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Project Description:
1. Research Plan - Statement of Problem
Precast mechanically stabilized earth (MSE) wall systems are widely used in transportation infrastructure across the United States due to their advantages in quality, durability, and construction efficiency. Despite being manufactured in controlled environments, these systems remain highly vulnerable to quality deficiencies throughout their lifecycle stages, including manufacturing, transportation, installation, and operation. Deficiencies at any stage can compromise structural performance, lead to premature failures, and result in significant repair costs. Given the large-scale deployment of MSE wall systems, ensuring consistent and reliable quality control (QC) across their lifecycle is a critical yet unresolved challenge.
The current QC practice for precast MSE wall systems relies heavily on manual inspections that are labor-intensive, time-consuming, and prone to human error. Techniques such as tape measurements and visual inspections are commonly used in precast construction, but they are often incompetent to detect critical issues such as dimensional deviations from the design, reinforcement defects, and transportation-induced damages [1]. Moreover, these practices are dispersed across lifecycle stages, with each stage operating in isolation. As a result, quality issues are often detected late, data are poorly shared, and root causes are difficult to trace. The reliance on static, checklist-based documentation further limits the ability to achieve proactive and integrated quality management.
Although emerging technologies such as building information modeling (BIM), digital twins, low-cost sensing tools (e.g., pocket LiDAR and smartphone cameras), and AI offer promising opportunities, they have not been effectively integrated into the current QC workflows. There remains a significant gap in developing a unified, automated, and lifecycle-oriented QC framework that leverages these technologies. Without such integration, the construction industry continues to face inefficiencies, inconsistent quality assurance, and limited data-driven decision-making. Therefore, there is a pressing need and opportunity for a scalable, cost-effective solution that enables automated inspection, continuous data integration, and holistic quality management of precast concrete systems across all lifecycle stages.
2. Research Plan - Summary of Project Activities (Tasks)
Task 1: Assess the low-cost pocket LiDAR and develop AI algorithms for near real-time dimensional measures during manufacturing and construction stages. This task is decomposed into Subtask a) assessing the feasibility of pocket LiDAR in capturing dimensional features of PC MSE walls, and Subtask b) developing near real-time AI algorithms that can process the LiDAR scan data to derive the dimensional measures.
Task 2: Develop an AI algorithm to determine damage that occurs during transportation based on before- and after- images captured by smartphones. This task focuses on two subtasks: (a) assessing state-of-the-art image-based AI algorithms in monitoring precast damage, and (b) developing a VLM (Visual-Language Model)-based algorithm for classifying precast damage during transportation and exploring damage quantification. 
Task 3: Integrate BIM with sensing technologies for generating accurate 3D as-builts and automating QC throughout PCS lifecycle stages. This task designs (1) a data-fusion approach for generating accurate 3D as-builts and (2) a digital twin-based method to automate compliance checking and documentation, covering production, transportation, lifting, and field installation.
Task 4: Validation and case studies. This task aims to verify and validate the methods, algorithms, and tools developed in Tasks 1, 2, and 3 in small-scale testbeds in the laboratory. 
Task 5: Presentation/panel discussions at 2027 Purdue Road School and the Precast Show. Project design and findings will be shared through presentation/panel discussions at 2027 Purdue Road School and workshops at 2027 Precast Show to solicit inputs from experienced researchers and practitioners in the field of precast concrete in transportation projects. 
Project Progress (Expenditures as of 09/30/2026: $53,780 from the sponsor; $9,508 from the cost share)
3. Progress for each research task
Task 1: Assessment of Low-Cost Pocket LiDAR and AI Algorithm Development [90% completed] The 90% completion was explained in the 1st and 2nd quarterly progress reports. 
Task 2: Development of an AI Algorithm to Determine Damage [90% completed]
Task 2a (State-of-the-art Assessment): High performance convolutional neural network (CNN)-based segmentation models, i.e., DeepLabV3+ and OCRNet were fine-tuned and evaluated for spall and crack segmentation [2], [3], [4]. Table 1 illustrates the models and their associated components and performance under varying configurations. Three different sets of augmentation were applied using the AlbumentationsX library [5]: Set 1 included random scaling, random cropping, and random horizontal flipping; Set 2 added affine transformations to Set 1; and Set 3 added color jitter, noise, and blur to Set 2. The implementation of DeepLabV3+ and OCRNet were obtained from [6] and [7], respectively. All models were first fine-tuned on the training set of MDMCS, a public benchmark dataset for multi-damage monitoring of concrete structures [8], and evaluated on its test set. For each metric, the highest value is shown in bold and the second-highest value is underlined. Spall segmentation achieved a class IoU of 0.903, but the highest crack segmentation performance was only 0.813.
Table 1. Segmentation performance of models using the MDMCS data set.  
	No.
	Model
	Backbone
	Dataset Used for Pretraining
	Augmentation set
	mIoU
(No BG)
	Class IoU

	
	
	
	
	
	
	Crack
	Spall
	Corrosion
	Exposed rebar

	1
	DeepLabV3+ [9]
	MobileNet [10]
	Pascal VOC [11]
	Aug. Set 1
	0.788
	0.813
	0.902
	0.767
	0.668

	2
	
	
	
	Aug. Set 2
	0.572
	0.679
	0.779
	0.480
	0.350

	3
	
	
	
	Aug. Set 3
	0.578
	0.683
	0.694
	0.517
	0.419

	4
	
	ResNet-101 [12]
	
	Aug. Set 1
	0.777
	0.731
	0.882
	0.782
	0.712

	5
	
	
	
	Aug. Set 2
	0.791
	0.729
	0.900
	0.821
	0.714

	6
	
	
	
	Aug. Set 3
	0.770
	0.722
	0.903
	0.761
	0.695

	7
	
	Xception [13]
	
	Aug. Set 1
	0.690
	0.687
	0.867
	0.781
	0.467

	8
	
	
	
	Aug. Set 2
	0.599
	0.741
	0.798
	0.476
	0.379

	9
	
	
	
	Aug. Set 3
	0.622
	0.711
	0.816
	0.541
	0.418

	10
	OCRNet [14]
	HRNet-W48 [15]
	ImageNet [16]
	Aug. Set 1
	0.745
	0.653
	0.867
	0.777
	0.684

	11
	
	
	
	Aug. Set 2
	0.760
	0.689
	0.884
	0.782
	0.686

	12
	
	
	
	Aug. Set 3
	0.758
	0.612
	0.887
	0.816
	0.719



To expose the models to a wider range of crack features, the better-performing DeepLabV3+ configurations highlighted in grey in Table 1 were evaluated using both MDMCS and Concrete3k [17], [18] for training and MDMCS for testing. The effect of weights pretrained on ImageNet and PASCAL VOC 2012 was also assessed. Table 2 illustrates the configurations and performance. Configuration 19 achieved the highest spall IoU of 0.905 among all configurations in Tables 1 and 2. None of the eight new configurations in Table 2 outperform the twelve configurations in Table 1 in crack, corrosion, and exposed rebar segmentation.
[bookmark: _Ref241663457]Table 2. Segmentation performance of models fine-tuned on the combination of MDMCS and Concrete3k data sets. 
	No.
	Model
	Backbone
	Dataset Used for Pretraining
	Augmentation
	mIoU
(excluding background)
	Class IoU

	
	
	
	
	
	
	Crack
	Spall
	Corrosion
	Exposed rebar

	13
	DeepLabV3+
	MobileNet
	ImageNet
	Aug. Set 1
	0.450
	0.570
	0.639
	0.420
	0.172

	14
	
	ResNet-101
	
	Aug. Set 1
	0.548
	0.652
	0.675
	0.535
	0.331

	15
	
	
	
	Aug. Set 2
	0.606
	0.616
	0.658
	0.659
	0.489

	16
	
	
	
	Aug. Set 3
	0.618
	0.583
	0.725
	0.692
	0.470

	17
	
	MobileNet
	Pascal VOC
	Aug. Set 1
	0.471
	0.468
	0.706
	0.572
	0.139

	18
	
	ResNet-101
	
	Aug. Set 1
	0.728
	0.710
	0.898
	0.658
	0.645

	19
	
	
	
	Aug. Set 2
	0.748
	0.730
	0.905
	0.684
	0.675

	20
	
	
	
	Aug. Set 3
	0.727
	0.731
	0.884
	0.701
	0.594


Note: Model and backbone references are given in Table 1. 
Task 2b (Damage Quantification Algorithm Development): 
Spall Quantification: Spalls are classified into three categories based on the criteria of the Wisconsin Department of Transportation [19]: Good condition – no spalls; Fair condition – up to six inches (15.24 cm) in diameter and up to one inch (2.54 cm) in depth; Poor condition - exceeding either threshold. Classification therefore requires two physical quantities: maximum diameter and maximum depth.
Using Configuration 19 in Table 2, the procedure illustrated in Figure 1 derives both quantities from a single RGB-depth image pair. The input is an RGB-depth image pair acquired with an iPhone 16 Pro. The RGB image is first segmented to delineate spalls and rectified to a bird’s-eye view of the plane containing them. The spall area is then identified, and any instances located within the spall region are merged.
Maximum depth is estimated by fitting a plane to the surrounding intact surface and computing the distance from that plane to the deepest point of the spall using the depth image and the camera intrinsic parameters. Maximum diameter is obtained by identifying the two furthest-separated points on the convex hull of the segmented region, locating their correspondences in the original image, recovering their 3D world coordinates from the depth image and the intrinsic parameters, and computing the separation between them. 
[image: ]
[bookmark: _Ref241664235]Figure 1. Procedure for deriving maximum diameter and maximum depth of a spall from an RGB-depth image pair.
Table 3 compares the estimated maximum diameter and depth with reference measurements obtained using a tape measure. The reported relative errors ranged from 0.2% to 2.6% for maximum diameter and from 6.4% to 12.2% for maximum depth. The standard deviations of the estimates were below 10% of the diameter classification threshold and 15% of the depth classification threshold. 
[bookmark: _Ref241665551]Table 3. Estimated maximum diameter and maximum depth of two spall specimens compared with tape-measured values. 
	
	Spall 1
	Spall 2

	Number of images used
	232
	188

	Measured maximum diameter
	42.5 cm
	44.5 cm

	Estimated maximum diameter (mean/standard deviation)
	42.40 cm / 0.46 cm
	43.34 cm / 1.49 cm

	Relative error in maximum diameter
	0.2 %
	2.6 %

	Measured maximum depth
	5 cm
	5.5 cm

	Estimated maximum depth (mean/standard deviation)
	4.39 cm / 0.32 cm
	5.82 cm / 0.38 cm

	Relative error in maximum depth
	12.2 %
	6.4 %


Crack Segmentation: New York State DOT [20] and Wisconsin DOT [19] set the boundary between insignificant (good condition) and moderate (fair condition) cracks at a width of 0.012 in. (0.30 mm), and the boundary between moderate and wide (poor condition) cracks at 0.05 in. (1.27 mm). Recent studies on crack width quantification evaluated their methods almost exclusively on cracks wider than the insignificant-moderate boundary: Huang et al. [21] included none, and Deng et al. [22] included only two of 15. Moreover, the relative error on those narrow cracks reached 34%, compared with a mean of 14% across all widths. There is a need for both developing crack width quantification methods and identifying the image capturing condition (distance/resolution) criteria to secure the crack width accuracy. 
Crack segmentation performance was first evaluated using six overview images and 16 close-up images of a concrete beam (Figure 2). The target crack widths were measured using a crack gauge, as shown in Figure 2(b). The crack widths were weighted toward the fine end—two cracks at 0.10 mm, six at 0.25, three at 0.50, two each at 1.00 and 1.50, and one at 2.00. Eight of the 16 cracks therefore lie at or below 0.25 mm, just under the 0.30 mm boundary separating insignificant from moderate cracks. This is where segmentation is most difficult and where a small error changes the classification. 
[image: ]
[bookmark: _Ref241696746]Figure 2. Cracks on a concrete beam: (a) six full-shot images; (b) 16 close-up images
[image: ]Three approaches were evaluated using these images: DeepLabV3+ (Configuration 1 in Table 1), YOLO26n [23], and GPT-6 Astra [24]. Example images and segmentation results are shown in Figure 3. For the close-up images, GPT-6 Astra identified all 16 cracks, including both at 0.10 mm and all six at 0.25 mm. DeepLabV3+ identified 13 of 16, missing both of the 0.10 mm cracks and one at 0.25 mm. YOLO26n identified seven of 16. These results suggest that vision-language models (VLMs) may be useful for identifying fine cracks in close-up images. 
We next investigated the adaptation of a pretrained vision-language model for crack segmentation. Florence-2-base [25], which has 0.23 billion parameters, was fine-tuned on the Concrete3k training set and evaluated on its test set. DeepLabV3+ with the Configuration 1 architecture was fine-tuned and evaluated on the same dataset partitions for comparison. The crack segmentation results are shown in Table 4.Figure 3. Crack segmentation examples and results: (a) DeepLabV3+ (trained on MDMCS); (b) YOLO26n; (c) GPT-6 Astra; (d) DeepLabV3+ (fine-tuned on Concrete3k); and (e) Florence-2-base (fine-tuned on Concrete3k).

Florence-2-base and DeepLabV3+ achieved mIoU values of 0.865 and 0.869, respectively. For context, [26] and [27] reported mIoU values of 0.8826 and 0.8777, respectively. The segmentation results of these models are shown in Figure 3 (d) and (e). Although the two models achieved similar mIoU values on the Concrete3k test set, their performance differed on the concrete-beam images. DeepLabV3+ identified more target cracks in the overview images, whereas Florence-2-base identified more in the close-up images. Notably, Florence-2-base clearly segmented both 0.10mm cracks.

In the fourth quarter, the image capture conditions—distance and resolution—required to reliably segment fine cracks will be identified. Knockoff damage will be identified by comparing the as-designed and as-built BIM geometry.
[bookmark: _Ref241714472]Table 4. Crack segmentation performance of models evaluated on the Concrete3k test set. 
	No.
	Model
	Number of Parameters
	Dataset Used for Pretraining
	Dataset Used for Fine-tuning
	mIoU 
(including background)
	Class IoU

	
	
	
	
	
	
	Crack
	Background

	1
	Florence-2-base
	0.23 B
	FLD-5B
	None (Zero-shot)
	0.640
	0.331
	0.949

	2
	Florence-2-base
	0.23 B
	FLD-5B
	Concrete3k
	0.865
	0.746
	0.984

	3
	DeepLabV3+
	5.8 M
	Pascal VOC
	Concrete3k
	0.869
	0.753
	0.985

	4
	GPT-6 Astra
	Not disclosed
	Not specified
	None (Zero-shot)
	0.678
	0.389
	0.967



Task 3: BIM Integration with Sensing Technologies for Lifecycle QC [50% completed] The 50% completion was explained in the 2nd quarterly progress report. 
Task 4 progress: Validation and case studies [50% completed]
[image: ]A testbed representing key activities across the three targeted lifecycle stages—manufacturing, transportation, and lift/installation—has been prepared, as shown in Figure 4. The manufacturing stage comprises formwork assembly and reinforcement placement, casting and curing, and formwork removal. The transportation stage comprises lifting, stacking, and relocation by forklift. The testbed includes a seismic test to induce cracks and spalls for evaluating the damage identification and quantification algorithms. Data collection for the manufacturing stage has been completed; data collection for the transportation and lift/installation stages, together with algorithm verification, will be conducted in the fourth quarter.[bookmark: _Ref241660375]Figure 4. Laboratory testbed for validation.


Task 5 progress: Presentation/panel Discussion [20% completed]
The presentation is set in Purdue Road School on March 16 and 17, 2027. 

4. Percent of research project completed
It is estimated that the project is 70% completed as of September 30, 2026.

5. Expected progress for next quarter
We estimate that 95% of the total project work will be completed by the end of next quarter. The remaining 5% is for Task 5 (Presentation/panel discussions at 2027 Purdue Road School and the Precast Show). The presentation is scheduled on March 16 and 17, 2027. The specific results that will be delivered include:
· Identification of knockoff damage, 
· Integration of the identified damage into the as-built BIM, and
· Validation of the developed algorithms using data collected in the testbed.
6. Educational outreach and workforce development
(1) A seminar was delivered to Georgia Tech CEE 4140 Building Information Modeling (BIM) in Construction on April 3rd, 2026.
(2) A weekly module on lifecycle quality management of precast concrete systems has been developed for CE52200 Computer Applications in Construction. The course will be offered in Spring 2027.
(3) BIM-based data sharing and management for infrastructure systems was listed as one option for the term project topics in CE52200 during its offering in Spring 2026.

7. Technology Transfer
NA
Research Contribution:
8. Papers that include TRANS-IPIC UTC in the acknowledgments section:
NA

9. Presentations and Posters of TRANS-IPIC funded research:
A poster titled “Pocket LiDAR for Dimensional Measurement of Precast Concrete Panels” was presented on April 14, 2026 in the 2026 TRANS-IPIC UTC Workshop in Rosemont, Illinois.
10. Please list any other events or activities that highlights the work of TRANS-IPIC occurring at your university (please include any pictures or figures you may have). Similarly, please list any references to TRANS-IPIC in the news or interviews from your research. 
NA

Appendix 1: Research Activities, leadership, and awards (cumulative, since the start of the project)

A. Number of presentations at academic and industry conferences and workshops of UTC findings
· No. = 2

B. Number of peer-reviewed publications submitted based on outcomes of UTC funded projects
· No. = 0

C. Number of peer-reviewed journal articles published by faculty.
· No. = 0

D. Number of peer-reviewed conference papers published by faculty.
· No. = 0

E. Number of TRANS-IPIC sponsored thesis or dissertations at the MS and PhD levels.
· No. MS thesis = 0
· No.  PhD dissertations = 0
· No. citations of each of the above = 0

F. Number of research tools (lab equipment, models, software, test processes, etc.) developed as part of TRANS-IPIC sponsored research
IFC-based BIM templates for MSE wall panels.
Fine-tuned deep learning models for damage quantification of precast concrete elements.

G. Number of transportation-related professional and service organization committees that TRANS-IPIC faculty researchers participate in or lead.
· Professional societies
· No. participated in = 1
· No. lead = 1
· Advisory committees (No. participated in & No. led)
· No. participated in = 0
· No. lead = 0
· Conference Organizing Committees (No. participated in & No. led)
· No. participated in = 1
· No. lead = 0
· Editorial board of journals (No. participated in & No. led)
· No. participated in = 1
· No. lead = 0
· TRB committees (No. participated in & No. led)
· No. participated in = 0
· No. lead = 00

H. Number of relevant awards received during the grant year
· No. awards received = 

I. Number of transportation related classes developed or modified as a result of TRANS-IPIC funding.
· No. Undergraduate = 0
· No. Graduate = 0

J. Number of internships and full-time positions secured in the industry and government during the grant year.
· No. of internships = 0
· No. of full-time positions = 0
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