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ABSTRACT: 
Conventional construction progress monitoring relies on manual processes like on-site inspections and paper-based reporting, making it labor-intensive, time-consuming, and prone to human error. Recent advancements in vision technologies have enabled the automation of progress monitoring. This study proposes a 2D vision-based construction progress monitoring framework for monitoring concrete placement. The framework integrates instance inpainting to address occlusions caused by dynamic construction objects, and performs single image-based 3D reconstruction using monocular depth estimation for precise progress evaluation. Experimental results demonstrated strong alignment with ground truth, while also indicating the framework’s potential to distinguish between different work states over time. The proposed framework contributes to the widespread implementation of automated progress monitoring across diverse construction sites.
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1. INTRODUCTION 
Construction progress monitoring plays a transformative role in minimizing schedule delays, cost overruns, and safety incidents. Despite its importance, conventional progress monitoring practices still depend on manual processes carried out by site managers or stakeholders, including on-site inspections and paper-based reporting. These methods are labor-intensive and time-consuming, often plagued by critical shortcomings such as low monitoring accuracy due to human error and significant challenges in collecting real-time data (Bosché et al., 2015; Golparvar-Fard et al., 2015; Pal et al., 2023). In particular, monitoring the concrete placement process is crucial due to its irreversible and time-sensitive nature (Moon & Yang, 2010; Pfitzner et al., 2025; Yang et al., 2023). Once poured, concrete rapidly undergoes setting and hardening, leaving little room for corrective action in the event of improper execution. Errors in timing, placement accuracy, or quality control during this process can lead to structural deficiencies, costly rework, or long-term durability issues. Therefore, there is a pressing need for automating progress monitoring, particularly in concrete placement processes.
In the academic realm, computer vision-based approaches have gained attention as cost-effective and efficient solutions for automated progress monitoring technologies. These approaches are broadly categorized into two-dimensional (2D) and three-dimensional (3D) methods. 2D vision-based methods rely on standard RGB cameras to capture and analyze visual data, using techniques such as object detection, image segmentation, and feature tracking to monitor progress over time. The researches in this field primarily focused on analysing the types and activities of dynamic objects, such as workers and dump trucks, to indirectly evaluate construction progress (Chen et al., 2023; J. Kim et al., 2018). 2D vision-based methods usually leverage surveillance videos, such as those captured by CCTV systems on construction sites, offering advantages in practicality and affordability. However, a significant challenge arises from occlusions between objects, which restrict the analysis of unseen scenes, thereby limiting their applicability in complex and dynamic construction sites. For more precise and intuitive progress monitoring, 3D vision-based methods have been developed, incorporating Building Information Modeling (BIM) and drones to generate 3D models of construction sites. These methods enable automated tracking of the placement and installation of structural elements such as columns and precast walls, offering enhanced spatial accuracy and comprehensive scene understanding (Braun et al., 2020; Wang et al., 2021; Wei et al., 2023).
Although 3D vision-based monitoring offers clear theoretical benefits, their practical adoption in the field remains limited. A major barrier is the reluctance of stakeholders to modify existing systems and workflows, especially given the complexity and variability of site-specific conditions (Ahn et al., 2023). Furthermore, generating accurate 3D models of construction sites typically requires specialized hardware such as LiDAR, laser scanners, and drones for data collection. Processing this data also demands significantly greater computational resources, making real-time analysis difficult, a notable drawback when dealing with time-sensitive operations like concrete placement, and often resulting in low cost-efficiency for on-site applications. Reflecting these challenges, only 24% of construction sites managed by South Korea’s 18 largest contractors have implemented 3D technologies (i.e., laser scanners, drones) during the construction phase (Dnews, 2022).
[bookmark: _GoBack]To bridge this gap, this study aims to propose a 2D vision-based automated construction progress monitoring framework using surveillance videos, which are commonly installed at construction sites for site monitoring purpose. By leveraging only a single-view camera, the proposed framework enables accurate and timely progress evaluation with minimal hardware requirements, offering a highly practical and scalable solution for real-world construction environments.
 
2. Literature Review
Vision-based approaches for automated construction progress monitoring have been broadly categorized into 2D and 3D methods, each offering distinct advantages and challenges.
Among them, 2D vision-based methods have gained attention to the affordability and accessibility of RGB cameras. Researchers have proposed various methods to leverage such data for progress tracking; however, most approaches still struggle with occlusion handling and generalizability under complex site conditions. For instance, Kim et al. (2013) proposed an image-processing method to update 4D CAD models, incorporating color-based filtering to detect component progress. Ying and Lee (2019) applied Mask R-CNN to extract as-is BIM components from site imagery, improving segmentation accuracy while eliminating the need for handcrafted features. While both methods enhanced automation, their scope was limited because they rely on predefined object characteristics or required extensive labelled data. These limitations become especially pronounced when handling occlusions or scaling across diverse construction scenes. Several researchers have attempted to address activity-level monitoring in more dynamic contexts. Wang et al. (2021) demonstrated that CCTV footage could be repurposed to monitor precast wall installations using object detection and tracking. Wei et al. (2022) applied Mask R-CNN to monitor plastering progress across interior walls, leveraging pixel-based percentage to quantify progress. Zhang et al. (2025) introduced a real-time concrete pouring tracking system using an enhanced U-Net architecture, focusing on robust segmentation under occlusion. Despite these advances, all three studies relied heavily on task-specific model training or auxiliary techniques (e.g., SLAM), limiting their scalability and field practicality. wNotably, none of these works fully resolved the challenge of automated occlusion handling in dynamic and cluttered scenes.

In parallel, 3D vision-based methods have offered precise spatial context and rich geometric information for evaluating progress. Han and Golparvar-Fard (2015) employed Structure-from-Motion (SfM) to generate point clouds aligned with BIM for material classification. While promising, their approach required manual alignment and was sensitive to occlusions. To overcome such limitations, Wei et al. (2023) proposed an enhanced instance segmentation framework
The University of Strathclyde			1


Figure 1. Research process
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combining Segmenting Objects by LOcations v2(SOLOv2), Swin Transformer, and Neural Architecture Search-Feature Pyramid Network (NAS-FPN), specifically designed to address occlusion and object similarity issues. However, their method still relied on high-end computing resources and specialized sensing equipment, which hinders field deployment.  Braun et al. (2020) attempted to integrate semantic BIM data with point cloud fusion and deep learning, improving detection accuracy in occluded environments. Jeon et al. (2025) introduced Neural Radiance Fields (NeRF) for highly realistic 3D scene reconstruction and progress evaluation, showcasing novel view generation. However, in both studies, data acquisition was performed at time points with minimal occlusion, avoiding rather than handling occlusions.
In summary, while both 2D and 3D approaches offer valuable insights, several critical challenges remain. Most notably, existing studies have yet to effectively automate occlusion handling in complex scenes, often relying instead on manual corrections or indirect inferences. Moreover, the dependence on costly 3D sensing equipment (e.g., LiDAR, laser scanners) continues to hinder the practical deployment of these methods in real-world construction environments.
To address these gaps, this study aims to:
· Utilize widely available surveillance videos to reduce reliance on specialized 3D sensing devices, offering a more scalable and cost-effective solution for progress monitoring;
· Integrate instance segmentation and image inpainting techniques to enable automated occlusion handling during visual data analysis.

3. Methodology
This study proposes a vision-based framework for automated progress monitoring of concrete placement using single-view surveillance videos. As illustrated in Figure 1, the proposed framework consists of two stages: (1) instance inpainting for occlusion handling and (2) progress evaluation. Each stage is described in detail below.

3.1 Instance Inpainting 
In construction site environments, visual occlusion remains one of the most pervasive challenges in progress monitoring, particularly when utilizing 2D visual data. Dynamic objects such as workers, construction heavy equipment, or construction materials frequently obstruct the camera’s view of target structural elements, preventing accurate tracking of ongoing construction tasks. To address this issue, our framework incorporates an instance inpainting module that reconstructs visually occluded image regions before conducting progress evaluation. This module is composed of two main components: prompt-based object detection and segmentation, and instance inpainting.
Accurate inpainting first requires the precise identification and removal of occluding objects. However, bounding boxes from conventional object detection models are often inadequate for this task. In construction environments, occlusions are caused by objects with irregular geometries, such as slender or partially occluded objects (e.g., scaffolding poles, rebars, or hoses), which are not well represented by rectangular boxes because they may include unnecessary background or miss parts of the actual object, resulting in inaccurate masking. Therefore, a pixel-level segmentation of occluding objects is critical for effective inpainting.
To this end, our framework adopts Grounded SAM2, a vision-language foundation model capable of performing open-vocabulary object detection and segmentation simultaneously. Grounded SAM2 integrates Grounding DINO, which interprets natural language prompts to identify target objects, with the Segment Anything Model (SAM), which generates high-resolution segmentation masks. This model allows the system to detect and segment arbitrary objects specified via textual queries, such as “dump truck”, “formwork”, or “worker”, without predefined class labels or task-specific training. Its strong generalization performance in zero-shot settings, which makes it well suited for domains with limited training data, was another key reason for choosing this model. To ensure comprehensive detection of relevant objects, we reviewed Construction Standard Estimating System in South Korea (Ministry of Land, Infrastructure, and Transport, 2024) and defined a prompt list of target object classes and their synonymous terms for concrete placement process, as summarized in Table 1. A set of representative object classes was organized under two main categories: machinery and structural elements. For each object class, we compiled a list of synonymous terms, which are then used as prompts for object detection and segmentation. Although workers can be subdivided (e.g., concrete worker, surface finishing worker), the general term “worker” was used as a prompt because it led to more consistent and accurate detection results.
Following segmentation, occluding objects are defined based on their spatial relationship to the region of interest (ROI). In our framework, the ROI is defined manually by specifying the boundary of the scheduled placement area in the image, then a binary mask of ROI is generated. Any detected object whose segmentation mask partially or fully overlaps with this ROI mask is considered as an occluding object.
Once the occluding objects are identified and segmented, the corresponding object masks are used to remove those regions from the original image, producing a masked image that serves as the input for the inpainting process. For this step, we employ LaMa (Large Mask Inpainting Model), a state-of-the-art deep learning-based image inpainting model designed for high-quality completion of large and irregular missing regions. It makes LaMa especially effective in construction environments, where visually complex and structurally diverse objects frequently create challenging occlusion patterns. By combining accurate object segmentation from Grounded SAM2 with the powerful reconstruction capabilities of LaMa, our framework effectively restores occluded portions of the image. This restoration process reveals the previously hidden construction elements, such as newly poured concrete slabs or formwork arrangements, enabling a complete and unobstructed view of the worksite.

Table 1: Object classes and corresponding synonyms for concrete placement process
	Categories
	Class
	Prompts

	Machinery
	Concrete truck
	concrete truck,
cement mixer,
mixer truck

	
	Excavator
	excavator,
digger,
backhoe

	
	Pump truck
	concrete pump truck,
boom pump,
line pump

	
	Hand tools
	wheelbarrow,
concrete vibrator,
hand tools

	Structural elements
	Formwork
	formwork,
rebar mat,
rebar grid, reinforcement mat

	
	Concrete
	poured concrete, concrete pouring, fresh concrete



3.2 Progress Evaluation
The progress evaluation is performed by analyzing a sequence of surveillance video frames to quantify the extent of concrete placement over time. The key principle of the progress evaluation lies in comparing the spatial extent of scheduled placement areas (i.e., formwork) with that of concrete poured areas.

It begins by designating a reference frame that represents the initial state, a stage prior to any concrete placement. This frame serves as a baseline against which progress in subsequent 
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frames are evaluated. To extract the spatial footprint of scheduled placement areas within the initial frame, we utilize SAM with prompts related to formwork (as listed in Table 1), isolating areas corresponding to scheduled placement. These areas are segmented at the pixel level, resulting in a binary mask that defines the scheduled placement area. Subsequent frames, which represent progressive states of construction, are processed using the same segmentation method, but with prompts tailored to identify concrete, as detailed in Table 1. This yield a second set of masks representing the completed placement areas at each respective time step. These masks, corresponding to distinct semantic areas at different temporal stages of construction, serve as the basis for spatial comparison and progress quantification.
To enable progress evaluation using only single-view camera footage, the framework integrates monocular depth estimation via Metric3D, which has demonstrated strong performance in monocular depth estimation for producing metric-scale depth maps from a single RGB image. Metric3D generates dense depth maps with real-world scale (i.e., meter) alignment, enabling reconstruction of scene geometry without the need for stereo inputs or multi-view setups. The estimated depth maps are spatially aligned with the segmented masks for both scheduled and completed areas to generate labelled 3D point clouds for each frame. Each 3D point is assigned a class label based on its corresponding pixel label. Only points classified as scheduled or completed are retained for downstream processing in order to improve computational efficiency.
The labelled point cloud is then converted into a 3D triangular mesh using Poisson surface reconstruction, which robustly interpolates continuous surfaces from discrete point samples. The surface area is calculated by summing the areas of all constituent triangles. To estimate construction progress more robust and conservative, we adopt an Intersection over Union (IoU) metric. It penalizes both under segmentation, where portion of the poured concrete are missed, and over segmentation, where areas outside the actual formwork are incorrectly identified as concrete. Let Ps and Pc denote the sets of 3D points for the scheduled and completed areas, respectively. Their intersection and union are computed as follows:
                     Pintersection = Ps ∩ Pc    	                (1)
                           Punion = Ps ∪ Pc                     (2)
These subsets are used to calculate respective surface areas Aintersection and Aunion. The final progress rate R is defined as:
                      R = Aintersection / Aunion                  (3)


Figure 2. Examples of Instance Inpainting for Occluding Objects
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4. Experimental Results and Discussion
In this study, a time-lapse video of approximately two-minutes in duration, with a resolution of 1920 × 1080, capturing the process of concrete placement was used as experimental data. 
The video was obtained from an online source (Koverage Contractors, 2021). In this video, the construction process at the site involves the placement of a 40ft × 60ft concrete slab. A team of five workers is observed performing repeated cycles of concrete pouring using boom pumps, and subsequent surface finishing using a machine and hand tools. For analysis, the video was sampled at a rate of one frame per second, resulting in a total of 138 frames.
Instance inpainting was performed on all frames, and Figure 2 illustrates an example of the results. As the first step, in the input image as shown in the Figure 2(a), the ROI was defined by manually specifying the boundary of the scheduled placement area and the binary mask representing the ROI was extracted, as shown in the Figure 2(b). Among the detected objects, those whose mask pixels partially or fully overlapped with the ROI mask were identified as occluding objects and were subsequently removed via inpainting. Figure 2(c) shows the masks of the occluding objects, and the inpainting result is presented in Figure 2(d).


Figure 3. Examples of the segmented masks for scheduled and completed placement areas

Following instance inpainting process, we conducted progress evaluation using the inpainted images. The reference image representing the initial construction state was first selected from the earliest timestamp. In this frame, the scheduled placement area was segmented using Grounded SAM2, using prompts “formwork, rebar mat, rebar grid, and reinforcement mat” listed in Table 1. For each subsequent frame in the video sequence, the completed placement area was segmented in a similar manner, using prompts “poured concrete, concrete pouring, and fresh concrete.” Figure 3(a) and 3(b) illustrate examples of the resulting masks for the scheduled and completed placement areas, respectively. As shown, occlusions caused by workers and equipment, which are evident in the original image, were effectively removed, allowing for consistent identification of newly poured areas. Without the inpainting process, large portions of the area would have been misclassified or unobserved, highlighting the importance of the instance inpainting module.
To quantify the progress rate, we generated labelled 3D point clouds by fusing the depth maps produced by Metric3D with the semantic segmentation masks, and evaluated surface areas and progress rate by reconstructing triangular meshes, using Equation (1) to (3). The progress rate was evaluated for each frame in the video sequence, and the results are visualized in Figure 4. In Figure 4, the blue circular points represent the estimated progress rate and the red dashed line indicates the ground truth. The ground truth was manually calculated based on visual inspection of the rebar grid pre-installed in the placement area. For example, if the scheduled placement area was divided into 260 uniform grids and placement has been completed in 130 of them, the progress rate is calculated as 0.5. Since concrete placement is a continuous process, we calculated the ground truth at specific timestamps where construction activity appeared to pause (indicated by red triangular points, p1 to p14, in Figure 4), and applied linear interpolation between these points under the assumption of steady progress during uninterrupted operation. Note that, in this study, the completion of concrete placement is defined as the area where both concrete pouring and subsequent surface finishing have been completed.
In the early stage of the process, when the progress rate is below 0.5 (from p1 to p6), the evaluated progress rate demonstrated a reasonable alignment with the ground truth. For instance, at p3, where the ground truth was 0.27, the estimated progress was 0.25, and at p6, where the ground truth was 0.5, the estimated rate also approximated 0.5. However, in the subsequent 
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[bookmark: _Hlk193983722]
Figure 4. Results of evaluated progress rate
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[bookmark: _Hlk193983812]stage, the progress rate tended to be overestimated, with the estimated rate exceeding the ground truth at most frames. As the work progressed further from the camera, it became increasingly difficult to distinguish between areas that were merely poured (i.e., incomplete areas) and those that had undergone surface finishing (i.e., completed areas), due to their visual appearance similarity. Consequently, as shown in Figure 5(a), areas that were just poured were misclassified as completed areas (i.e., false positive), leading to the occurrence of false positive segmentations and resulting in progress overestimation. In contrast, as shown in Figure 5(b), after performing instance inpainting, if the background behind the object is not perfectly restored and visual artifacts remain, areas that have actually been completed are incorrectly segmented as incomplete (i.e., true negative), resulting in progress underestimation.
Furthermore, the trend of the estimated rate was assessed to evaluate how well it reflects the actual work states. Distinct work states between p1 to p14 were identified manually, and the linear regression coefficients of the estimated progress rate for each interval were calculated and summarized in Table 2. According to the previously defined definition of completion of concrete placement, the progress rate is expected to remain constant during the idle and pouring states, while it is expected to increase during the surface finishing state. Between p1 to p2 and p10 to p11 where idle states were identified, the estimated progress rate remains nearly constant, with linear regression coefficients of 0.009 and -0.002, respectively. Similarly, between points p3 to p4, p7 to p8, and 
[bookmark: _Hlk193983751]
Figure 5. Causes leading to negative results

p11 to p12 where pouring states were identified, the estimated rate also remains nearly constant, with regression coefficients 0.003, 0.002, and 0.008, respectively. In the surface finishing states, the regression coefficients for the intervals between p2 to p3 and p8 to p10 were 0.120 and 0.016, respectively. These values indicate that the progress rate increased by 12% and 1.6% per frame, which is sufficiently significant to expect that the surface finishing process was actively underway. Note that the video is a time-lapse, so the rate of progress rate increase per frame is greater than that of a normal-speed video. However, in the intervals between p4 to p7 and p12 to p14, despite the expectation of a steep increase in progress, the coefficients were considerably low, at 0.008 and -0.004, respectively. This can be attributed to the overestimation and underestimation of progress during these intervals, which resulted from visual appearance similarity and artifacts, as demonstrated in Figure 4.

Table 2: Identified work states between key timestamps
	Start point
	End point
	Regression coefficient
	Work state

	p1
	p2
	0.009
	Idle

	p2
	p3
	0.120
	Surface finishing

	p3
	p4
	0.003
	Pouring

	p4
	p7
	0.008
	Surface finishing

	p7
	p8
	0.002
	Pouring

	p8
	p10
	0.016
	Surface finishing

	p10
	p11
	-0.002
	Idle

	p11
	p12
	0.008
	Pouring

	p12
	p14
	-0.004
	Surface finishing



5. Conclusion
[bookmark: _Hlk193985443]This study proposed a novel 2D vision-based framework for automated construction progress monitoring, focusing on concrete placement processes using surveillance video. The proposed framework addresses critical limitations in current progress monitoring practices, including the challenges of occlusion and the impracticality of 3D sensing due to their high cost- and computing-inefficiency. By leveraging readily available surveillance videos, the framework provides a scalable, cost-effective solution to monitor construction progress. By integrating an instance inpainting module with advanced deep learning models, Grounded SAM2 and LaMa, the occluding objects such as workers and machinery were effectively inpainted, allowing accurate tracking of concrete placement progress even in cluttered scenes. In the progress evaluation, the framework utilized monocular depth estimation and single image-based 3D point cloud reconstruction in order to achieve a more representation of the physical scale of the construction site than conventional 2D pixel-based methods.
The experimental results demonstrated a high degree of consistency between the estimated progress and the ground truth, particularly during the early stages of placement. However, the framework exhibited limitations in accurately determining whether the poured concrete had undergone complete finishing (i.e., both pouring and surface finishing) in the later stages, resulting in an overestimation of progress. This issue stemmed from the visual similarity between different concrete states, especially when viewed from a distance. In addition, visual artifacts that could potentially arise during the inpainting process occasionally led to an underestimation of progress. Despite these limitations, the proposed framework demonstrated the potential to reliably identify the overall work state, showing reasonable alignment with actual construction progress.
This study contributes to automating construction progress monitoring, offering a practical alternative to 3D sensing technologies that are often costly and difficult to deploy. By leveraging surveillance video systems, the proposed framework enables practical implementation with minimal additional hardware, offering a scalable and accessible solution for a wide range of construction sites. Future research could build upon this framework by enhancing occlusion handling robustness, especially in visually complex scenarios. The framework also holds potential for extension to a broader set of construction activities beyond concrete placement.
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