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Highlights1

AR-Enhanced Indoor Construction Progress Monitoring us-2

ing BIM and Synthetic Data3

Mathis Baubriaud4

• Proposed AR system enables real-time (<500ms) on-site5

MEP discrepancy detection.6

• BIM pipeline generates 8.7k synthetic MEP images/masks7

to solve data scarcity.8

• YOLOv8 achieves 799

• User study (N=21) confirms high usability and acceptance10

by site professionals.11
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Abstract

Manual inspection of indoor construction sites is labor-intensive and prone to human error. Currently, automating this process using
deep learning is limited by the lack of large-scale, annotated datasets for complex mechanical, electrical, and plumbing (MEP)
environments. This paper proposes an indoor construction progress monitoring framework that integrates a Building Information
Modeling (BIM)-driven synthetic data pipeline with augmented reality (AR). To address the issue of limited data, we created an
automated pipeline with NVIDIA Isaac Sim to generate the MEP-SEG dataset. This dataset contains 8,751 photorealistic synthetic
images with automated pixel-level annotations. A YOLOv8 instance segmentation model trained via a domain adaptation strategy
using this synthetic data and a 20% of available real-world data, achieved a Mean Average Precision (mAP50) of 79.2% ± 1.4% on
real site images. The model demonstrated resilience to varied occlusion and lighting; however, performance remains sensitive to
low-contrast conditions below 300 lux. We deployed the trained model on a HoloLens 2 AR headset to provide a visual analysis
of discrepancies between the as-built state and the BIM design at approximately two frames per second. A user study with 21
construction professionals indicates the system’s potential for practical adoption, yielding positive feedback regarding usability
and perceived efficiency. Our study shows that synthetic data can reduce the real-world annotation burden by 80% for certain
construction tasks. This provides a framework to narrow the “reality gap" for automated on-site progress monitoring.

Keywords: Building Information Modeling (BIM), Synthetic Data, Construction Engineering, Augmented Reality (AR), Progress
Monitoring, Indoor Construction, Deep Learning, User Study

1. Introduction12

1.1. Background and Problem Statement13

The Architecture, Engineering, and Construction (AEC) in-14

dustry faces escalating pressure to enhance efficiency, accuracy,15

and safety amidst increasingly complex project demands [1].16

Within this context, Indoor Construction Progress Monitor-17

ing (ICPM) is critical for adhering to strict schedules and18

budgets [2]. However, traditional ICPM relies heavily on19

manual inspections and documentation. These methods are20

labor-intensive, time-consuming, and prone to human error,21

often yielding reports that are obsolete by the time they are22

filed [3, 4].23

The challenge of monitoring is most acute in the installa-24

tion of Mechanical, Electrical, and Plumbing (MEP) systems.25

MEP works represent 30 to 40% of total construction costs26

and frequently lie on the critical path [5]. Unlike planar struc-27

tural elements such as walls or slabs, MEP monitoring presents28

unique and severe difficulties. First, components exhibit di-29

verse geometric complexity, ranging from cylindrical pipes to30

rectangular ducts and compact junction boxes. These often31

have small cross-sections that challenge standard detection al-32

gorithms. Second, modern buildings contain thousands of inter-33

connected components packed into confined ceiling plenums,34

creating heavy occlusion not found in structural monitoring. Fi-35

nally, while datasets exist for structural defects [6], annotated36

imagery for MEP components remains scarce due to the spe-37

cialized domain knowledge required for classification.38

Building Information Modeling (BIM) provides a centralized39

digital platform to address these complexities [7]. To bridge the40

gap between the BIM model and the physical site, Augmented41

Reality (AR) has emerged as a promising visualization tool [8].42

However, existing AR solutions typically rely on manual align-43

ment and subjective visual inspection, limiting their utility for44

automated, quantitative progress tracking [9].45

Concurrently, Computer Vision (CV) and Deep Learning46

(DL), specifically instance segmentation, offer a pathway to au-47

tomate ICPM [10]. Recent studies have demonstrated the po-48

tential of these technologies: Li et al. [11] highlighted the shift49

toward data-driven quality control, while Xie et al. [12] utilized50

smartphone videogrammetry for piping reconstruction. In the51

realm of Mixed Reality (MR), Boan et al. [13] proposed frame-52

works integrating digital twins for discrepancy detection.53

Despite these advancements, a critical bottleneck remains:54

the scarcity of large-scale, semantically annotated datasets for55

cluttered indoor environments prevents the robust deployment56

of DL models [14]. While techniques like semi-supervised do-57

main adaptation have been explored [15], they still necessitate58

substantial real-world data collection. In contrast, purely syn-59

thetic training data often fail to generalize due to the “reality60

gap", which is the discrepancy between clean digital renders61

and the chaotic visual conditions of active construction sites in-62

volving variable lighting, dust and clutter.63
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A. Synthetic Data Generation (§ 3.2.) B. Augmented Reality Integration (§ 3.4.)
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Figure 1: Overview of the proposed approach.

1.2. Research Objectives and Contributions64

To address the limitations of current ICPM methods identi-65

fied above, this research aims to validate the hypothesis that66

photorealistic synthetic data, generated entirely from BIM, can67

effectively enhance real-world training data for complex MEP68

segmentation tasks when paired with minimal domain adapta-69

tion.70

In response to the identified gaps, the novelty of this work lies71

in the engineering of a closed-loop “BIM-to-Reality" pipeline72

that effectively mitigates the cold-start problem by reducing73

real-world annotation requirements by 80%. Unlike previous74

studies that focus on geometric reconstruction [12] or general75

inspection frameworks [13], we introduce a specific methodol-76

ogy for generating “infinite" labeled training data for instance77

segmentation. A key limitation of this approach, which we crit-78

ically analyze, is the domain shift between synthetic render-79

ings and the chaotic visual nature of active construction sites80

(e.g., lighting, dust, occlusion). We address this by quantifying81

the minimal amount of real-world data required to fine-tune the82

model for deployment.83

The primary contributions of this paper are distinguished as84

follows:85

Primary scientific contributions:86

• Validation of a data-effective domain adaptation strategy:87

We demonstrate that a YOLOv8 model pre-trained on88

our synthetic dataset requires only 20% of the typical89

real-world data to achieve high-performance segmentation90

(79% mAP50), effectively quantifying the value of syn-91

thetic pre-training for construction tasks.92

• Development of the MEP-SEG dataset: We address the93

community-wide data scarcity bottleneck by creating and94

releasing a large-scale (8,751 images), auto-labeled syn-95

thetic dataset for indoor MEP components, enabling future96

research in semantic scene understanding.97

Supporting technical implementations:98

• Automated synthetic data pipeline: We developed a99

streamlined pipeline using NVIDIA Isaac Sim to convert100

BIM files into photorealistic training environments with101

pixel-perfect ground truth annotations.102

• Real-Time AR integration: We engineered an end-to-end103

deployment architecture on HoloLens 2 that integrates the104

DL model with the NEXT-BIM application, enabling ap-105

proximately 500ms latency for on-site progress monitor-106

ing.107

• User-Centric evaluation: We conducted a usability study108

with 21 professionals to validate the system’s practical ac-109

ceptability and identify human-computer interaction barri-110

ers in field conditions.111

This research advances the field of automated construction112

progress monitoring by providing a validated and innovative113

methodology that addresses key limitations of existing meth-114

ods, offering significant improvements in accuracy, efficiency,115
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and automation. Furthermore, by integrating a commercially116

available AR solution and making the synthetic dataset public,117

it contributes to the adoption of advanced digital technologies118

in the AEC industry.119

1.3. Article Organization120

The remainder of this paper is structured to detail the pro-121

posed methodology, experimental validation, and key findings.122

Following this introduction, Section 2 provides a comprehen-123

sive review of the relevant literature on automated ICPM, fo-124

cusing on the application of CV, DL, AR, and synthetic data125

generation. Section 3 elaborates on the proposed methodology,126

detailing the BIM-based synthetic data generation pipeline, the127

architecture and training of the YOLOv8 instance segmentation128

model, and the integration of this model with an AR applica-129

tion for real-time ICPM. Section 4 presents a detailed account130

of the experimental setup, results (including evaluations on both131

synthetic and real-world datasets), ablation studies, mask align-132

ment analysis, and user feedback from a study with construc-133

tion professionals. Section 5 discusses the key findings, impli-134

cations, limitations, and potential future directions of this re-135

search. Finally, Section 6 concludes the paper by summarizing136

the main contributions and highlighting the broader impact of137

this work on automated ICPM.138

This paper significantly expands upon the foundational work139

presented in our previous conference paper [16], which in-140

troduced the BIM-based synthetic data generation pipeline.141

Specifically, this article provides a more detailed and compre-142

hensive presentation of the methodology. Furthermore, this143

manuscript presents novel research outcomes, including the144

seamless integration of the trained DL model with an aug-145

mented reality application for on-site deployment, a thorough146

evaluation of mask alignment strategies, and a comprehen-147

sive assessment of the system’s usability and user acceptance148

through detailed user studies and real-world experimentation.149

2. Literature Review150

2.1. Progress Monitoring in Construction151

Ineffective progress monitoring is a barrier to successful152

project delivery because it prevents timely detection of devi-153

ations from planned schedules and budgets [17]. Traditional154

methods, including manual site inspections and paper-based155

documentation, are not only inefficient, but also introduce sub-156

jectivity and increase the likelihood of errors [18]. The com-157

plexity and dynamism of indoor construction environments,158

especially those with dense MEP installations, make compre-159

hensive and accurate manual monitoring practically unsustain-160

able [19, 20]. As a result, delays in reporting, reactive project161

management and increased risk of cost overruns and schedule162

delays are common outcomes [21]. The need for automated163

and reliable solutions to address these challenges is therefore164

essential. To address these challenges, research has explored165

various automated and semi-automated technologies [22]. Re-166

ality capture techniques, such as laser scanning and photogram-167

metry, offer accurate 3D representations of as-built condi-168

tions [23, 24, 25]. These methods enable Scan-vs-BIM compar-169

isons for deviation analysis [26, 27, 28]. However, they often170

require specialized equipment, skilled operators, and extensive171

post-processing, hindering real-time, on-site application and172

scalability [29]. Sensor-based tracking systems (RFID, UWB,173

BLE, GPS) provide real-time data on material flow, equipment174

utilization, and personnel location [30, 31, 32, 33, 34]. While175

valuable for resource management, these systems do not di-176

rectly address the visual assessment of construction progress,177

particularly for complex MEP installations. Computer vision178

(CV) and Deep Learning (DL) are increasingly being applied179

in the AEC industry to automate tasks such as progress mon-180

itoring, safety inspection, and defect detection [35]. Specifi-181

cally for ICPM, DL-powered CV offers the potential to auto-182

mate the visual assessment of construction progress, overcom-183

ing the subjectivity and labor-intensive nature of manual in-184

spections [36]. Key CV techniques relevant to ICPM include185

object detection, semantic segmentation, and instance segmen-186

tation. Object detection has been used to identify and locate187

construction elements, such as MEP components, equipment,188

and workers [37, 38]. Semantic segmentation provides a pixel-189

level classification of the scene, enabling the identification of190

different building materials and elements [39]. Instance seg-191

mentation combines the benefits of both, detecting and delineat-192

ing individual object instances, even with occlusions, making193

it particularly suitable for tracking MEP components in com-194

plex indoor environments [40]. Various Convolutional Neu-195

ral Network-based (CNN) models have been explored for these196

tasks, including the You Only Look Once (YOLO) family of197

object detectors [41, 42], Mask R-CNN [43, 44], and, more re-198

cently, Vision Transformers (ViTs) [45, 46]. While these mod-199

els have shown promising results, their application to ICPM,200

particularly for indoor MEP systems, is often slowed down by201

the lack of large, labeled datasets [47]. The complexity, clut-202

ter, and occlusions characteristic of indoor construction envi-203

ronments further complicate the task of accurate object recog-204

nition and segmentation. Existing research has applied CV and205

DL to structural element monitoring [48, 49, 50] and MEP sys-206

tem progress tracking [51]. However, many of these approaches207

rely on limited real-world data, which restricts their applica-208

bility and effectiveness in various construction scenarios. The209

requirement for extensive manual annotation of real-world im-210

ages also limits the scalability of these methods. The scarcity of211

this data motivates the exploration of synthetic data generation212

techniques, which will be discussed in the next section.213

2.2. Synthetic Data Generation214

Synthetic data generation offers a promising solution to the215

data scarcity challenge in construction, enabling the creation216

of large, labeled datasets without costly and time-consuming217

manual annotation [52]. This is particularly crucial for training218

robust DL models for complex tasks like instance segmenta-219

tion of MEP components in cluttered indoor environments [53].220

Various methods exist for generating synthetic data, includ-221

ing graphics engine-based approaches and hybrid methods that222

combine synthetic and real-world data [54, 55]. However, for223

construction progress monitoring, BIM-based synthetic data224
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generation offers significant advantages [56]. BIM models in-225

herently contain rich geometric and semantic information about226

building elements, providing a readily available source for cre-227

ating realistic and accurately labeled virtual construction en-228

vironments [57]. BIM-based approaches typically involve im-229

porting BIM models into graphics or game engines (e.g., Unreal230

Engine, Unity, Isaac Sim), configuring virtual environments231

with realistic materials and lighting, and rendering synthetic232

images from various viewpoints [58]. Crucially, the seman-233

tic information in BIM models allows for automated genera-234

tion of ground truth annotations, including object classes, in-235

stance segmentation masks, and depth maps, eliminating the236

need for manual labeling [59]. This automated annotation is237

a key advantage, enabling the creation of large-scale datasets238

with minimal effort [60]. Our approach builds upon this founda-239

tion, utilizing a streamlined pipeline and focusing specifically240

on the detailed representation of MEP components within com-241

plex indoor scenes [61]. Despite the advantages of synthetic242

data, a key challenge is the “reality gap" – the difference in ap-243

pearance and characteristics between synthetic and real-world244

images [62]. DL models trained solely on synthetic data may245

exhibit limited generalization performance when deployed in246

real-world scenarios. Therefore, domain adaptation techniques247

are crucial to bridge this gap and improve model transferabil-248

ity [63]. Recent work by Tran et al. [15] has demonstrated249

the efficacy of semi-supervised learning for domain adaptation250

in construction, specifically for long-tailed object detection in251

safety monitoring. Similarly, Gomaa et al. [64] utilized semi-252

automated dataset construction to enhance YOLOv8 perfor-253

mance through advanced domain adaptation. While these meth-254

ods show promise, our research specifically investigates the255

“sim-to-real" transfer for instance segmentation of MEP com-256

ponents, quantifying the minimal real-world data required to257

fine-tune models pre-trained on photorealistic BIM-generated258

synthetic data. These techniques aim to reduce the discrepancy259

between the synthetic (source) and real-world (target) domains,260

enabling models trained on synthetic data to perform well on261

real-world images [65]. Common approaches include Unsu-262

pervised Domain Adaptation (UDA) using adversarial train-263

ing [66], and Semi-Supervised Domain Adaptation (SSDA)264

leveraging a small amount of labeled real-world data [67].265

2.3. Augmented Reality in Construction266

Augmented Reality (AR) offers significant potential for en-267

hancing construction processes by overlaying digital informa-268

tion onto the real-world view [68, 69]. In the context of progress269

monitoring, AR enables direct visual comparisons between the270

as-planned BIM model and the as-built reality, facilitating the271

identification of discrepancies and deviations [70]. Various AR272

devices, including Head-Mounted Displays (HMDs) like Mi-273

crosoft HoloLens and Magic Leap, and handheld devices run-274

ning ARKit or ARCore, have been explored for construction275

applications [71, 72]. The choice of device depends on fac-276

tors such as user mobility, environmental conditions, and the277

required level of immersion [73]. Several studies have demon-278

strated the use of AR for on-site progress monitoring. For ex-279

ample, Martins et al. [74] proposed an AR-based framework for280

bridge inspection, while Kopsida and Brilakis [75] developed281

a system for real-time volume-to-plane comparisons. More282

recently, research has moved towards fully autonomous and283

integrated MR frameworks. Boan et al. [13] introduced an284

autonomous Mixed Reality framework that integrates digital285

twins for real-time construction inspection, enabling human-in-286

the-loop decision making. Additionally, Kuo et al. [76] pro-287

posed integrating BIM and AR with Visual Simultaneous Lo-288

calization and Mapping (VSLAM) to improve the spatial ac-289

curacy of site inspections. In the domain of defect detection,290

Shojaei et al. [77] utilized Mixed Reality combined with DL to291

automate concrete crack detection, further illustrating the con-292

vergence of AI and AR. However, a key limitation of many ex-293

isting AR-based progress monitoring systems is their reliance294

on manual alignment of the BIM model with the real-world295

scene and visual inspection for discrepancy detection [78]. This296

process can be time-consuming, subjective, and prone to er-297

rors [79]. Furthermore, many systems lack integration with au-298

tomated object recognition and segmentation capabilities, lim-299

iting their ability to provide quantitative progress data and de-300

tailed analysis of specific building elements, especially com-301

plex MEP systems [5]. Our work addresses these limitations302

by integrating a DL-based instance segmentation model with303

an AR platform, enabling automated detection and segmenta-304

tion of MEP components and facilitating a more objective and305

efficient comparison between the BIM model and the as-built306

reality. This integration of DL-powered object recognition with307

AR visualization represents a significant step towards more au-308

tomated and data-driven ICPM.309

2.4. Comparative Analysis and Research Gaps310

Table 1 systematically compares our approach with closely311

related works in MEP monitoring and synthetic data generation,312

revealing three critical gaps that our research addresses:313

First, while BIM-based synthetic data generation has been314

explored [61, 60], these methods do not address MEP-specific315

challenges such as metallic reflectance and dense clutter.316

Most MEP-focused studies still rely on limited real-world317

datasets [25, 44]. Second, domain adaptation research [63, 15]318

demonstrates transferability but fails to quantify the minimal319

real-world data volume required, leaving practitioners without320

a clear cost-benefit metric. Finally, a gap exists between labo-321

ratory performance and field usability. While some frameworks322

integrate mixed reality for inspection [13], they lack automated323

segmentation, whereas segmentation studies frequently lack324

on-site validation via augmented reality.325

3. Methodology326

3.1. Overview of the Proposed Approach327

This research introduces a novel, integrated methodology for328

automated ICPM. The approach leverages the synergistic com-329

bination of BIM, synthetic data, DL, and AR to create a prac-330

tical, efficient, and robust system for real-time, on-site progress331

assessment. (Figure 1)332
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Table 1: Systematic comparison with related works on MEP progress monitoring and synthetic data approaches.

Study MEP Focus Synthetic Data Domain Adapt. AR Integration Dataset Public Quantified Efficiency

Bosché et al. [25] ✓(Pipes) × × × × ×
Kufuor et al. [44] ✓(Limited) × Transfer Learning × × ×
Ma et al. [61] ×(General Indoor) ✓ × × × ×
Ying et al. [60] Partial ✓ × × × ×
Huang et al. [63] ×(Rebar) ✓ ✓(UDA) × × ×
Tran et al. [15] ×(Safety) × ✓(SSDA) × ✓ ×
Boan et al. [13] ✓ × × ✓(MR) × ×
Our Work ✓ ✓ ✓(Quantified) ✓ ✓ ✓

The core of the methodology is a three-stage process. First,333

a large-scale, labeled synthetic dataset of indoor construction334

scenes, specifically focusing on MEP components, is automat-335

ically generated using existing BIM models and a photoreal-336

istic graphics engine (NVIDIA Isaac Sim). This addresses337

the critical data scarcity challenge hindering DL-based ICPM338

(Figure 1 A). Second, a state-of-the-art instance segmentation339

model, YOLOv8, is trained on this synthetic dataset and en-340

hanced with a real images dataset to improve its robustness and341

generalizability to real-world construction sites (Figure 1 B).342

Third, the trained DL model is integrated into a commercially343

available mobile AR application, NEXT-BIM1, designed for the344

HoloLens 2. NEXT-BIM collaborated on this research project,345

providing essential support with their expertise in BIM and AR,346

with the goal of integrating the developed technology into their347

tools in the future. This AR application enables real-time, on-348

site visualization of BIM models and instance segmentation349

results overlayed onto the physical environment (Figure 1 C).350

This AR application also facilitates on-site progress compari-351

son by superimposing the DL model’s predictions onto the BIM352

model view, allowing inspectors to visually assess alignment353

and identify discrepancies. The integrated system is rigorously354

evaluated on both synthetic and real-world datasets, assessing355

accuracy, robustness, and user acceptance. The subsequent sec-356

tions detail each stage of this methodology.357

3.2. Methodological Positioning and Novel Contributions358

To precisely delineate our contributions, Table 2 compares359

our pipeline against state-of-the-art approaches across key tech-360

nical dimensions.361

Our primary methodological novelty lies not in individual362

algorithmic components but in the engineering integration of363

several specialized techniques designed for real-world deploy-364

ment. First, we utilize MEP-tailored synthetic generation; un-365

like general indoor scene synthesis, our pipeline incorporates366

domain-specific randomization, such as metallic PBR shaders367

and extreme lux ranges. These additions are specifically vali-368

dated through ablation studies to ensure they accurately repre-369

sent complex construction environments.370

Furthermore, we provide a rigorous data efficiency quantifi-371

cation that is often missing from prior Unsupervised Domain372

1https://next-bim.com/

Adaptation (UDA) research. By systematically varying real-373

world data ratios, from 10% to 100%, we establish the minimal374

sufficient labeled dataset required for performance. This allows375

for a pragmatic cost-benefit analysis, helping teams understand376

the threshold where additional data labeling yields diminishing377

returns.378

Finally, we implement a geometric alignment strategy for AR379

that addresses the unique challenges of BIM-to-reality pose dis-380

crepancies. By utilizing a dual-alignment approach (centroid +381

affine ECC), our framework accounts for the SLAM drift and382

initial calibration errors common in active construction sites,383

moving beyond the limitations of lab-controlled Mixed Reality384

studies. Collectively, these contributions constitute a robust en-385

gineering framework for practical MEP monitoring rather than386

isolated algorithmic advances.387

3.3. Synthetic Data Generation388

Our methodology relies on the automated generation of a389

large, diverse synthetic dataset to train robust DL models for390

ICPM, thereby reducing dependence on scarce real-world la-391

beled data. The pipeline leverages the geometric and semantic392

richness of BIM models alongside NVIDIA Isaac Sim’s photo-393

realistic rendering capabilities.394

3.3.1. BIM Model Provenance and Preparation395

The process begins by selecting and preparing BIM mod-396

els that represent indoor construction environments. The BIM397

models utilized in this study were obtained from industry part-398

ners and cover a diverse range of typologies, including office399

towers, scientific laboratories, and commercial retail spaces.400

This variety ensures the dataset encompasses a wide range of401

spatial configurations, architectural styles, and MEP system de-402

signs, enhancing the diversity of the training distribution.403

To ensure relevance for MEP monitoring, a filtering pro-404

cess isolates essential components (e.g., ducts, pipes, cable405

trays, HVAC units) and removes non-essential architectural el-406

ements. This optimization preserves computational resources407

while maintaining geometric fidelity. Using built-in BIM soft-408

ware functionalities (Revit), models are audited and exported to409

the Universal Scene Description (USD) format for full compat-410

ibility with the graphics engine.411

3.3.2. Virtual Environment Setup and Randomization412

The prepared BIM models are imported into NVIDIA Isaac413

Sim. To address the “sim-to-real" gap, we employ Domain Ran-414
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Table 2: Technical comparison of proposed methodology with closely related approaches.

Dimension Huang et al. [63] Tran et al. [15] Boan et al. [13] Our Approach

Application Rebar inspection Safety monitoring MEP presence
check

MEP installation verifi-
cation

Synthetic Pipeline Blender + manual N/A N/A Isaac Sim + automated
BIM import

Domain Randomiza-
tion

Lighting only N/A N/A Lighting + materials +
clutter + HDR

Segmentation Ap-
proach

Mask R-CNN YOLOv8 (detec-
tion)

Rule-based YOLOv8-seg

Domain Adaptation UDA (unlabeled
target)

Semi-supervised
(pseudo-labels)

N/A Quantified SSDA (20%
labeled)

Evaluation Metric AP improvement Long-tail detection Presence/absence Data efficiency curve +
mAP

Deployment Offline analysis Offline analysis HoloLens (manual) HoloLens (automated)

Public Dataset No No No Yes (MEP-SEG)

Figure 2: Snapshots of three BIM projects imported into the graphics engine.
These environments provide the geometric ground truth for synthetic data gen-
eration.

domization (DR) techniques to systematically vary the visual415

properties of the scene.416

• Texture and material: Materials are assigned using the417

NVIDIA Omniverse API. While MEP components retain418

realistic textures (e.g., galvanized steel), background ele-419

ments (walls, floors) are assigned randomized textures to420

prevent the model from learning spurious correlations.421

• Lighting: Lighting is configured to simulate both natural422

and artificial illumination with varied intensity (300-1000423

lux), color temperature (3000K-6500K), and position of424

light sources to mimic the harsh, dynamic lighting condi-425

tions often found on construction sites.426

• Clutter: To replicate real construction environments, syn-427

thetic clutter objects (e.g., tools, ladders, debris boxes) are428

procedurally injected into the scene. These elements cre-429

ate realistic occlusions, challenging the DL model to ac-430

curately detect and segment MEP components even when431

partially hidden.432

3.3.3. Virtual Camera Configuration433

To capture diverse viewpoints, we configure a virtual camera434

within Isaac Sim that mimics the specifications of a typical mo-435

bile device used for on-site inspection. Key parameters include:436

• Field of View (FOV): Calibrated to match a handheld cam-437

era, ensuring synthetic images capture a representative, re-438

alistic portion of the indoor scene.439

• Resolution: Standardized to 640×640 pixels to balance440

image quality with computational efficiency during ren-441

dering and training.442

• Distortion parameters: Radial and tangential distortion443

values are randomly sampled within a realistic range to444

simulate lens imperfections, enhancing the diversity and445

realism of the dataset.446
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Positioning is determined by defining routes that replicate447

the movement of a worker inspecting a site. While grid-based448

viewpoints are possible, we utilize the API to generate manu-449

ally drawn routes, providing a more natural representation of450

human movement. This strategy ensures systematic coverage451

of the virtual environment while avoiding repetitive or unnatu-452

ral viewpoints.453

3.3.4. Automated Annotation Generation454

A major advantage of synthetic data is the immediate avail-455

ability of ground truth. The annotations for the synthetic dataset456

were generated using Isaac Sim’s internal labeling system,457

which defines a unique semantic label for each BIM object ID.458

This allows for the generation of pixel-perfect instance segmen-459

tation masks.460

Using BIM metadata and ray tracing, the pipeline produces a461

comprehensive set of labels alongside the visual data:462

• Instance segmentation: Generated by identifying unique463

object IDs per pixel.464

• Semantic segmentation: Classifies pixels based on prede-465

fined BIM object classes (e.g., ducts, pipes).466

• Depth maps: Provide geometric scene information to sup-467

port depth-aware monitoring.468

• Bounding boxes: Derived directly from the segmentation469

masks for object detection tasks.470

3.3.5. Image Capture and Preprocessing471

Following the environment and sensor configuration, an au-472

tomated Python script within Isaac Sim triggers the rendering473

process. The engine captures photorealistic RGB images for474

each camera pose, incorporating the variations in lighting, ma-475

terials, and clutter defined previously. To maximize diversity,476

camera angles are varied across different BIM spaces, and date-477

time settings are randomized to simulate shifting sun positions.478

Preprocessing is kept minimal to allow the DL model to learn479

from raw data features. Images are resized to the fixed training480

resolution (640×640 pixels) using bilinear interpolation. No481

additional noise reduction or artificial enhancement is applied,482

preserving the realistic imperfections of the synthetic capture.483

3.4. Deep Learning Model for Instance Segmentation484

Accurate and robust instance segmentation of MEP compo-485

nents is crucial for effective ICPM. To achieve this, we sys-486

tematically evaluated the segmentation performance of five ar-487

chitectures on a 500-image MEP validation subset (Table 3).488

To ensure a fair comparison, all models were initialized with489

weights pre-trained on the COCO dataset and subsequently490

fine-tuned on this MEP subset from scratch under identical hy-491

perparameter configurations.492

YOLOv8m-seg achieved optimal accuracy-speed tradeoff for493

on-device deployment (52ms enables 2 FPS on HoloLens Snap-494

dragon 850). While Faster R-CNN and Mask R-CNN offer high495

accuracy, their two-stage architectures result in significantly496

slower inference speeds compared to the single-stage YOLO497

Table 3: Architecture selection on MEP validation set (500 images, 5 classes).

Architecture mAP50 (%) Inference (ms) Params (M)

Faster R-CNN [80] 76.2 189 41.3
Mask R-CNN [43] 78.5 215 44.2
YOLOv5m-seg 75.8 45 26.4
YOLOv8m-seg 79.1 52 27.3
SAM [81] 72.3 412 93.7

models. Vision Transformers (ViTs) [45] and the Segment Any-498

thing Model (SAM) [81] were also considered; however, their499

higher computational demands made them less suitable for real-500

time deployment on a resource-constrained mobile AR device501

like the HoloLens 2. To address the reality gap between syn-502

thetic and real-world data, we employed a two-stage training503

strategy incorporating domain adaptation:504

1. Pre-training on synthetic data: The YOLOv8 model was505

initially pre-trained on the large and diverse MEP-SEG506

synthetic dataset generated as described in Section 3.3.507

This pre-training provided a strong foundation for the508

model to learn robust features for MEP component de-509

tection and segmentation, leveraging the perfectly labeled510

synthetic data.511

2. Fine-tuning with mixed data: The pre-trained model was512

then fine-tuned using a mixed dataset consisting of syn-513

thetic images from MEP-SEG and real-world images from514

the MEP-REAL dataset (detailed in Section 4). We exper-515

imented with different ratios of synthetic and real images516

to determine the optimal balance for achieving high per-517

formance on real-world data. This fine-tuning, a form of518

transfer learning, allows the model to adapt to the charac-519

teristics of real-world images while retaining the knowl-520

edge gained from the synthetic data. We also explored ini-521

tializing the model with weights pre-trained on the large-522

scale COCO (Common Objects in Context) dataset [82]523

for comparison.524

Data augmentation techniques, including random rotations,525

scaling, horizontal flips, color jittering, and mosaic augmenta-526

tion (as implemented in the Ultralytics YOLOv8 framework),527

were applied during both pre-training and fine-tuning to further528

enhance the model’s robustness and generalization capabilities.529

Specific training details, hyperparameters, and evaluation met-530

rics are presented in Section 4.531

3.5. Augmented Reality Integration and On-site Comparison532

To bridge the gap between the digital model and the physical533

construction site, we integrated the trained DL model within534

an AR application, leveraging the capabilities of the Microsoft535

HoloLens 2 HMD. This integration enables real-time, on-site536

visualization of the instance segmentation results superimposed537

onto the actual MEP components, facilitating intuitive progress538

monitoring and discrepancy detection.539
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3.5.1. AR Device and Application540

The Microsoft HoloLens 2 was chosen as the AR platform541

for this research due to its advanced spatial mapping, object542

recognition, and gesture recognition capabilities, as well as its543

adaptation in construction environments. The HoloLens 2 is a544

self-contained, holographic computer that allows users to inter-545

act with digital content and holograms in the real world. The546

device is equipped with a suite of sensors, including depth sen-547

sors, an Inertial Measurement Unit (IMU), and an RGB camera,548

which provide real-time data about the user’s environment and549

position.550

For this application, we utilized the NEXT-BIM applica-551

tion, which is specifically designed for on-site construction552

progress monitoring using AR. NEXT-BIM provides function-553

alities for visualizing BIM models in AR, aligning the virtual554

model with the physical environment, and interacting with the555

model through gestures and voice commands. We integrated556

our trained YOLOv8 model into the NEXT-BIM application to557

enable real-time instance segmentation of MEP components di-558

rectly within the HoloLens 2’s field of view.559

3.5.2. Model Deployment560

Deploying the trained YOLOv8 model on the HoloLens 2561

required careful consideration of the device’s computational re-562

sources and performance constraints. To achieve real-time in-563

ference, we optimized the model by converting it to the Open564

Neural Network Exchange (ONNX) format, which is suitable565

for efficient deployment on various hardware platforms, includ-566

ing mobile and embedded devices. The ONNX model was then567

integrated into the NEXT-BIM application, enabling on-device568

inference without the need for an external server or cloud con-569

nection. This on-device deployment ensures seamless user ex-570

perience during field inspections without an internet connec-571

tion. The specific details of the model conversion and integra-572

tion process are beyond the scope of this paper, but we ensure573

it followed industry best practices for deploying DL models on574

resource-constrained devices.575

3.5.3. BIM-Real World Alignment576

Accurate registration between the BIM and the physical577

world is a prerequisite for discrepancy analysis. The alignment578

process is handled by the NEXT-BIM platform using a robust579

“3-Surface Calibration" method. Upon initialization, the user580

selects their approximate location in the building from a 3D581

external view. The view switches to a first-person immersive582

mode, and the user is prompted to manually align three orthogo-583

nal surfaces: the floor (elevation), a main wall (orientation), and584

a secondary element like a beam or perpendicular wall (trans-585

lation). Following this initial calibration, the system employs a586

continuous alignment algorithm that constantly checks the cor-587

respondence between planar surfaces in the camera frustum and588

the BIM geometry to correct for SLAM drift in real-time.589

3.5.4. Discrepancy Analysis590

A crucial aspect of the AR-integrated system is accurately591

aligning and superimposing the YOLOv8 model’s predictions592
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Figure 3: Process explaining the comparison of the BIM model with the pre-
diction of the DL segmentation model in real-time.

(predicted masks) with the corresponding elements in the BIM593

model (ground truth masks). This enables a direct visual com-594

parison between the as-designed and as-built states. The overall595

process is illustrated in Figure 3, and consists of the following596

steps:597

(1) RGB Image Capture and Metadata Acquisition: The pro-598

cess begins by capturing the real-world scene using the599

HoloLens 2’s built-in RGB camera. Simultaneously, we600

record crucial metadata associated with the captured im-601

age, including the camera’s position, orientation, focal602

length, and resolution. This metadata is essential for ac-603

curately positioning the virtual camera within the BIM en-604

vironment, enabling a direct comparison.605

(2) BIM model filtering for ground truth extraction: To extract606

the Ground Truth (GT) masks, we filter the objects within607

the virtual BIM environment provided by the NEXT-BIM608

application. This filtering leverages the Industry Founda-609

tion Classes (IFC) specifications of the objects and the610

HoloLens 2’s intrinsic camera data (acquired in step 1).611

9

                  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Object not selected 

Object selected 

frustum 
C2 

C4 

C3 

C1 

Figure 4: Illustration of the BIM model filtering process. Objects that meet all
filtering criteria are shown with stripes; those that do not are shown in gray.

Objects are rigorously filtered based on four criteria, as612

illustrated in Figure 4:613

C1 Object type: The object must belong to a predefined614

target category (e.g., MEP equipment), specified by615

the user and relevant to the inspection task.616

C2 Camera frustum: The object must lie within the cam-617

era’s frustum, the truncated pyramid defining the vis-618

ible 3D space.619

C3 Distance: The object must be within a 5-meter620

distance threshold. This constraint is hardware-621

driven: according to Microsoft’s specifications for622

the HoloLens 2 Time-of-Flight (ToF) depth sensor,623

and validated by spatial mapping studies [83], the624

spatial mesh accuracy significantly degrades beyond625

this range, leading to unreliable alignment between626

the BIM and the physical environment.627

C4 Occlusion: The object must have a visibility score628

(Vs) above a threshold of 0.8. The visibility score is629

defined as the ratio of an object’s visible pixels in the630

rendered frame (Pvis) to its total projected pixels if631

no occlusions were present (Ptotal):632

Vs =
Pvis

Ptotal
(1)

Objects with Vs < 0.8 are excluded to prevent match-633

ing against heavily occluded elements, where visual634

ambiguity could lead to false positives during the635

comparison process.636

Only objects satisfying all four criteria are considered for637

GT mask generation.638

(3) Real-Time Ground Truth generation (virtual capture): To639

extract the GT masks for comparison, we implemented640

a real-time rendering pipeline on the HoloLens. When641

the user triggers an inspection, the application switches642

the rendering mode to “false color", where every filtered643

BIM object is rendered in a unique, solid RGB color cor-644

responding to its ID. A screenshot of this view is captured645

instantly. This image is then processed using OpenCV to646

extract binary masks for each unique color. This method647

ensures that the ground truth masks geometrically align648

with the camera frustum based on available spatial meta-649

data, occlusion, and optical characteristics of the user’s650

current viewpoint.651

(4) Semantic extraction and GT mask generation: The fil-652

tered IFC objects are rendered within the virtual environ-653

ment using distinct colors corresponding to their respec-654

tive classes. This creates a visual representation of the655

expected visible objects. A screenshot of this rendered656

view is captured, providing a 2D projection of the relevant657

BIM elements. This screenshot then undergoes pixel-level658

processing to extract the GT masks. Pixels correspond-659

ing to the highlighted MEP components are identified and660

grouped based on their instance IDs, resulting in a set of661

binary masks representing the ground truth.662

(5) YOLOv8 inference and post-processing: The RGB im-663

age captured in step (1) is fed as input to the deployed664

YOLOv8 model. The model performs instance seg-665

mentation, generating a set of predicted masks. The666

YOLOv8 model outputs two key tensors: a detection ten-667

sor (1×8400×(4+5+32)) containing 8400 detection pro-668

posals (each with 4 bounding box coordinates, 5 confi-669

dence scores, and 32 segmentation weights), and a proto-670

mask tensor (1×32×160×160) containing 32 prototype671

masks of 160×160 pixels. These are combined to gener-672

ate the final instance masks. Post-processing includes ex-673

tracting detection data, applying Non-Maximum Suppres-674

sion (NMS) to remove redundant boxes, generating binary675

masks, and compiling results for comparison with ground676

truth.677

(6) Mask association: To ensure a robust comparison and han-678

dle potential false positives from the YOLOv8 model, we679

perform mask association before alignment. Each pre-680

dicted mask is compared against all intersecting ground681

truth (GT) masks. This accounts for situations where a sin-682

gle predicted object might correspond to multiple objects683

in the BIM model, or vice-versa. Only predicted masks684

that have a non-zero intersection with at least one GT mask685

are considered for further processing. This step effectively686

filters out spurious detections that do not correspond to any687

element in the BIM model.688

(7) Mask alignment and discrepancy visualization: After the689

mask association step, the remaining predicted masks and690

their corresponding GT masks are aligned. This alignment691

is crucial to account for minor discrepancies between the692

as-designed positions in the BIM model and the actual as-693

built positions of the MEP components, as well as poten-694

tial inaccuracies in camera pose estimation. We evaluated695

two alignment methods.696
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• Centroid-based alignment: This computationally ef-697

ficient method aligns the masks by translating the698

predicted mask so that its centroid coincides with the699

centroid of the GT mask. The centroid of a mask M700

is calculated as:701

Cx =

∑
(x,y)∈M x

Area(M)
, Cy =

∑
(x,y)∈M y

Area(M)
(2)

where (x, y) are the pixel coordinates and Area(M)702

is the number of pixels in the mask. This method is703

fast but less robust to significant shape variations and704

rotations.705

• Affine transformation alignment: This method esti-706

mates an affine transformation (translation, rotation,707

and scaling) that best aligns the predicted mask to the708

GT mask. We use the Enhanced Correlation Coeffi-709

cient (ECC) algorithm [84], which finds the optimal710

transformation matrix A and translation vector t by711

minimizing the difference between the warped pre-712

dicted mask and the GT mask:713

arg min
A,t
∥IGT(x, y) − IPred(A

[
x
y

]
+ t)∥2 (3)

where IGT is the GT mask image, IPred is the pre-714

dicted mask image, and (x, y) are pixel coordinates.715

This method is more robust to shape variations but is716

computationally more intensive.717

After alignment, discrepancies between the predicted and718

GT masks are visualized within the AR view. Correctly719

identified and aligned MEP components (those with an720

Intersection over Union (IoU) score above a predefined721

threshold – typically 0.5) have their bounding boxes ren-722

dered in red, providing immediate visual feedback to the723

user. The IoU is calculated as:724

IoU =
Area(P ∩G)
Area(P ∪G)

(4)

where P is the predicted mask and G is the ground truth725

mask. Objects falling below the IoU threshold, or those726

not detected by the model, are not highlighted, indicating727

potential deviations from the BIM model.728

This comprehensive alignment and superposition process,729

combining automated GT mask extraction (with rigorous fil-730

tering), real-time DL-based instance segmentation, and robust731

mask alignment, allows an accurate and efficient on-site com-732

parison between the planned BIM model and the built reality.733

3.5.5. Progress Quantification Logic734

To translate the instance segmentation results into actionable735

progress monitoring data, we define a binary status for each736

MEP component. An element EBIM is considered “Installed" if737

the maximum IoU between its ground truth mask and any pre-738

dicted mask Mpred exceeds the threshold τIoU = 0.5. Elements739

with IoU < 0.5 or no corresponding detection are flagged as740

“Missing" or “Deviating".741

The construction progress P for a given zone is quantified742

as the ratio of installed elements to the total expected elements743

within the verified camera frustums:744

P =
∑N

i=1(IoUi > τIoU)
N

(5)

where N is the total number of visible BIM objects expected in745

the current view. This metric allows for the automatic genera-746

tion of a “percent-complete" report for the inspected area.747

Relationship to engineering accuracy criteria. It is important748

to note that IoU is a visual overlap proxy, not a dimensional749

tolerance in the sense of construction standards (e.g., ±10 mm750

pipe positioning per ISO 7268 or national equivalents). An IoU751

of 0.5 corresponds broadly to a gross presence/absence check:752

a correctly installed duct in the right plenum zone will satisfy753

this criterion even if its centreline deviates by several centime-754

tres. For macro-level schedule progress reporting, this thresh-755

old is appropriate. For precision deviation measurement (e.g.,756

verifying that a pipe is within tolerance of its BIM-designed757

centreline), the current system—limited by HoloLens 2 cam-758

era resolution and SLAM drift of typically 2–3 cm—is not a759

substitute for millimetric survey instruments. Future work inte-760

grating LiDAR point-cloud registration could complement the761

AR workflow with quantitative dimensional tolerances, narrow-762

ing the gap between visual inspection and macro-level progress763

assessment.764

4. Experiments and Results765

To evaluate the effectiveness and generalizability of the pro-766

posed methodology, we conducted a series of experiments using767

both synthetic and real-world data. The experiments were de-768

signed to assess the performance of the trained YOLOv8 model769

for instance segmentation, the accuracy of the alignment algo-770

rithms, and the overall usability of the AR-integrated system for771

on-site progress monitoring.772

4.1. Hardware and Software Setup773

The experiments were performed using a combination of774

hardware and software tools. Model training and synthetic data775

generation were conducted on a laptop equipped with an Intel776

Core i7-10750H processor, 32 GB of RAM, and an NVIDIA777

Quadro RTX 3000 GPU. The graphics engine used for syn-778

thetic data generation was NVIDIA Isaac Sim, leveraging its779

Omniverse platform and USD (Universal Scene Description)780

format for scene representation. The YOLOv8 model was im-781

plemented using the Ultralytics API 2, and the AR application782

was developed using the NEXT-BIM C++ framework on the783

Microsoft HoloLens 2 platform.784

2https://www.ultralytics.com/

11

                  



(b) (b*)

(c*)(c)

(a) (a*)

Figure 5: Synthetic image examples and instance segmentation masks. (a) RGB
image. (a*) Mask. (b) RGB image (different lighting). (b*) Mask. (c) RGB
image (partial occlusions). (c*) Mask.

4.2. Dataset Generation and Collection785

4.2.1. Synthetic Data (MEP-SEG)786

Our BIM-based pipeline generated the MEP-SEG dataset to787

address data scarcity. Derived from three diverse BIM mod-788

els (an office tower, a laboratory, and a campus), the dataset789

contains 8,751 photorealistic 640×640 images. The pipeline,790

which ran for approximately 9 hours, produced pixel-perfect791

instance segmentation masks for 13 MEP classes. The distribu-792

tion reflects real-world imbalances, with walls and pipes being793

the most frequent classes (Table 4). Figure 5 illustrates the high794

variance in lighting and clutter achieved through domain ran-795

domization. The dataset is publicly available [85].796

Table 4: MEP-SEG instance distribution.
Class Instances
Wall 90,801
Pipe 44,998
Floor 44,266
Circular duct 34,973
Rectangular duct 26,227
Framework 11,627
Air vent 8,585
Pole 5,131
Fan coil 4,286
Radiant panel 3,031
Ceiling 2,431
Pipe accessory 1,449
Climatic equipment 1,309

4.2.2. Real-World Data (MEP-REAL)797

To validate the model and perform domain adaptation, real-798

world images were collected from five construction sites (three799

matching the synthetic source BIMs and two new projects). Us-800

ing both a smartphone and the HoloLens 2, we acquired and801

manually labeled 350 images (MEP-REAL). We focused on de-802

tecting five challenging classes: ducts, pipes, air vents, radiant803

panels, and fan coil units. While 350 images represent a lim-804

ited dataset for standard deep learning paradigms, it serves here805

to effectively quantify the minimal real-world annotation effort806

required to bridge the “sim-to-real" gap when supported by a807

massive synthetic backbone.808

4.3. Deep Learning Model Assessment809

4.3.1. Training Procedure810

Table 5 details the specific hyperparameters used for train-811

ing. These were selected based on ablation studies and standard812

recommendations for the YOLO architecture to ensure optimal813

convergence and generalization.814

Table 5: Training hyperparameters for YOLOv8.
Hyperparameter Value
Model Architecture YOLOv8m-seg
Optimizer SGD
Initial Learning Rate (lr0) 0.01
Momentum 0.937
Weight Decay 0.0005
Batch Size 6
Epochs 1000 (Patience: 50)
Input Resolution 640×640

The Stochastic Gradient Descent (SGD) optimizer and an ini-815

tial learning rate of 0.01 were selected through a hyperparam-816

eter validation study conducted specifically for the MEP seg-817

mentation task. While the YOLOv8 architecture usually em-818

ploys default values for general datasets like COCO, the unique819

visual characteristics of MEP components, including reflective820

metallic surfaces and intricate geometric patterns, require tai-821

lored adjustments to ensure stable convergence.822

We compared three learning rate configurations (lr ∈823

{0.1, 0.01, 0.001}) over 100 epochs on a subset of the Mixed-824

20% dataset. As shown in Table 6, lr = 0.01 provided the most825

stable reduction in validation loss and the highest mAP50 score.826

A higher learning rate (0.1) led to significant oscillations in827

the loss function, indicating gradient instability, while a lower828

learning rate (0.001) resulted in slow convergence and lower fi-829

nal precision, failing to escape local minima during early train-830

ing phases.831

Table 6: Comparison of initial learning rates (lr0) on YOLOv8m-seg perfor-
mance (100 epochs).

Learning Rate (lr0) mAP50 (m) Val Loss Status
0.1 0.62 1.45 Unstable
0.01 0.79 0.88 Stable
0.001 0.54 1.12 Underfit
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Table 7: Performance Comparison (mean ± std over 5 runs): COCO vs. Syn-
thetic Transfer Learning (TL) on Small (S) and Medium (M) Real Datasets.

Metrics COCO TL Synthetic TL

S dataset Box Mask Box Mask

Precision (%) 43.2 ± 2.1 51.3 ± 2.3 65.8 ± 2.4 64.1 ± 2.2
Recall (%) 43.1 ± 1.8 34.2 ± 2.0 47.3 ± 2.1 46.1 ± 1.9
mAP50 (%) 42.0 ± 1.9 38.1 ± 1.7 53.2 ± 1.8 49.4 ± 1.7
mAP50−95 (%) 26.1 ± 1.5 19.2 ± 1.3 37.0 ± 1.6 30.2 ± 1.4

M dataset Box Mask Box Mask

Precision (%) 52.1 ± 1.9 52.3 ± 2.0 69.2 ± 2.1 63.1 ± 1.8
Recall (%) 45.0 ± 1.7 42.1 ± 1.8 40.2 ± 1.9 38.3 ± 1.7
mAP50 (%) 43.2 ± 1.6 41.0 ± 1.5 47.1 ± 1.7 43.2 ± 1.5
mAP50−95 (%) 29.0 ± 1.4 24.1 ± 1.2 30.3 ± 1.5 24.2 ± 1.3

Training utilized a linear warmup followed by cosine anneal-832

ing decay. Early stopping (patience: 50 epochs) was employed833

to prevent overfitting. Standard data augmentations (rotation,834

scaling, mosaic) were applied to enhance robustness.835

4.3.2. Quantitative Evaluation836

The model performance was evaluated using standard com-837

puter vision metrics: Precision, Recall, and Mean Average Pre-838

cision at different IoU thresholds (mAP50 and mAP50−95). To839

ensure statistical robustness, all training configurations were840

repeated across five independent runs with different random841

seeds, and results are reported as mean ± standard deviation.842

The evaluation follows a two-stage analysis: first, assessing the843

effectiveness of synthetic transfer learning (TL) against stan-844

dard benchmarks, and second, determining the optimal ratio of845

synthetic-to-real data for practical deployment.846

Initial experiments compared pre-training on the COCO847

dataset versus our custom synthetic dataset. As detailed in Ta-848

ble 7, the Synthetic TL approach significantly outperformed849

COCO-based pre-training on the small (S) real-world dataset850

across all metrics and runs, particularly in mask precision851

(64.1% ± 2.2% vs. 51.3% ± 2.3%). The lower standard devi-852

ations observed in the Synthetic TL configurations further in-853

dicate greater training stability. While performance converged854

as the dataset size increased to medium (M), the synthetic pre-855

training consistently demonstrated superior boundary detection856

and feature extraction capabilities for specialized MEP compo-857

nents.858

We further investigated the impact of mixing synthetic data859

with varying proportions of real-world imagery (Table 8). The860

“Mixed-20%" configuration (comprising 500 synthetic and 100861

real images) achieved a peak mean precision of 80.1% ± 1.4%862

for box detection and 79.2% ± 1.5% for mask segmenta-863

tion. The notably lower standard deviations for this configu-864

ration—compared to the Synthetic-only (±2.8%) and 10% Real865

(±2.3%) variants—confirm that the 20% real-data infusion sta-866

bilizes training convergence. This hybrid approach consistently867

outperformed the model trained exclusively on 142 real images868

across all five runs, suggesting that synthetic data acts as a pow-869

erful regulariser.870

Table 8: YOLOv8 Performance (mean ± std over 5 runs) across different train-
ing data compositions.

Training Dataset Precision (%)

Box Mask

Real Only 77.1 ± 2.1 75.3 ± 2.0
Synthetic Only 30.2 ± 2.8 29.1 ± 2.6
Synthetic + 10% Real 71.2 ± 2.3 69.4 ± 2.2
Synthetic + 20% Real 80.1 ± 1.4 79.2 ± 1.5

Table 9: Comprehensive comparison of performance (mean ± std over 5 runs)
and annotation effort across training strategies.

Training Strategy Precision (%) mAP50 (%) Effort

Synthetic Only 29.1 ± 2.8 22.3 ± 2.4 None
Synthetic + 10% Real 69.4 ± 2.3 61.2 ± 2.0 Low
Synthetic + 20% Real 79.1 ± 1.4 72.3 ± 1.4 Moderate
Synthetic + 50% Real 81.2 ± 1.3 74.1 ± 1.3 High
Real Only (100%) 75.2 ± 2.4 68.1 ± 2.1 Very High

Training convergence and threshold optimisation for the871

Mixed-20% model are visualised in Figures 6 and 7. The872

F1-confidence curve identifies an optimal threshold of 0.365,873

yielding a maximum F1 score of 0.67. The Mixed-20% model874

maintained a significantly higher mean mAP50 (79.2% ± 1.4%)875

compared to the Real Only model (75.4% ± 2.1%), with non-876

overlapping 95% confidence intervals ([76.5%, 81.9%] vs.877

[72.8%, 78.0%]), confirming the statistical significance of the878

improvement under five independent runs.879

A comprehensive granularity analysis (Table 9) highlights880

a critical “sweet spot" for engineering efficiency. The sta-881

tistical results confirm that increasing real-world data beyond882

20% yields only marginal mAP gains: the “Synthetic + 50%883

Real" strategy improves mean mAP50 by only ∼2 points over884

the “Synthetic + 20% Real" configuration (74.1% ± 1.3% vs.885

72.3% ± 1.4%), while requiring more than twice the annota-886

tion effort. Furthermore, the “Real Only (500 images)" model887

underperforms the “Synthetic + 20% Real" model (100 real im-888

ages + synthetic) both in terms of mean precision and mAP50,889

and exhibits greater run-to-run variability (±2.4% vs. ±1.4%),890

indicating that large-scale synthetic pre-training provides a891

more stable feature-extraction baseline that small real-world892

datasets cannot replicate independently. These results confirm893

that a 20% real-world data infusion is sufficient to bridge the894

sim-to-real gap for MEP components.895

To assess whether the model generalises beyond the train-896

ing sites, we evaluated it separately on the 70 images sourced897

exclusively from the two “unseen" construction projects (sites898

4 and 5), which share no BIM geometry with the MEP-SEG899

synthetic data. Across five independent runs, the Mixed-20%900

model achieved a mean mAP50 of 73.6% ± 2.3% on this held-901

out cross-site subset, compared to 79.2% ± 1.4% on the full902

test set. The wider confidence interval on the cross-site subset903

([69.1%, 78.1%] vs. [76.5%, 81.9%]) reflects the known do-904

main shift between construction sites (different pipe diameters,905
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Figure 6: Training/validation loss curves (Mixed-20% dataset).

Fan coil
Pipe
Air vent
Duct
Radiant panel
All classes 0.67 at 0.365

Figure 7: F1 score vs. confidence threshold.

duct brands, and installation styles), and the ∼6-point drop con-906

firms that while the framework generalises to unseen environ-907

ments, site-specific fine-tuning on a small number of images908

is advisable for deployment on projects with highly distinct909

MEP configurations. Expanding the dataset to cover a broader910

range of building types, climatic zones, and national construc-911

tion practices remains an important direction for future work to912

validate wider generalisation.913

4.3.3. Methodological Comparison and Benchmarking Chal-914

lenges915

A direct quantitative comparison with recent state-of-the-916

art (SOTA) methods for MEP detection, such as [25] or [44],917

presents significant challenges due to the lack of standardized918

benchmark datasets in the construction domain. Most existing919

studies utilize proprietary datasets with varying object classes;920

for instance, while Kufuor et al. focus on small-scale compo-921

nents like sockets and switches, our work targets large-scale922

infrastructure such as HVAC ducts and radiant panels. Fur-923

thermore, traditional geometric approaches [25] are specifically924

tuned for cylindrical primitives and are not directly applicable925

to the diverse, non-primitive geometries addressed in this study.926

Consequently, we provide a systematic methodological927

benchmark in Table 1 to highlight our framework’s original928

contributions, focusing on the quantified data efficiency and the929

public release of the MEP-SEG dataset to facilitate future com-930

parative research.931

4.3.4. Qualitative and Failure Mode Analysis932

Qualitative results (Figure 8) confirm the model’s ability to933

handle complex layouts, varying scales, and difficult lighting.934

However, while baseline performance is strong, a systematic935

analysis of 50 failure cases (where IoU < 0.3, with general ex-936

amples shown in Figure 9) was conducted to identify persistent937

challenges in real-world construction environments. Three pri-938

mary error modes were identified, as detailed below.939

Error Mode 1: Scene Clutter and High Instance Density (38%940

of failures). Root Cause: While synthetic training scenes in-941

clude clutter, the instance density on real active construction942

sites often exceeds that of the training distribution. When ob-943

jects are tightly packed, standard Non-Maximum Suppression944

(NMS) thresholds may erroneously suppress valid overlapping945

detections, or the mask head resolution (160×160) may be in-946

sufficient to delineate distinct boundaries for small, adjacent947

components. Proposed Mitigation: Implement a “Tiling Infer-948

ence" strategy, where high-resolution frames are split into over-949

lapping patches to preserve small-scale features. Additionally,950

adopting Soft-NMS would allow the model to retain overlap-951

ping detections by decaying their confidence scores rather than952

completely suppressing them, which is critical for the parallel-953

heavy geometry of MEP networks.954

Error Mode 2: Black Insulation in Low Light (28% of failures).955

Root Cause: The MEP-SEG synthetic pipeline was configured956

for 300–1000 lux. Real-world basements and utility corridors957
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a) Scene with a high ceiling c) Scene with a fan coil

d) Scene captured on a lower end camera e) Long range scene with high contrast f) Robustness to different background

b) Scene with pipes and ducts

Figure 8: Qualitative examples of successful instance segmentation results.

a) Undetected pipes c) Light fixture mistaken for air vent

d) Segmentation incomplete e) Black pipe insulation not detected f) Challenging lighting conditions

b) Cable routing frames are covering pipes

Figure 9: Qualitative examples of failure cases and limitations.
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Figure 10: Failure case: Overwhelming density of parallel pipes and conduits.
High overlap leads to instances being merged by NMS or parts of elements
being missed.

Figure 11: Failure case: Low lighting conditions (under 300 lux) and low con-
trast (σ = 15) prevents reliable edge detection.

often reach as low as 50 lux, where MEP elements lack suf-958

ficient contrast (σ) against dark concrete ceilings for standard959

RGB-based edge detection. Proposed Mitigation: Future work960

will extend Domain Randomization (DR) to a 50–2000 lux961

range using gamma-corrected rendering. Additionally, fusing962

RGB data with HoloLens 2 Time-of-Flight (ToF) depth data of-963

fers a robust alternative, as geometric cues and surface normals964

remain detectable independent of ambient lighting levels.965

Figure 12: Failure case: Rectangular light fixture misclassified as an air vent
due to similar geometry and color.

Error Mode 3: Semantic Confusion (34% of failures). Root966

Cause: The current MEP-SEG dataset lacks sufficient “nega-967

tive samples", non-MEP cylindrical or rectangular objects that968

appear in similar contexts.969

Proposed Mitigation: We intend to augment the synthetic970

dataset with “distractor" objects (e.g., light fixtures, sprinklers,971

security cameras) labeled as background classes. This forces972

the model to learn specific MEP textures (galvanized steel pat-973

terns, insulation seams) rather than relying solely on global ge-974

ometric primitives.975

Based on these findings, we estimate that implementing the976

proposed mitigations will yield a significant quantitative im-977

pact. Temporal filtering addresses 38% of failures with a 60%978

projected recovery rate, yielding a 22.8% reduction. Extended979

HDR lighting targets another 28% of failures, and with a 50%980

projected recovery, it contributes a further 14% reduction. Ad-981

ditionally, negative sample augmentation is expected to address982

the remaining 34% of failures with a 40% recovery rate, re-983

sulting in a 13.6% reduction. Combined, these strategies offer984

a total projected improvement of a 50.4% reduction in over-985

all failures, which could potentially increase the mAP50 from986

79.1% to approximately 84%.987

4.4. Augmented Reality Implementation Results988

4.4.1. Mask Alignment Analysis989

We compared centroid-based and affine transformation align-990

ment methods on the Avignon Archive Centre dataset (133 im-991

age pairs, 829 object occurrences).992

Table 10: Average results of mask comparison using centroid-based and affine
transformation alignment.

Metric Centroid Affine
Distance Centroids (px) 1 24
IoU 0.40 0.64
Dice Coefficient 0.54 0.76
Time (ms) 30 2110

Centroid-based alignment, which is very fast (30 ms on av-993

erage), offers limited alignment accuracy, with an IoU of 0.40994

and a Dice coefficient of 0.54. While efficient for detecting po-995

sitional offsets (translation), this method is inherently limited as996

it cannot detect rotational deviations.997

On the other hand, affine alignment significantly improves998

the alignment quality, with an IoU of 0.64 and a Dice coeffi-999

cient of 0.76. This method theoretically enables the detection1000

of rotational deviations in addition to translation and scaling.1001

However, this precision improvement comes at the cost of a1002

significantly higher computation time (2.1 seconds on average),1003

approximately 70 times slower than centroid-based alignment.1004

Furthermore, our experiments indicated that the precision of the1005

segmentation masks (often lacking sharp edges) makes the ro-1006

tation estimate sensitive to noise, requiring further investigation1007

into depth-enhanced segmentation for precise angular deviation1008

measurement.1009
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4.4.2. System Performance and Computational Load1010

Deploying DL models on wearable hardware requires care-1011

ful resource management. The HoloLens 2 runs on a Qual-1012

comm Snapdragon 850 Compute Platform (ARM64 architec-1013

ture), which presents significant constraints compared to desk-1014

top GPUs. To characterize the on-site performance, we mea-1015

sured the end-to-end latency of the system. Centroid alignment1016

is the default method used for the real-time on-device pipeline,1017

while Affine was evaluated for offline/high-precision analysis.1018

To characterize the on-site performance, we measured the end-1019

to-end latency of the system. The total latency of approximately1020

500ms per inspection cycle is distributed across three primary1021

stages:1022

• Preprocessing (12%, ∼60ms): Includes RGB image cap-1023

ture from the HoloLens 2 sensor, resizing to 640×640, and1024

normalization.1025

• DL Inference (76%, ∼380ms): Execution of the1026

YOLOv8m-seg ONNX model on the Qualcomm Snap-1027

dragon 850 DSP/GPU.1028

• Post-processing (12%, ∼60ms): Comprises Non-1029

Maximum Suppression (NMS), binary mask generation,1030

and centroid-based alignment for discrepancy visualiza-1031

tion.1032

Although a total latency of 500ms results in an operational1033

frame rate of approximately 2 FPS, it is important to consider1034

the nature of the target application. Construction progress mon-1035

itoring, particularly for MEP installations, involves the assess-1036

ment of static, cumulative assemblies rather than the tracking of1037

high-speed dynamic objects. Therefore, a 2 FPS rate does not1038

lead to “missed detections" of progress, as the physical state of1039

the site remains constant during the inspection interval. Fur-1040

thermore, to prevent visual desynchronization and user discom-1041

fort (cybersickness), the predicted instance masks are not an-1042

chored to the screen. Instead, they are locked to the spatial1043

environment using World Anchors immediately after inference.1044

This decoupling ensures that even while the inference loop runs1045

at 2 FPS, the rendering loop maintains a steady 60 FPS, pre-1046

serving holographic stability as the user moves their head. The1047

system is designed for a “point-and-check" workflow where the1048

inspector stabilizes their gaze on a specific area to verify instal-1049

lation status, rather than a continuous high-speed surveillance1050

mode. For highly dynamic scenes (e.g., monitoring moving1051

machinery), this latency would indeed be a bottleneck; how-1052

ever, for the verified engineering use case of as-built progress1053

monitoring, it provides a sufficient balance between accuracy1054

and on-device computational feasibility.1055

Future optimizations for deployment on resource-1056

constrained devices could include:1057

• Model pruning: Reducing the depth of the YOLO back-1058

bone to create a specific “Nano" version tailored for MEP.1059

• Cloud offloading: Streaming video frames to an edge1060

server for processing, although this introduces dependency1061

on site connectivity.1062

• Asynchronous rendering: Decoupling the AR rendering1063

loop (60 FPS) from the inference loop (2 FPS) to maintain1064

hologram stability despite low inference frequency.1065

4.5. User study and Acceptability Assessment1066

To comprehensively evaluate the practical usability, user ac-1067

ceptance, and perceived value of the AR-integrated ICPM sys-1068

tem, a user study was conducted with a panel of 21 construction1069

professionals. This section summarizes the key findings from1070

this study, providing insights into the user experience, perceived1071

benefits, and potential challenges associated with adopting the1072

proposed technology in real-world construction settings.1073

4.5.1. Methodology1074

The user study employed a mixed-methods approach, com-1075

bining quantitative and qualitative data collection techniques1076

to provide a holistic understanding of user perspectives. The1077

methodology comprised three main components:1078

• Online questionnaire: A quantitative questionnaire was1079

administered to a panel of 21 construction professionals,1080

all of whom had prior experience using the NEXT-BIM1081

solution and the HoloLens 2 headset. The questionnaire1082

utilized Likert scale questions (1-strongly disagree to 5-1083

strongly agree) to assess usability, acceptability, comfort,1084

and perceived effectiveness, complemented by open-ended1085

questions for gathering qualitative feedback and sugges-1086

tions.1087

• Semi-structured interviews: In-depth, semi-structured in-1088

terviews were conducted with a subset of 10 questionnaire1089

participants, selected to represent diverse roles and experi-1090

ences within the construction industry. These interviews1091

explored the user experience in more detail, looking at1092

perceived advantages and disadvantages, integration chal-1093

lenges and recommendations for improvement.1094

• On-site observations: Throughout the research project and1095

during on-site testing of the AR-integrated ICPM system,1096

the researchers collected observational data, acting as both1097

users and observers. These observations provided contex-1098

tual insights into real-world usage scenarios, user interac-1099

tions with the system, and the challenges and opportunities1100

encountered in practical implementation.1101

This mixed-methods approach allowed for triangulation of1102

data, enhancing the validity and reliability of the user study1103

findings. The questionnaire provided quantitative measures of1104

user perceptions, while the interviews and observations offered1105

rich qualitative insights into the nuances of user experience and1106

the practical implications of adopting the AR-integrated ICPM1107

system.1108

4.5.2. Participant Demographics and NEXT-BIM Usage1109

Table 11 summarizes the demographics and NEXT-BIM us-1110

age patterns of the study participants. The majority of partici-1111

pants (47.6%) had used NEXT-BIM for over a year, indicating1112

17

                  



substantial experience with the platform. A further 28.6% had1113

used it for between 6 months and a year. In terms of usage fre-1114

quency (N=19), the most common response was “about once1115

a month" (42.1%), followed by “about once a week" (36.8%).1116

Participants represented a variety of roles, with BIM engineers1117

(38.1%) being the largest group, followed by site managers1118

(23.8%). This diverse range of roles and experience levels pro-1119

vides a representative sample of potential users.1120

Table 11: User study demographics and NEXT-BIM usage (N=21, except
where noted)

Characteristic Percentage
NEXT-BIM Usage Duration

Less than 3 months 9.5%
Between 3 and 6 months 14.3%
Between 6 months and 1 year 28.6%
More than 1 year 47.6%

NEXT-BIM Usage Frequency (N=19)
Daily 15.8%
About once a week 36.8%
About once a month 42.1%
Less than once a month 5.3%

Primary Role on Construction Sites
Site Manager 23.8%
Works Supervisor 9.5%
Quality Inspector 9.5%
BIM Engineer 38.1%
Design Office Manager 14.3%
Study Technician 0%
Quality Control Manager 4.8%

4.5.3. Quantitative Results1121

Analysis of the Likert scale responses, presented in Table 12,1122

reveals a generally high level of user acceptance and perceived1123

usefulness of the AR-integrated ICPM system. Regarding work1124

efficiency (Question 4), a substantial majority of participants1125

agreed (38.1%) or strongly agreed (52.4%) that the system en-1126

hanced their productivity. However, responses to the ease of1127

integration into existing workflows (Question 1) were more di-1128

vided. While 38.1% agreed and 4.8% strongly agreed with easy1129

integration, a considerable 42.9% remained neutral, and 14.3%1130

disagreed. This suggests that while the system is perceived as1131

effective, further refinement may be necessary to optimize its1132

integration with established construction processes.1133

Concerning usability, the system received overwhelmingly1134

positive feedback. A significant portion of participants agreed1135

(61.9%) or strongly agreed (28.6%) that the user interface was1136

intuitive and easy to comprehend (Question 5). Similarly, a1137

high proportion agreed (57.1%) or strongly agreed (33.3%) that1138

the application was easy to utilize daily (Question 7). The ini-1139

tial training provided (Question 8) was deemed sufficient by1140

a majority, with 57.1% agreeing and 23.8% strongly agree-1141

ing. The augmented reality visualization (Question 3) was also1142

highly regarded, with 66.7% agreeing and 9.5% strongly agree-1143

ing on its clarity and ease of interpretation. This confirms the1144

effectiveness of the AR component in presenting BIM models1145

and instance segmentation results in a readily understandable1146

manner. Concerning the application’s functionalities (Question1147

6), 47.6% of participants agreed and 33.3% strongly agreed1148

on their relevancy. While a longitudinal field time-trial was1149

not conducted, 90.5% of the 21 professionals surveyed agreed1150

or strongly agreed that the system would significantly reduce1151

inspection time. Specifically, qualitative interviews with site1152

managers suggested that the “point-and-check" workflow could1153

potentially replace the manual process of cross-referencing 2D1154

paper drawings, which they estimated currently occupies up to1155

30% of their daily site walkthroughs. Furthermore, the system’s1156

ability to automate the detection of small-diameter pipes sug-1157

gests a theoretical reduction in the defect miss rate, particularly1158

in high-density MEP zones.1159

Conversely, the HoloLens 2 headset’s comfort during ex-1160

tended use (Question 2) received a more mixed assessment.1161

Only 23.8% agreed and 19% strongly agreed regarding com-1162

fort, while 38.1% remained neutral, and a combined 19% dis-1163

agreed. This indicates a potential area for improvement or con-1164

sideration regarding prolonged use in field settings.1165

4.5.4. Qualitative Insights1166

A prominent theme was the substantial time savings afforded1167

by the system. Participants reported a significant reduction in1168

inspection times compared to manual methods; for instance,1169

one construction manager estimated a decrease from half a day1170

to approximately one hour.1171

Beyond speed, the AR visualization functioned as a shared,1172

contextualized platform that improved communication and co-1173

ordination. By allowing teams to visually compare “as-built"1174

reality with the BIM model in real-time, the system facilitated1175

clearer exchange of information regarding discrepancies and1176

quality control than traditional 2D reporting methods.1177

Despite the positive reception, physical discomfort remains1178

a significant barrier. Only 42.8% of users reported satisfactory1179

comfort levels with the HoloLens 2, a finding that is consistent1180

with the broader industry feedback on HMDs. Furthermore, op-1181

erational longevity is currently limited by thermal management1182

and battery constraints, restricting continuous use to approxi-1183

mately 90–120 minutes.1184

To address the identified ergonomic concerns, the proposed1185

framework utilizes an ONNX-based model architecture, which1186

is inherently device-agnostic. This flexibility allows the sys-1187

tem to be ported from the HoloLens 2 to more lightweight AR1188

glasses (e.g., Xreal) or high-performance handheld tablets like1189

the iPad Pro with LiDAR, depending on user preference or en-1190

vironmental constraints.1191

To extend operational duration for full-day monitoring, fu-1192

ture iterations will explore asynchronous processing or cloud-1193

offloading to reduce the on-device thermal load. Overall, the1194

high levels of agreement on usability and efficiency demon-1195

strate the system’s potential for industry adoption, provided1196

that hardware-specific limitations are addressed through these1197

multi-platform and offloading strategies.1198
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Table 12: User study results: Questionnaire responses (N=21)

Question Disagree (1-2) Neutral (3) Agree (4) Strongly Agree (5) Median IQR

1. Easy integration into workflow 3 (14.3%) 9 (42.9%) 8 (38.1%) 1 (4.8%) 3.0 1.0
2. HoloLens 2 comfort (long periods) 4 (19.0%) 8 (38.1%) 5 (23.8%) 4 (19.0%) 3.0 1.0
3. Clear & easy AR visualization 0 (0%) 5 (23.8%) 14 (66.7%) 2 (9.5%) 4.0 0.0
4. Increased work efficiency 0 (0%) 2 (9.5%) 8 (38.1%) 11 (52.4%) 4.0 1.0
5. Intuitive & easy user interface 0 (0%) 2 (9.5%) 13 (61.9%) 6 (28.6%) 4.0 0.0
6. Relevant app functionalities 0 (0%) 4 (19.0%) 10 (47.6%) 7 (33.3%) 4.0 1.0
7. Easy to use daily 2 (9.6%) 1 (4.8%) 11 (52.3%) 7 (33.3%) 4.0 1.0
8. Sufficient initial training 0 (0%) 4 (19.0%) 12 (57.1%) 5 (23.8%) 4.0 0.0

5. Discussion1199

5.1. Summary of Findings1200

The experimental evaluations and user study conducted in1201

this research provide evidence for the effectiveness and prac-1202

tical potential of the proposed AR-integrated ICPM methodol-1203

ogy. The key findings demonstrate the successful integration1204

of multiple technologies to address the challenges of traditional1205

progress monitoring.1206

The MEP-SEG synthetic dataset proved to be a valuable1207

resource for training high-performing DL models. YOLOv81208

models trained on this synthetic data, especially when fine-1209

tuned with a small amount of real-world data, achieved com-1210

parable or superior performance to models trained solely on1211

limited real-world datasets. This highlights the potential of syn-1212

thetic data to overcome the critical data scarcity bottleneck in1213

construction applications.1214

Furthermore, the integration of the trained YOLOv8 model1215

into the NEXT-BIM AR application on the HoloLens 2 suc-1216

cessfully enabled real-time, on-site progress monitoring. The1217

AR system provided users with an intuitive and immersive in-1218

terface for comparing planned and built conditions, facilitating1219

efficient and accurate progress assessment through the direct vi-1220

sualization of BIM models and instance segmentation results.1221

The implementation and evaluation of mask alignment meth-1222

ods (centroid-based and affine transformation) provided valu-1223

able tools for quantifying and visualizing discrepancies. Affine1224

transformation alignment, while computationally more de-1225

manding, offered superior accuracy, enabling a more refined1226

analysis of deviations from the BIM model. This highlights the1227

importance of choosing appropriate alignment strategies based1228

on the specific application requirements.1229

Finally, the user study confirmed a generally positive per-1230

ception of the AR-integrated system among construction pro-1231

fessionals. Participants emphasized the system’s usability,1232

perceived usefulness, and its potential to improve efficiency,1233

accuracy, and communication in progress monitoring. The1234

AR visualization and real-time feedback were particularly1235

well-received, demonstrating the practical value and user-1236

friendliness of the proposed solution.1237

These findings collectively demonstrate the successful devel-1238

opment and validation of an innovative AR-integrated ICPM1239

methodology, effectively leveraging BIM, synthetic data, and1240

DL to address key challenges in construction progress monitor-1241

ing.1242

5.2. Limitations1243

While the proposed AR-integrated ICPM methodology1244

demonstrates promising results, several limitations must be ad-1245

dressed to transition from a prototype to an industrial standard.1246

Generalization to diverse BIM models and construction envi-1247

ronments. The current framework was validated on BIM mod-1248

els originating from three building types (office tower, labora-1249

tory, campus) in a single geographic and regulatory context.1250

The MEP-REAL dataset spans five sites, including two projects1251

unseen during synthetic data generation, and cross-site evalua-1252

tion yielded a mAP50 of 73.6% ± 2.3%—a ∼6-point gap com-1253

pared to the full test set. This gap underscores that the model’s1254

performance is sensitive to variations in MEP product families1255

(e.g., pipe diameters, duct manufacturers), installation conven-1256

tions, and ambient conditions across regions and project types.1257

Adaptation to a new BIM standard (e.g., US vs. French IFC1258

conventions) or a new MEP component family currently re-1259

quires re-running the synthetic data generation pipeline and col-1260

lecting a small real-world fine-tuning set. While this process1261

is automated and lightweight (as few as 100 labeled real im-1262

ages suffice), the effort is non-trivial for large-scale industrial1263

deployment. Future work should expand the MEP-SEG dataset1264

to cover a wider range of international BIM libraries and con-1265

struction environments to quantify and reduce this generaliza-1266

tion gap systematically.1267

User study constraints: The user study involved 21 partic-1268

ipants, which provides preliminary validation but lacks statis-1269

tical power for broad generalization. Furthermore, a signifi-1270

cant selection bias must be acknowledged: all 21 profession-1271

als had prior experience with the NEXT-BIM application and1272

the HoloLens 2 headset. While this ensured they could focus1273

on evaluating the new AI-driven features rather than struggling1274

with basic AR navigation, it inherently biases the acceptabil-1275

ity and usability scores upwards. Future studies should include1276

novices to evaluate the true learning curve of the system. Addi-1277

tionally, the inclusion of a standardized psychometric tool such1278

as the System Usability Scale (SUS)...1279

Definition of deviation tolerances: A critical engineering1280

limitation is the definition of “deviation". Currently, the sys-1281

tem uses visual mask overlap (IoU) as a proxy for installation1282
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correctness. However, construction standards often dictate mil-1283

limetric tolerances (e.g., ±10mm for pipe positioning). The cur-1284

rent resolution of the HoloLens cameras and the drift inherent1285

in SLAM tracking (typically 2-3cm error in large open spaces)1286

prevent millimetric verification. Consequently, the current sys-1287

tem is best suited for macro-level inspection (presence/absence1288

and gross positioning) rather than precision tolerance verifica-1289

tion. Future work utilizing high-precision external trackers or1290

LiDAR integration is necessary to achieve standard engineering1291

tolerances.1292

Synthetic reality gap: While domain adaptation has narrowed1293

the gap between synthetic and real-world performance, a per-1294

sistent gap remains regarding extreme site conditions, such as1295

atmospheric dust and High-Dynamic-Range (HDR) lighting.1296

The current study used an illuminance range of 300 to 10001297

lux, reflecting standard indoor BIM rendering practices. How-1298

ever, this range does not account for the extreme variability1299

of unlit subterranean levels or the intense direct sunlight that1300

is common near large glass façades [58]. These environmen-1301

tal omissions explain the observed performance degradation in1302

low-contrast scenarios, particularly where black insulation ma-1303

terial blends with dark ceilings. To bridge this gap, the synthetic1304

data generation pipeline must evolve to include Physics-Based1305

Rendering (PBR) of atmospheric effects and more aggressive1306

Domain Randomization (DR) [62]. By extending the simulated1307

illuminance spectrum from 50 to 5000 lux and incorporating1308

ray-traced specular reflections to better represent metallic MEP1309

components under harsh lighting, the model’s robustness can1310

be significantly enhanced. Furthermore, the integration of Ac-1311

tive Infrared (AIR) or LiDAR-based depth sensors on the AR1312

device could mitigate these purely visual limitations by pro-1313

viding ambient-light-independent geometric features to supple-1314

ment RGB data [86].1315

5.3. Broader Engineering Applications and Cross-Domain1316

Adaptation1317

While this framework was validated for indoor MEP instal-1318

lation monitoring, the underlying architecture holds significant1319

potential for adaptation across other data-scarce engineering1320

domains.1321

5.3.1. Digital Twins for Industrial Facility Management1322

The transition from construction to Operation and Mainte-1323

nance (O&M) represents a critical lifecycle shift. As noted by1324

Yildiz et al. [87], the integration of AR with Digital Twins (DT)1325

is becoming essential for smart maintenance, yet it often suf-1326

fers from data fragmentation. Our proposed pipeline can be ex-1327

tended to the O&M phase by replacing the “as-planned" BIM1328

with a live Digital Twin. In this context, the system could be re-1329

trained on synthetic datasets of specific industrial components1330

(pressure valves or HVAC actuators) to perform real-time pre-1331

dictive maintenance audits. By overlaying IoT sensor data onto1332

the physical asset via the AR interface, as explored by Ghansah1333

et al. [88], the system effectively bridges the gap between digital1334

asset management and physical reality, reducing the cognitive1335

load on maintenance technicians.1336

5.3.2. Aerospace Assembly and Surface Inspection1337

The aerospace industry shares distinctive challenges with1338

MEP construction, specifically regarding the inspection of com-1339

plex assemblies where real-world defect data is exceptionally1340

rare. Recent work by Schmedemann et al. [89] on industrial1341

surface inspection highlights that training data for specific de-1342

fects (e.g., micro-fractures or coating anomalies) is often un-1343

available. Our “Sim-to-Real" methodology parallels their find-1344

ings, demonstrating that synthetic data generation is a viable1345

pathway for training robust detection models for such restricted1346

environments. By adapting our pipeline to ingest aerospace1347

CAD models, the system could provide real-time AR feedback1348

to technicians, flagging deviations in cable routing or surface1349

integrity before the airframe is sealed, thereby mitigating costly1350

rework.1351

5.3.3. Safety Engineering and Hazardous Scenario Simulation1352

Finally, the domain adaptation strategy employed in this1353

study is particularly relevant to safety engineering, where col-1354

lecting real-world data on accidents is ethically impossible.1355

Yildiz [87] emphasize that AR-enhanced Digital Twins are crit-1356

ical for simulating hazardous scenarios without putting person-1357

nel at risk. Our synthetic data generation approach enables the1358

simulation of rare and hazardous events, such as structural fail-1359

ures and high-voltage arc flashes, within a physics-enabled vir-1360

tual environment. Training computer vision models on these1361

synthetic “black swan" events would enable the deployment of1362

AR systems capable of preemptively recognizing safety precur-1363

sors in the field, moving the industry from reactive reporting to1364

proactive hazard prevention.1365

6. Conclusion1366

This research presented an end-to-end framework for au-1367

tomating Indoor Construction Progress Monitoring (ICPM)1368

by bridging Building Information Modeling (BIM) with Aug-1369

mented Reality (AR) via synthetic data training. By address-1370

ing the critical bottleneck of data scarcity, we demonstrated1371

that photorealistic simulation is a viable pathway for deploying1372

Deep Learning (DL) in the built environment. The key findings1373

of this study are summarized as follows:1374

• Synthetic data efficiency: A streamlined pipeline using1375

NVIDIA Isaac Sim generated 8,751 labeled images in un-1376

der 9 hours. We proved that pre-training on this data al-1377

lows a model to achieve high performance (79% mAP50)1378

using only 20% of the typically required real-world data,1379

significantly reducing deployment costs.1380

• Real-Time on-site inference: The YOLOv8 model was1381

successfully optimized (ONNX/FP16) and deployed on1382

HoloLens 2, achieving an operational latency of 500ms.1383

This confirms the feasibility of edge-computing for imme-1384

diate progress verification without reliance on cloud con-1385

nectivity.1386
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• Alignment and deviation: While centroid-based alignment1387

proved fast (30ms) but limited, affine transformation pro-1388

vided higher accuracy for mask overlay. However, current1389

hardware limitations restrict the system to detecting gross1390

deviations (presence/absence) rather than millimetric en-1391

gineering tolerances.1392

• User acceptance: A study with 21 construction profes-1393

sionals revealed strong acceptance of the AR visualization1394

for communication and error reduction, though ergonomic1395

concerns regarding the headset remains a barrier to contin-1396

uous daily use.1397

Future work will focus on integrating depth sensor data to1398

resolve lighting failures, implementing standardized usability1399

metrics (SUS), and refining the geometric precision to meet1400

strict construction tolerance standards.1401
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