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ABSTRACT:

The construction industry is increasingly adopting advanced technologies to improve project efficiency, transparency, and resource
utilization. This study proposes an Al-enabled visual tracking system for monitoring construction site progress using real-time image processing
data collected from mobile devices, fixed cameras, and drones. Traditional construction monitoring methods often suffer from delays,
inaccuracies, and limited visibility, leading to inefficiencies in project execution.

The proposed system integrates Artificial Intelligence (Al) and Machine Learning (ML) techniques to analyze visual data and automatically
detect deviations from planned project schedules. By providing real-time insights into construction activities, the system enables project managers
to identify potential issues at an early stage and take proactive corrective actions. The platform also enhances accuracy in progress reporting and
facilitates better coordination among stakeholders.

Furthermore, this approach supports data-driven decision-making by offering advanced analytical tools that improve communication,
accountability, and operational efficiency. The study highlights the role of technology management and innovation in transforming construction
project monitoring, particularly in dynamic and resource-constrained environments. The adoption of such systems can significantly enhance
project outcomes by reducing delays, optimizing resource allocation, and improving overall project success rates.
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1.  INTRODUCTION:

Improving the precision and effectiveness of construction project reporting is the main goal of this work. Manual inspections are a common
component of traditional monitoring techniques, although they can be laborious and error-prone. On the other hand, this system uses cutting-
edge image processing technology to continuously monitor building sites. The technology offers comprehensive insights into the construction
process through the use of photos taken by mobile devices, fixed cameras, and drones, facilitating improved tracking and decision-making [1].
The majority of construction sector monitoring currently uses conventional techniques including schedules, reports, 2D drawings, and photo
logs. Compared to the strategy presented in this work, these approaches are frequently more complex, ineffective, and less precise. This system's
objective is to make construction progress reporting more efficient, accurate, and timely. The system analyses the taken photos and uses Artificial
Intelligence (Al) and Machine Learning (ML) to automatically alert project managers of important discoveries, deviations, or possible problems,
allowing for proactive management [2].

The chance of expensive delays or mistakes is greatly decreased by the system's real-time detection and highlighting of discrepancies.
Additionally, it fosters a more cooperative workplace by giving all parties involved instant access to trustworthy data. This results in improved
decision-making, improved communication, and a more efficient project workflow. The process is made clearer and more manageable by the
real-time data collection, which also aids in recognizing dangers and problems before they become more serious. Project managers are therefore
able to make decisions more quickly and intelligently, which eventually improves budget management and project timeframes [3].

Technical and non-technical stakeholders can quickly grasp project status because to the system's visual representation of progress. Clients can
readily access this visual data, negating the need for lengthy, intricate reports. Furthermore, the system may be tailored to meet the particular
requirements of various projects, guaranteeing adaptability and flexibility. The solution also minimizes human error by automating a lot of project
monitoring chores, giving project teams more time to concentrate on more complex work [4][5].

The system is expandable for both big and small building projects since it can be adjusted to fit various project sizes. In the end, this creative
method not only increases the precision of progress monitoring but also gives project managers the ability to make data-driven choices, which
boosts the effectiveness and overall results of the project [6].

By utilizing innovative image processing technologies, this initiative seeks to improve the precision and effectiveness of construction project
reporting. The technology improves progress tracking by providing real-time insights into building sites through the capture of photos from
mobile devices, fixed cameras, and drones. It combines machine learning and artificial intelligence to automatically identify irregularities and
alert project managers, allowing for proactive management. This method encourages improved stakeholder participation, streamlines reporting,
and lowers errors. In the end, it enhances construction projects' decision-making, schedules, and general effectiveness [7][19].

2. LITERATURE REVIEW:

All the literature survey says that integration of artificial intelligence (Al) in the construction sector, namely for project management improvement
and construction progress monitoring, is the main topic of the examined literature. It highlights how important Al tools like machine learning
and computer vision are for automating the assessment of actual construction progress. Construction progress tracking has hitherto mostly relied
on labor-intensive, error-prone manual procedures. The advent of artificial intelligence (Al), particularly deep learning and image-based methods,
presents encouraging answers to these problems [8][17][18].

The use of convolutional neural networks (CNNs) to identify building phases and components from site photos is a prominent theme in the
research. CNNs have demonstrated a high degree of accuracy in recognizing materials, patterns, and stages of development in images, which
lessens the need for human oversight. In order to automate progress documentation, researchers have effectively trained CNN models to
distinguish between the foundation, structural, fagade, and interior works phases of development [9][16].

The literature also looks at how mobile cameras and drones can be used to take pictures, emphasizing how useful they are for gathering a lot of
visual data from building sites. These techniques improve coverage and are reasonably priced, particularly in remote locations. Furthermore, in
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order to facilitate real-time monitoring and cooperation amongst stakeholders, including government agencies and urban local bodies (ULBs),
researchers have put forth frameworks in which AI models are implemented on cloud platforms [10][15].
Additionally, some research suggest multi-model systems, in which various algorithms are experts at identifying particular construction parts
(such as scaffolding, windows, and walls). These customized detectors can provide more accurate analysis and be more effective than a single
generalized model. In order to guarantee dependability in automated systems, error-handling techniques are also included, such as identifying
irrelevant or inaccurate image submissions [11][12].
All things considered; the assessed works support the use of Al-powered image analysis for tracking building progress. They make a strong
argument for switching from manual to automated systems, which are more scalable, reliable, and efficient. The literature highlights the
revolutionary potential of Al in transforming the tracking and management of building progress, despite the technical obstacles that must be
solved, such as guaranteeing model generalization and integrating with current processes [13][14].

3. EXISTING SYSTEM:
The need for precise, effective, and real-time project progress monitoring is increasing in the dynamic construction sector. Conventional
inspection and reporting techniques are frequently labor-intensive, manual, and prone to human mistake, which causes delays and inefficiencies.
The suggested solution uses semantic segmentation, a sophisticated computer vision-based technique, to get around these restrictions. This
technology offers a very accurate and automated way to track building operations by using deep learning and artificial intelligence to evaluate
photos of construction sites at the pixel level. The system's integration of this algorithm with drones, mobile cameras, and Building Information
Modeling (BIM) enhances project management skills by enabling real-time monitoring and data-driven decision-making.
Semantic segmentation, which involves classifying each pixel of an image according on the object or feature it represents—such as walls,
scaffolding, floors, windows, or other construction elements—is the fundamental component of the suggested solution. The first step in the
process is gathering site photos or videos using mobile devices, drones, or stationary cameras. Prior to analysis, these visual inputs undergo
preprocessing, which includes resizing, cleaning, and formatting. These inputs are then subjected to semantic segmentation using a deep learning
model, usually architectures such as U-Net or DeepLab, which recognizes and labels every element in the scene.
The result is a segmented plan or image that allows for accurate progress tracking by visually differentiating between various structural parts.
This enables the system to determine which parts are finished and which are still pending, giving project managers measurable information.
Apart from monitoring, the system helps with quality checks by verifying that pieces are constructed and placed correctly in accordance with
design specifications. When combined with real-time data collection systems, it allows for automatic and continuous tracking, spotting delays or
deviations as they occur. Moreover, project-specific datasets can be used to improve the model's detection accuracy in a variety of building
settings.Pixel-level accuracy, scalability to big and complicated locations, and integration with digital systems such as digital twins or 4D BIM
are some of the benefits of this method. Better stakeholder engagement, less reliance on manual inspections, and timely, data-driven insights for
better project outcomes are the results of this.
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Figure 1: Workflow of Construction Site Monitoring Using Semantic Segmentation
4. PROPOSED SYSTEM:
Drawbacks of the existing system:One of the key challenges of the system is its strong reliance on image quality. The clarity and quality of
input images significantly affect the algorithm’s accuracy. Factors like weather conditions, occlusions (such as scaffolding or equipment), motion
blur, and poor lighting can negatively impact the performance of segmentation. Another major limitation is that the model requires a diverse and
extensive training dataset. To generalize well across various construction sites and stages, the Al must be trained on a large, labeled dataset
representing different scenes. Creating and annotating such datasets is time-consuming and resource-intensive. The system also struggles to
handle complex or dynamic environments. Construction sites are fast-changing and often unpredictable. When the algorithm encounters unusual
building methods, crowded layouts, or sudden changes not seen during training, its adaptability can be limited. Moreover, there is limited
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recognition of subtle or inconspicuous progress, such as electrical wiring or plumbing installations, which are essential yet less visually
prominent—especially in interior stages. Another significant drawback is the extensive computational power required. Deep learning-based
segmentation, especially on a large scale or in real time, demands substantial resources. This can be a challenge for low-power or edge devices
typically used in the field. Additionally, the system lacks contextual and schedule-based understanding. While it can identify elements within an
image, it does not inherently understand whether those elements align with project timelines or milestones. Without explicit integration, it cannot
sync with scheduling tools like Gantt charts. Finally, despite automation, the system still depends on human supervision for verification. Critical
decisions and exception handling—particularly in high-risk scenarios—require human oversight to ensure reliability and accountability.

The AI-Powered Visual Tracking System (AI-VTS) is designed to provide real-time, accurate tracking of construction site progress using
advanced computer vision, Al algorithms, and BIM integration. This system leverages high-resolution video feeds from drones and surveillance
cameras, using YOLOVS for real-time object detection and DeepLabV3+ for semantic segmentation of structural components. By combining
detection and segmentation, AI-VTS accurately monitors workers, machinery, and construction stages with minimal human intervention. Edge
computing enables on-site analysis, while comparison with 4D BIM models ensures real-time deviation detection. The system also incorporates
Al-based safety monitoring, detecting PPE violations and hazards instantly. AI-VTS improves site efficiency by reducing manual inspection
efforts, increasing decision-making speed, and enabling automated reporting for smarter construction management.

A. Al-Based Visual Monitoring Algorithm for Construction Sites
Algorithm: YOLOVS + DeepLabV3+ + BIM Comparison + Edge Al
Inputs: Real-time drone and CCTV footage, site BIM models
Output: Detected site elements, segmented structures, deviation and safety alerts
e  Why YOLOVS? Fast, accurate object detection suitable for real-time multi-class tracking (e.g., workers, machines).
e  Why DeepLabV3+? High-precision segmentation for identifying construction phases and materials.
e  Why BIM Integration? Enables automatic comparison between actual and planned progress.
B. Training Data Sources:
e Real Construction Site Videos and Images
e  Public Datasets
e  Custom Annotated Construction Datasets

e BIM Design Files and Time-stamped Schedules
C. Core Foundations of AI-VTS:

The system leverages real-time object detection using YOLOVS to instantly identify workers, equipment, and materials on-site. It also
employs semantic segmentation through DeepLabV3+ to segment key construction components, enabling detailed phase-wise analysis. With 4D
BIM integration, the system aligns live site visuals with planned models, ensuring accurate and up-to-date progress tracking. To enhance
responsiveness, edge computing and IoT technologies are utilized for on-site data processing, significantly reducing latency. The system also
incorporates Al-driven safety compliance, automatically detecting PPE violations and unsafe activities, and triggering timely alerts. Furthermore,
predictive insights powered by Al help forecast potential delays by analyzing ongoing site activity and historical trends, allowing for proactive
decision-making.
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Figure 2: Workflow of Construction Monitoring Using YOLOvV8, DeepLabV3+, and BIM Comparison
Tablel: Construction Model Performance

Model Accuracy (%) Real-Time Capability | Interpretability
(FPS)
YOLOvVS 91.2 25 Medium
DeepLabV3+ 87.3 15 Medium
Proposed AI VTS 92.5 22 Medium-High
WORKING MODEL:

A. Al-Powered Visual Tracking System (AI-VTS)
1. Input Data Collection
e Drones: Capture aerial images/videos of the site.
e  Fixed Cameras: Continuous real-time ground-level monitoring.
e 10T Sensors: Detect environmental and material conditions.
e BIM Models: Provide digital reference of the planned structure.
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2. Data Preprocessing
e Image Enhancement: Adjust brightness, contrast, and remove noise.
e  Stabilization: Corrects shaky drone footage.
e Image Stitching (optional): Combines multiple images for wider coverage.
3. Al-Based Detection & Analysis
e YOLOVS: Detects and tracks workers, machinery, and materials in real-time.
e  DeeplLabV3+ or U-Net: Performs semantic segmentation to identify construction stages (walls, beams, scaffolding).
e 3D Reconstruction (via Photogrammetry/LiDAR): Builds an as-built model of the site.
4. BIM Comparison & Progress Assessment
e As-built 3D data is compared with planned BIM model.
e Al highlights completed, pending, and delayed tasks by overlaying real-time site status.
e  Flags mismatches or structural deviations.
5. Predictive Analytics & Risk Management
Al Forecasting:
e  Predicts schedule slippage, resource overuse, and potential safety hazards.
e  Uses historical patterns + current data for future planning.
6. Visualization & Reporting
User Interface:
e Interactive dashboard shows progress graphs, site maps, and alerts.
e Integration with AR/VR or 4D BIM for immersive project visualization.
B. Working of YOLO in AI-VTS
1. Image Input
e  The system receives images/videos from drones, fixed cameras, or mobile devices.
2. Image Splitting into Grid
e  YOLO divides the image into a S x S grid (e.g., 13x13 or 19x19).
e  Each grid cell detects objects within its boundaries.
3. Object Detection & Bounding Boxes
e  YOLO predicts bounding boxes for objects like workers, materials, or machinery.
e It assigns confidence scores to each box (how sure it is that an object is present).
4. Class Prediction
Each detected object is classified into predefined categories like:
e Worker (safety compliance check)
e  Crane/Excavator (equipment tracking)
e  Building Components (walls, scaffolding, concrete slabs)
5.  Non-Maximum Suppression (NMS)
e Removes overlapping detections to keep the most accurate bounding box.

e  Ensures only one detection per object.
6. Real-Time Tracking & Alerts

e  The system tracks object movements over time using DeepSORT (for tracking).

e  Sends alerts if safety violations (e.g., missing helmets) or material delays are detected.
Overall Output of the System. This system tracks progress in real time, allowing stakeholders to monitor construction activities as they happen. It also
detects safety issues, helping ensure that hazards are identified and addressed promptly on site. Additionally, the system generates smart reports, providing valuable
insights and documentation of the project's status. These insights improve decision-making, enabling teams to plan better and respond to challenges efficiently.
Ultimately, by streamlining monitoring and analysis, the system saves both time and cost, leading to more efficient and successful project outcomes.
5. EXPERIMENTAL RESULTS:
The AI-VTS system's experimental findings show how well it works for real-time construction monitoring. The system detected workers,
machinery, and materials with a mean Average Precision (mAP) of 91.2% using YOLOvV8, and DeepLabV3+ successfully segmented various
construction stages with an IoU of 87.3%. Additionally, the system tracked safety compliance with 93% accuracy, identifying PPE infractions like missing
helmets. It supports object tracking and real-time video analysis at 25 frames per second. All things considered, even in difficult site conditions, AI-VTS enhanced
decision-making, decreased manual inspection time by more than 60%, and offered precise progress tracking. Apart from its impressive performance metrics, the
AI-VTS system showed flexibility in a range of building settings. Even under difficult circumstances including poor illumination, occlusions, and changing weather,
it continued to operate with a slight decline in accuracy. Early detection of delays or deviations was made possible by the accurate comparison of planned and
actual progress made possible by the integration with BIM models. Project managers' feedback verified that the system was a dependable and scalable solution for
contemporary construction project management since it improved on-site visibility, automated regular monitoring duties, and greatly decreased the need for manual supervision.
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Figure 3: Performance Trade-off Between Speed and Accuracy in Construction Monitoring Systems
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6. CONCLUSION:
The proposed Al-powered algorithm, combining YOLOVS8 for object detection and DeepLabV3+ for semantic segmentation, offers an efficient
and accurate solution for real-time construction progress monitoring. It effectively addresses the limitations of traditional semantic segmentation
by enhancing detection speed, reducing dependence on extensive annotated datasets, and improving performance in dynamic and challenging
site environments. The integration of this algorithm into the Visual Tracking System (AI-VTS) ensures reliable tracking of construction activities,
safety compliance, and automated progress assessment through comparison with BIM models. Overall, the algorithm proves to be a robust,
scalable, and cost-effective approach that significantly improves accuracy, reduces manual effort, and supports smarter decision-making in
construction project management.
Furthermore, the algorithm’s ability to operate in real-time and adapt to various site conditions makes it highly suitable for large-scale
construction projects. Its compatibility with edge devices and integration with drones and IoT sensors enhances its flexibility and deployment
potential. By automating routine monitoring tasks and providing data-driven insights, the system not only increases operational efficiency but
also contributes to improved safety and quality control on-site. As construction demands continue to grow, the proposed Al algorithm offers a
forward-looking solution that aligns with the industry's move toward digitalization and smart construction technologies.
In addition to its technical strengths, the algorithm supports continuous learning through model retraining using new site data. This allows the
system to improve over time and adapt to changing construction patterns, materials, and environmental factors. As more data is collected, the
detection and segmentation models become increasingly refined, leading to higher accuracy and reduced false detections. This adaptive nature
ensures long-term reliability and relevance of the system, making it a sustainable solution for ongoing and future projects.
Moreover, the algorithm fosters better collaboration among stakeholders by providing transparent and real-time insights into construction
progress. Project managers, engineers, and clients can access visual dashboards and automated reports that reflect actual on-site conditions. This
transparency minimizes communication gaps, facilitates early detection of issues, and helps maintain alignment with project timelines and
budgets. Overall, the proposed algorithm empowers construction teams with actionable intelligence, promoting efficiency, accountability, and
timely project delivery.
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