requirements, which significantly limit their applicability for real-time video stream
analysis.

The analysis also considered modern and well-established neural network ar-
chitectures such as YOLO (You Only Look Once) and Faster R-CNN. As demonstrat-
ed in, the YOLO architecture, due to its use of multi-scale processing and efficient
one-step detection, achieves high speed and good accuracy even under challenging
shooting conditions, such as variable lighting and dynamic scenes. Meanwhile, the
Faster R-CNN model (Shaoqing et al., 2017: 1137-1149), while providing high ac-
curacy through its two-stage approach (region proposal generation followed by clas-
sification), exhibits significantly lower processing speed, making it less suitable for
real-time monitoring tasks.

Based on the analysis, the YOLOv11 model was selected as the primary object
detector in the system, as it provides high recognition accuracy with fast inference
speed and supports efficient fine-tuning on specialized construction datasets.

Segmentation

For a detailed analysis of construction sites, the monitoring system employs
image segmentation, enabling the identification of defect areas, tracking construc-
tion phases, and quantitatively assessing the progress of structural development.
Various neural network architectures for segmentation were evaluated, including
DeepLabV3+, Mask R-CNN, and U-Net. The study demonstrated that DeepLabV3+
models achieve high segmentation accuracy; however, their computational demands
remain significant for real-time systems. Similarly, Faster R-CNN, extended with
Mask R-CNN as described in, provides precise object detection but requires substan-
tial computational resources, limiting its applicability in dynamic construction site
environments.

In contrast to these models, U-Net (Olaf et al., 2015: 235-238) with its sym-
metrical encoder-decoder architecture, enables high-detail segmentation while main-
taining relatively low computational costs. Practical studies indicate that applying
U-Net to the analysis of construction site images can achieve segmentation accuracy
of up to 90 % for defect areas, significantly reducing the subjectivity of manual in-
spection and facilitating the automation of construction progress assessment.

Based on this analysis, the U-Net architecture was selected for the segmen-
tation module in the system, as it provides an optimal balance between accuracy and
processing speed for analyzing construction-related images.

Classification

In the development of the monitoring system, special attention is given to
the automatic detection of safety violations. Various approaches can be employed
for this task, including Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), and hybrid models. Testing has confirmed that CNNs demonstrate
high efficiency in pattern recognition and object classification in images. They can
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effectively extract spatial features of objects and exhibit strong robustness to various
image distortions. Architectures such as ResNet (Kaiming et al., 2016: 770-778) and
EfficientNet (Mingxing et al., 2019: 6105-6114) have relatively low model complex-
ity, enabling real-time performance even under challenging imaging conditions.

The developed system employs the ResNet-50 model as the core classifier for
safety violations. This model has demonstrated high accuracy (approximately 92 %)
in classifying such situations on test data.

Data Preparation and Model Training

For the creation of training datasets, image annotation tools such as Labellmg
and VGG Image Annotator (VIA) were utilized. These tools allowed for the man-
ual labeling of object boundaries (e.g., workers, helmets, vests, machinery, etc.) in
each image. Special attention was given to maintaining consistency in the annotation
approach and accurately defining object boundaries, which is critical for the proper
training of models.

At the initial stage of research, the primary sources of information included
online resources and publicly available datasets depicting construction processes and
workers on construction sites. These datasets contained both positive and negative
examples for each category of violation (Table 1).

Table 1.1 Categories of Violations on Construction Sites

Dataset Total Number of Images Training Set | Validation Set | Test Set
Dataset 1 (PPE detection | 1126 788 226 112
Dataset [25])

Dataset 2 (PPE TEST Dataset [26]) 1129 332 163
1624

Dataset 3 (Personal Protective | 2092 1460 421 221
Equipment Dataset [27])

Total 4842 3371 979 496

Additionally, existing open datasets such as COCO (Tsung et al., 2014: 740—
755) and PASCAL VOC were examined. For instance, the COCO-2017 dataset con-
tains approximately 2,600 images annotated with the label “Person,” as shown in
Figure 6. However, most of these images are not related to the construction domain.
Moreover, a dataset titled “Construction Workers,” consisting of 684 annotated im-
ages specifically focused on construction workers, was obtained from the Roboflow
Universe platform (Figure 7).

The compiled dataset includes photographs of workers with clearly visible
personal protective equipment and attire, group images containing multiple workers
to train the model in distinguishing individuals within a group, as well as images cap-
tured under various lighting and weather conditions. This data diversity enhances the
model’s robustness across different scenarios.
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Fig. 6. Example of an Annotated Image from the Fig. 7. Example of an Annotated Image from
COCO-2017 dataset Roboflow Universe

An analysis of the final dataset revealed a significant class imbalance (Fig-
ure 8). The histogram illustrates that the “Hardhat” class is predominant, with over
30,000 annotated helmet instances, whereas categories like “Mask” or “NO-Goggles”
contain significantly fewer examples. Such an imbalance in the dataset may lead to
reduced model accuracy for underrepresented categories. Therefore, future research
aims to increase the number of objects in these underrepresented classes.
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Fig. 8. Dataset Distribution by Classes

The heatmaps (Figure 9) illustrate the distribution of object center coordinates
(x, y) and their normalized sizes (width, height). It can be observed that objects tend
to appear closer to the center of the image and generally have relatively small width
and height (up to 20-30% of the frame dimensions).
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For the recognition of personal protective equipment (PPE), the YOLOv11
model was utilized. This model inherits general features from pre-trained weights
(ImageNet) and is further fine-tuned on a specialized dataset. The training process in-
cluded image preprocessing (helmets, vests, goggles, etc.) with subsequent bounding
box annotation, normalization and scaling to a resolution of 640x640, selection of
optimal hyperparameters, training, and validation on the test set.

To ensure sufficient convergence while maintaining generalization ability, the
model was trained for 50 epochs with a batch size of 16. The Adam optimizer was
employed with an initial learning rate of 0.01 and a momentum coefficient of 0.937.
This optimizer was chosen due to its fast convergence and stability on sparse features,
which is particularly important for detecting small PPE objects. To mitigate overfit-
ting, L2 regularization (weight decay coefficient = 0.0005) was applied to constrain
model weight growth. These parameters enabled stable model convergence without
significant overfitting.

Results

To assess the effectiveness of the developed system, tests were conducted on
a test dataset containing images of a construction site with annotated objects. For the
trained YOLOvV11 model (Figure 10), the mean Average Precision (mAP@0.5) was
approximately 70 %. Specifically, for the “Person” class, an AP@0.5 of 75.1 % was
achieved, while “Helmet” reached ~68 %, “Vest” ~72 %, and smaller objects such as
“Phone” and “Cigarette” had an accuracy between 50—60 %. Under a stricter eval-
uation criterion of mAP@0.5:0.95, the average precision was ~35 %, considering
different IoU thresholds. Additional calculations showed that for the “Person” class,
Precision = 76.5 % and Recall = 71.6 %, resulting in an F1-score of approximately
74 %. The safety equipment classes also demonstrated precision and recall values
exceeding 70 %.

Thus, the developed model produces minimal false positives; however, mis-
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classification remains possible in more complex cases. That is, there are rare instanc-
es where non-human objects are incorrectly labeled as people, but there were also
cases where real workers were missed in images with significant occlusions or poor
image quality (Figure 11).

Fig. 10. Example of Worker Detection Using YOLOv11 Fig.11. Example of Missed Objects in the

«Person» Class

For a deeper understanding of the model’s performance, the obtained metrics
were analyzed, and classifier characteristic graphs were constructed. Figures 12 and
13 present two versions of the confusion matrix (normalized and absolute), reflecting
the distribution of correct and incorrect classifications for each predicted class. In
both cases, the horizontal axis represents the true class labels, while the vertical axis
shows the labels predicted by the model. The highest classification results on the main
diagonal (0.90-0.98 percent) were achieved for the “Hardhat” and “Goggles” class-
es. The “Mask™ class demonstrates significantly lower performance (around 0.35),
which may be due to visual obstructions or face occlusions. The absolute error values
(Figure 13) show that the most common type of error is misclassification between
the presence and absence of a hardhat (over 300 errors between the “Hardhat” and
“No-Hardhat” classes). This data clearly indicates the need to improve the model for
rare classes and fine-tune the detection thresholds. Analyzing the confusion matrix
helps identify which categories the algorithm is most reliable for (e.g., hardhats and
goggles) and which still have a high error rate (e.g., masks and missing hardhats).
Such information is crucial for further dataset balancing and optimizing the model’s
sensitivity for different object types.

In Figure 14, the graph shows the dependence of the F1 score on the detector’s
Confidence threshold. It is evident that as the threshold increases up to a certain value,
the F1 score improves, but beyond that point, it starts to decline. The maximum F1
(~0.73) is achieved at a confidence threshold of approximately 0.27. This result indi-
cates that the optimal trade-off between recall and precision for this model is reached
at a confidence level of around 0.25-0.30.
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At lower thresholds, the model detects more objects (higher recall), but false
positives increase, reducing precision. Conversely, at higher thresholds, precision im-
proves at the cost of missing some objects. Thus, the chosen range of ~0.27 for the
confidence threshold is the most effective, confirming the necessity of proper detector
calibration.

In Figure 15, the Precision-Recall curves for each class, as well as for the
combined case (“all classes”), are shown. The highest scores (0.951 and 0.949) are
observed for the “Ladder” and “Goggles” classes, respectively, while the “Mask”
class achieves only 0.467, indicating challenges in detecting masks. At IoU=0.5, the
model reaches an average detection accuracy of 75.4% across all classes. These re-
sults demonstrate that the model performs well for most categories; however, classes

with fewer training examples (e.g., masks) lag significantly in quality.

F1-Confidence Curve
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Fig. 15 Precision-Recall Curve

To evaluate the training process of the YOLO model, curves showing the
changes in loss functions and key metrics on the training and validation datasets were
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plotted, as shown in Figure 16:

e train/box loss - change in the loss function on the training set for bounding
box coordinate regression.

e train/cls_loss represents the training classification

e train/dfl loss — The loss value associated with distribution focal loss, which is
used to refine coordinate regression in YOLO).

e metrics/precision(B) — the accuracy metric on the training dataset (or in “best”
mode)- metrics/recall(B) it represents recall, i.e., the proportion of objects detected
by the model among all actual objects.

e The metric val/box_loss is analogous to train/box_loss, but it is calculated on
the validation set.

e val/cls loss - classification loss on the validation set.

e val/dfl loss - validation part of the distribution focal loss.

e  metrics/mAP50(B) - mean Average Precision at an IoU threshold of 0.5

e  metrics/mAP50-95(B) - a stricter metric averaging mAP across IoU thresh-
olds from 0.5 to 0.95.

Overall, these curves demonstrate stable training convergence: all types of
losses (box, cls, dfl) consistently decrease, while key metrics (Precision, Recall,
mAP) increase. Moreover, the training and validation curves follow each other quite
closely. This indicates the absence of clear signs of overfitting and suggests good
generalization performance of the model on data that was not involved in training.

train/box_loss - train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
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Fig.16. Loss and Key Metric Curves (Train/Val Loss, Precision, Recall, mAP

Discussion of the Results
The developed system successfully addresses the tasks of automatic detec-
tion and classification of key objects (workers and personal protective equipment),
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enabling (almost) real-time detection of potential safety violations. High Precision
(0.90 and above) and Recall (0.80-0.85) for the classes “Hardhat” and “Goggles”
indicate the reliability of the detector when sufficient training examples and favorable
shooting conditions are provided.

The analysis of the confusion matrix results (see Figures 12 and 13) confirms
that the model demonstrates high accuracy for frequently occurring classes in the
dataset. However, objects such as “Mask” or “NO-Hardhat” are detected less reliably.
This points to an issue of sample imbalance and the difficulty of recognizing occluded
objects. Additionally, further experiments showed that the optimal Confidence thresh-
old for maximizing the F1-score is around 0.25-0.30, as confirmed by the curves in
Figure 14. This threshold selection ensures the minimization of both missed objects
and false positives. Information about the preferred threshold will be useful when
deploying the system in practice, allowing for tuning the detection sensitivity to meet
the specific requirements of a given site.

The dynamics of the training and validation loss metrics (Train/Val Loss)
shown in Figure 16 indicate the stable convergence of the model. There is a smooth
decrease in all types of losses (box_loss, cls_loss, dfl_loss) and a parallel increase in
mAP. The validation curves closely follow the training curves, which suggests that
there is no significant overfitting, and the model has an acceptable generalization abil-
ity. However, with stricter IoU criteria (e.g., mAP@0.75 and above), the model’s ac-
curacy decreases significantly, indicating the need for further refinement of bounding
box coordinates and additional augmentations simulating complex shooting angles.

Despite the results achieved, this study has several limitations. The accura-
cy of recognition is heavily influenced by the shooting conditions: lighting, angle,
weather factors, and the presence of noisy backgrounds. The existing class imbalance
leads to a decrease in detection recall for rarely occurring categories. Additionally, it
should be noted that the system is intended for static or slightly moving scenes; when
using sharp camera movements (e.g., when mounted on a drone), special attention
should be paid to stabilization algorithms and adaptive data augmentation.

To further improve recognition quality, it is planned to increase the propor-
tion of rare categories in the training dataset, utilize more advanced augmentation
techniques including modeling complex lighting, noisy backgrounds, and occluded
objects. Research on Vision Transformers and hybrid architectures is also planned to
potentially improve accuracy in complex and dynamic scenes. To optimize computa-
tional costs, it is necessary to study the adaptation of input image size and detection
thresholds to specific requirements (real-time operation or periodic sampling).

Conclusion

As aresult of the conducted research, a comprehensive monitoring system ar-
chitecture was designed, based on the integration of photo and video data acquisition
devices with the Lightning Al platform, optimized for deep learning tasks. The pro-
posed solution demonstrated high efficiency in test conditions at construction sites:
when using YOLO and ResNet-50 models, the detection accuracy of workers and

0 This work 1s licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
@,;- International License
54



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2025. Vol. 6 Is. 2.

personal protective equipment reached 70-75 % (mAP@0.5), and the identification
of violations exceeded 90 %. The integration of machine learning methods and cloud
services ensures scalability and high performance in video stream analysis, but it
requires consideration of network bandwidth and adherence to strict data protection
requirements.

The further development of the system involves expanding the datasets to
achieve a balanced representation of different object classes, as well as including
new scenarios related to additional sensors (e.g., seismic) and complex shooting
conditions. A promising direction is the study of modern computer vision architec-
tures capable of improving detection and segmentation accuracy in real-time. At the
same time, network infrastructure characteristics need to be considered, as working
with multiple Full HD cameras simultaneously can generate data streams of tens of
megabits per second. Therefore, it is important to use reliable wired Gigabit Ethernet
connections or high-speed wireless solutions. As the system scales, special attention
should be paid to information security and privacy: regular data backups and distrib-
uted storage must be implemented, as well as strict encryption and access control
policies.

Thus, building an intelligent monitoring platform for construction sites re-
quires a comprehensive approach: improving computer vision algorithms, integrating
additional data sources, advancing network technologies, and ensuring cybersecurity.
This approach will significantly enhance the efficiency and safety of construction
processes, opening new opportunities for the digital transformation of the industry.
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