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TRANS-IPIC Quarterly Progress Report (Section 1 – 7, 5 pages max.):

Project Description:
1. Research Plan - Statement of Problem
In this year’s project, we are developing an end-to-end automatic framework to assign SNBI CS to bridge damage. As a target use case, we focus on a precast concrete bridge deck element and use connected automated vehicles as sensors (“inspector”), leveraging computer vision techniques and connectivity to assess SNBI CS for cracking damage.

2. Research Plan - Summary of Project Activities (Tasks)

Task 1: Develop an Infrastructure-guided deck condition states assessment.  
Task 1.1 Build on the vehicle-forward-facing camera-based road-cracking inspection algorithm developed in Phase I and continue to improve its performance. 
Task 1.2 Establish infrastructure at the center role to coordinate vehicle detection tasks and aggregate detection results, aligning with detections from other means (e.g., manual detection reports) to deliver a continuous deck condition state assessment workflow. 
Task 1.3 Seek to work with industry partners, including C-V2X providers and commercial fleets, to explore the feasibility of having such running on commercial fleets along these routes to inspect precast concrete bridges.

Task 2: Evaluate real-world performance in NYS
Task 2.1 Work with NYSDOT to identify candidate pilot bridges and acquire relevant inspection reports and data. 
Task 2.2 Build a database and evaluate the established assessment performance both in terms of spatial and temporal accuracy.

Project Progress:
3. Progress for each research task
Task 1: [80%]
Task 1.1 [100%]: This task was completed in the previous quarter (see the 2026 Q2 report). As planned, the team continues to monitor and enhance the crack detection model as part of Task 1.2.

Task 1.2 [80%]: We have begun designing a protocol that places infrastructure in a central role for coordinating vehicle detection tasks and aggregating detection results. First, we want infrastructure to improve the robustness of length-calculation results. We are upgrading the CV2X communication protocol by providing known landmark locations (AprilTag/checkerboard) to help vehicle cameras calibrate parameters on the fly. Second, we have infrastructure that supports a combined “classification + segmentation” crack-detection framework. We are doing this in coordination with dataset development and the auto-labeling effort in Task 2. In this case, the infrastructure will combine both prior classification and the vehicle image for crack detection. Both efforts are underway, and we will report more concrete results in the final report.

In the meantime, as part of the ongoing testing and deployment, we continue to enhance our dataset by collecting more data, improving the annotation pipeline, and incorporating new state-of-the-art crack detection models, e.g., [1, 2]. Last quarter’s results showed that advanced dataset augmentation and mixing benchmark data with domain-specific (vehicle-view) data yielded significant F1 improvements over out-of-the-box DeepCrack [3] and LECSFormer [4] on our real-world crack detection task [5]. This quarter, we are improving model performance by establishing baselines for the new models. For example, we baselined LR-CrackNet [2] with a refined dataset and augmentation results. Results are shown in Figure 1. Although adding the real-time dataset (RT) and updated augmentation improves F1 on both the DeepCrack dataset and our real-time dataset (RT100), the RT100 score remains below that of our current LECSFormer-based model. The baseline results use the same training dataset as the original model to reproduce the paper's claimed performance, which differs from the dataset used by the current LECSFormer model [4]. This implies that the base training dataset matters a lot, justifying the continued need to collect and prepare new datasets, as well as to look for better foundation models for crack detection and estimation tasks. 
  [bookmark: _Ref190000001]Figure 1 State-of-the-art Model baseline Example Sample


Task 1.3 [60%]: We have re-engaged with our fleet partner, Bot Auto, to obtain truck images and test our algorithm offline. We have acquired an initial dataset from a truck camera for visualization. Development and evaluation are underway, and we will report more results next quarter. This process is experiencing delays due to the critical internal deadline and priority the partner is facing in Q3. We intend to accelerate this effort in the last quarter. In the meantime, through our partner, we are contacting the fleet owner and management company to explore interest and opportunities.

Task 2 [80%]:
Task 2.1 [100%]: This task was completed in the previous quarter, including participation in the routine inspection of the pilot bridge (BIN 1045890) on 06/16/2026 and the knowledge-transfer session with the NYSDOT Region 5 inspection team. 

Task 2.2 [60%]: The team continues to work with the NYSDOT inspection team to gather more detailed inspection reports and data (especially inspection images) for dataset extension and pipeline enhancement. To build the database efficiently as new images arrive from the test vehicle, our fleet partner, and NYSDOT, the team developed an auto-labeling pipeline this quarter, described below. 

New Dataset and Auto-labeling. As testing and deployment continue, the volume of collected images (from our test vehicle on the UB campus bridge and the pilot bridge, from our fleet partner’s truck cameras, and from NYSDOT inspection records) is growing faster than it can be annotated manually at the pixel level. To address this bottleneck, identified last quarter as “improving the annotation pipeline,” the team developed a two-tier auto-labeling pipeline that combines a YOLOv8 road-damage detector [6] trained on the Road Damage Detection (RDD) dataset [7] with Meta’s Segment Anything Model 3 (SAM 3) [8]. YOLOv8 detects and classifies four damage classes (longitudinal crack, transverse crack, alligator crack, and pothole), and SAM 3 converts each verified detection into a pixel-level mask that is saved directly as a binary segmentation label. Two modes were implemented (shown in Figure 2): Baseline (image → YOLOv8 → SAM 3). YOLOv8 detects damage bounding boxes on the resized image; the boxes are scaled back to the original resolution and used as prompts for SAM 3 mask refinement. Advanced coarse-to-fine (SAM 3 → YOLOv8 → SAM 3). SAM 3 first uses text prompts to propose candidate regions across the image. YOLOv8 then verifies each proposal on a context-expanded crop, rejecting non-damage regions such as shadows, lane paint, joints, poles, and wires. Finally, SAM 3 produces class-aware pixel masks for the verified targets. If no proposal is verified, the pipeline falls back to full-image YOLOv8 detection (the baseline path). In a representative example, 9 SAM 3 proposals were reduced to 1 verified longitudinal crack, rejecting 88.9% [image: ]of the candidate regions as background.[bookmark: _Ref190000002]Figure 2 Example auto-labeling results on an RDD image with alligator cracking. (a) Baseline mode: input image, YOLOv8 detection, SAM 3 pixel mask, and binary label. (b) Advanced mode: SAM 3 text-prompt proposals (poles, wires, shadows) are all rejected by YOLOv8, so the full-image fallback detects the crack; SAM 3 then produces the pixel mask and binary label.


A preliminary batch run was performed on 100 images drawn from the RDD dataset, our fleet partner’s truck camera, and our own test-vehicle data, using the advanced mode. The pipeline averaged 1.75 s per image (174.6 s in total, plus a one-time 7.1 s model load), with SAM 3 proposal generation, YOLOv8 verification, and SAM 3 refinement taking about 0.74 s, 0.48 s, and 0.53 s per image, respectively. Road damage was labeled in 60 of the 100 images, producing 164 masks in total. In 31 images, the damage was found through SAM 3 proposals and verified by YOLOv8. In the other 69 images, no proposal was verified and the full-image fallback was triggered, which found damage in 29 more. For comparison, the simpler baseline path ran at about 0.65 s per image (1.5 FPS) on a sample image.
These results show that the pipeline can generate pixel-level crack labels without manual drawing at roughly 2 s per image. The high fallback rate (69%) indicates that SAM 3’s text-prompted proposals often miss thin cracks, which is where most of the remaining improvement lies. Next steps are to (i) reduce latency, (ii) evaluate label quality against a manually annotated subset, (iii) test on additional data, including NYSDOT inspection images, and (iv) use the auto-generated labels to expand the training data for the model training under Task 1.2. 

4. Percent of research project completed
We estimate that 80% of the total project will be completed by the end of this quarter, in line with the target set in the previous report.

5. Expected progress for next quarter
We expect to complete the remaining work on Tasks 1.2, 1.3, and 2.2, targeting 100% project progress by December. The risk factor is further delay in data cleaning with truck data and DOT data.

6. Educational outreach and workforce development

In addition to our ongoing discussions with NYSDOT, the team engaged with DOT staff from Digital Corridor Initiative (DCI) anchor states in Delaware, Iowa, and Minnesota, sharing and demonstrating the project outcomes, learning DOT field practices, and exploring future advancement of the projects with DCI. 

7. Technology Transfer
N/A

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

H. Xiao, Y. Ramesh, R. Shukla, S. Sarkar, C. R. He. Infrastructure-Guided Connectivity-Enhanced Road Crack Detection and Estimation. The Fourth IEEE International Conference on Mobility: Operations, Services, and Technologies (MOST), Detroit, MI, May 2026.

H. Xiao, Y. Ramesh, R. Shukla, S. Sarkar, C. R. He. Towards Continuous Bridge Inspection with Vehicle-to-Infrastructure Communication. 2026 TRANS-IPIC UTC Workshop Proceedings, 2026.

One journal paper is in preparation and planned for submission by the end of this project. We have the following Journal manuscripts related to CAV behavior planning and control for crack detection:

S. Jiang and C. R. He, Influential Planning with Role-Adaptive Leader-Follower Game, IEEE Control Systems Letters, under review, 2026.

C. R. He and T.G. Molnar, Minimal Robust Safety Margins Under Parametric Environment Uncertainty: Interaction-Aware Control Barrier Functions, IEEE Control Systems Letters, under review, 2026.


9. Presentations and Posters of TRANS-IPIC funded research:

N/A

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. 

N/A 


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. = 6 

B. Number of peer-reviewed publications submitted based on outcomes of UTC funded projects
· No. = 2 (2 journal papers under review, 1 in preparation)

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

D. Number of peer-reviewed conference papers published by faculty.
· No. = 2

E. Number of TRANS-IPIC sponsored thesis or dissertations at the MS and PhD levels.
· No. MS thesis = 1 
· No.  PhD dissertations = 1 (expected)
· No. citations of each of the above = 1

F. Number of research tools (lab equipment, models, software, test processes, etc.) developed as part of TRANS-IPIC sponsored research
· Research Tool #1 (Name, description, and link to tool) = 1, CAV based road crack detection, implementation-ready code that allows a connected automated vehicle based on the Autoware platform to detect road cracks using a front-facing camera, links: https://github.com/CHELabUB/cav_road_crack_detection

G. Number of transportation-related professional and service organization committees that TRANS-IPIC faculty researchers participate in or lead.
· Professional societies
· No. participated in = 2 (IEEE ITSC, IV Associate Editor)
· No. lead = 0
· 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 = 2, 3rd and 4th IEEE International Conference on Mobility: Operations, Services, and Technologies (MOST)
· No. lead = 0
· Editorial board of journals (No. participated in & No. led)
· No. participated in = 0
· No. lead = 0
· TRB committees (No. participated in & No. led)
· No. participated in = 0
· No. lead = 0

H. Number of relevant awards received during the grant year
· No. awards received = 1 (UB MAE student poster challenge 2nd Place Winner) 

I. Number of transportation-related classes developed or modified as a result of TRANS-IPIC funding.
· No. Undergraduate = 0 
· No. Graduate = 1 MAE 502 Vehicle Control Systems (offered twice)

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 = 2 (Harsh Bhargava, Yamini Ramesh) 
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