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TRANS-IPIC Quarterly Progress Report:

Project Description:
1. Research Plan - Statement of Problem

Accurate and rapid installation of precast components is crucial to ensuring the quality and productivity of precast bridge construction. Typically, large prefabricated structural components are transported by cranes to the installation location for initial positioning. Then, multiple workers are needed to collaboratively adjust the component pose so that it can precisely align with the target. The workers will need to cooperate with the crane to place the component to its final position. In current practice, the performance of crane operation is affected by multiple factors, such as the size and weight of the lifting components, experience of crane operator, complexity of jobsite, and status of outdoor environments. As a result, repetitive re-lifting and falling may be needed, which is time-consuming and reduces construction efficiency. Furthermore, it requires close coordination between skilled operators and ground workers, which is labor-intensive when the entire industry is facing a significant labor shortage crisis. Robotic technologies have great potential to improve the accuracy and efficiency of precast component installation by automating crane operation. It was found that a partially automated tower crane, or even a simple observation device, could decrease the lifting time by 10% to 50% [1]. While existing research has developed methods for automated crane path planning, these approaches frequently overlook the inherent properties and kinematic constraints of the crane itself. 

In our TRANS-IPIC Year 2 Exploratory project, we conducted a pilot study and developed a robotic AI agent using deep reinforcement learning (DRL) techniques and tested the feasibility of AI-based crane lift path planning for precast bridge component installation in a high-fidelity physics-based simulation environment. However, considering the heterogeneous site configurations and task specifications in bridge construction as well as the challenges and constraints on the jobsite, there is a critical need to generalize the method to various environmental and task configurations. Furthermore, the reliability and performance of AI-generated lift path planning should be evaluated both quantitatively and qualitatively by practitioners. The successful testing and demonstration of developed methods with domain experts will largely increase the feasibility of practical implementation, thus improving bridge construction efficiency and accuracy, saving costs, and benefiting long-term quality and durability of transportation infrastructure.

In existing studies, there are increasing applications of DRL in crane path planning [2–4]. However, there remain three knowledge gaps. First, the majority of research in automated crane path planning in AEC industry has historically concentrated on vertical construction projects within the building sector, leaving robotic installation in transportation infrastructure largely unexplored. Considering the substantial scale of precast components and the complex site configurations in horizontal projects, such as bridge construction, it is imperative to investigate the feasibility of robotic approaches to generate optimal crane lifting paths. Second, the design of appropriate reward functions for complex crane operations remains a significant challenge in DRL, as poor design can lead to non-executable lifting paths. Factors such as operator competency and situational awareness are difficult to capture through manually designed rewards [5]. Third, most existing methods are evaluated via computational simulation without understanding and evaluating in terms of feasibility and reliability in practice.

To this end, objective of this project is to develop and evaluate a practical-inspired and adaptive AI-based 3D crane lift path planning method for precast bridge installation. Building upon the foundational physics-based simulation and DRL agent developed in the exploratory project, this phase focuses on overcoming the gap between computational simulation and practical feasibility. The goal is to make technology adaptive to various job conditions, physical constraints, and practical industry needs.


2. Research Plan - Summary of Project Activities (Tasks)
Task 1. Understand current practice and challenges in precast bridge installation
This task employs a mixed-methods approach of industry workshops and site observations to understand current practices. We will engage with industry professionals to brainstorm the usability of robotic installation and identify challenging jobsite environments. Furthermore, the research team will conduct site visits to observe crane operators, conduct semi-structured interviews, and collect site and task configuration data to understand key factors in lift path planning.

Task 2. Practice-oriented and adaptive AI-based lift path planning: 
Building upon preliminary results, this task focuses on developing a DRL agent capable of generating optimal and safe lifting paths while adapting to various site and task configurations. The simulation environment will be expanded to include diverse site configurations and varying bridge geometries. Additionally, we will refine the reward function to incorporate factors like minimizing component swing and apply transfer learning techniques to ensure the model is generalized for different scenarios.

Task 3. Evaluation: 
This task involves evaluating the developed method quantitatively and qualitatively by replicating a real-world case study project in our simulation. We will compare the performance of the AI-generated lift paths against those executed by human operators using metrics such as lifting time, path length, and placement accuracy. Qualitatively, we will engage with industry professionals to assess the perceived practicality and efficiency of the AI-based method.

Project Progress:
3. Progress for each research task

Task 2: Practice-oriented and adaptive AI-based lift path planning [80% Completed]

· Machine Model Fully Aligned with the Reference Crane:
· The simulated machine is now configured exactly as the reference LTM 1400-6.1 is configured in Crane Planner 2.0: the same boom configuration, the same counterweight, the same support base, and the same payload and rigging arrangement (Fig. 1). Every body in the scene carries its real mass and its correct center of gravity, and the machine stands on its four outriggers so that its entire weight is transferred to the ground through the support pads, exactly as it is on site. The simulated crane therefore responds to load and slew angle the way the real machine does.
[image: ]
Figure 1: The scaled LTM 1400-6.1 crane model lifting a girder payload in the simplified Isaac Sim environment
· Outrigger Ground-Force Validation against Crane Planner 2.0:
· Each outrigger was instrumented with contact reporting, so the simulation now records the reaction force and the ground pressure under every pad continuously throughout a lift, together with the slew, luffing and hoist states, the working radius, and the load moment. The mission waypoints and a sweep across the full slew range were reproduced as working steps in Crane Planner 2.0 and compared with the simulation (Fig. 2), with an independent closed form static solver used as a second check.
· The two models agree closely. Because the machine, its configuration and the load are identical in both, the ground reactions produced by the simulation match those reported by the manufacturer’s LICCON based planning software, which confirms that the simulated crane behaves like the real machine rather than like a generic rigid body. This gives the project a validated physical baseline for every result that depends on stability or ground loading.
· Crane Planner 2.0 reports one static support force per working step, while the simulation reports the force under each pad continuously as the load moves and swings. The ratio between the two gives the dynamic amplification factor, which is the margin implicitly assumed in mat sizing and ground preparation on site and which static planning tools cannot provide.
[image: ]
Figure 2: The Liebherr LTM 1400-6.1 modeled in Crane Planner 2.0, showing the five-step lifting trajectory in a simplified scene layout
· Continued Collaboration with Liebherr:
· The Product Manager for Digital Services at Liebherr USA, Mobile and Crawler Cranes, visited the UTSA AIConLab on September 14, 2026. The simulation environment was demonstrated live and the validation methodology was presented and discussed, including the machine data required for a rigorous comparison. 
· Reward Design and Full-Task Policy:
· The lift was structured into four sequential stages: hoisting the girder clear of its supports, raising it to transit height, slewing 90° to the erection side, and lowering it onto the bearing seats. The reward function measures progress against the remaining length of the entire path rather than the distance to the current stage, so the agent is rewarded continuously across stage boundaries. Motion quality is shaped through physical outcomes rather than raw control commands: the oscillatory component of the payload swing and the roll and pitch rates of the girder are penalized, while the steady tilt produced correctly by slewing and the yaw that is kinematically identical to the slew itself are left untaxed. Contact with the deck, the erected spans, or the ground terminates the episode, tested geometrically along the full length of the girder.
· With this formulation, PPO training produced a policy that completes the entire task: the agent lifts the girder, carries it through the transit pose, executes the 90° slew, and lowers and seats it at the target location, ending the episode successfully. 

Task 3: Evaluation [20% Completed]
· Evaluation Framework Established:
· Formal evaluation has not yet commenced, but the framework is now in place. The Crane Planner 2.0 comparison described under Task 2 provides a validated baseline for the machine model, and the metrics for evaluating the generated lift path, namely lifting time, path length, payload swing, and placement accuracy relative to the contractor lift plans collected in Task 1, were defined. Execution begins next quarter.

4. Percent of research project completed
By the end of the third quarter, approximately 70% of the overall project is complete, keeping the project on schedule. Task 1 is complete at 100%. Task 2 advanced to about 80%: the simulated machine was brought into full agreement with the reference crane and validated against Crane Planner 2.0, and PPO training produced the first policy that completes the full lift and places the girder successfully. Task 3 stands at 20%, with the validation framework and evaluation metrics defined.

5. Expected progress for next quarter
Task 2: Improve the robustness and realism of the trained policy, reduce residual payload sway during transit and at the seating pose, extend the task from the simplified drop location to the true bearing seat position on the span, and introduce variation in payload mass, rigging and actuator response so the policy does not depend on a single configuration.

[bookmark: OLE_LINK1]Task 3: Quantify the dynamic amplification factor between the static planning values and the forces measured while the load is in motion, build the case study scenario in simulation, and begin comparing the AI generated lift path against the contractor lift plans using lifting time, path length and placement accuracy, together with qualitative feedback from industry professionals.

6. Educational outreach and workforce development
· Graduate student mentoring: One Ph.D. student was funded by this project and was trained in conducting multidisciplinary research across robotics, AI, civil engineering, and construction.

7. Technology Transfer
A representative of Liebherr USA, Mobile and Crawler Cranes, was hosted at the UTSA AIConLab on September 14, 2026, where the Isaac Sim crane environment and the validation methodology were demonstrated and discussed with the manufacturer. Follow-up meeting has been scheduled with Liebherr development team to discuss how our research findings will benefit their software development and also get their feedback for improvement. 

Research Contribution:
8. Papers that include TRANS-IPIC UTC in the acknowledgments section:
Navazani, M., Du, A., Li, S., & Cai, J. Reinforcement Learning-Based Motion Planning for Mobile Crane Operation in Precast Concrete Bridge Installation. In Construction Research Congress 2026 (pp. 249-259).

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

The graduate research assistant, Mohsen Navazani, received the Best Student Poster Award (1st Place) at the 2026 Transportation Infrastructure Precast Workshop (TIP2026), held in Rosemont, IL, in April 2026, recognizing the top research presentation among student participants at the TRANS-IPIC Workshop.

We presented the exploratory project from Year 2 at a major international conference in construction engineering and management. Details are as follows:
· Date: March 20, 2026
· Conference: CI & CRC Joint Conference 2026
· Location: San Antonio, TX
· Presentation: 
· Mohsen Navazani, Ao Du, Shuai Li, and Jiannan Cai. “Reinforcement Learning-Based Motion Planning for Mobile Crane Operation in Precast Concrete Bridge Installation”
· The conference paper presented at the CI & CRC Joint Conference 2026 has been published in the conference proceedings.

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. = 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. = 7 (this is the total number of journal papers PI and Co-PI published in 2026, not necessarily related to this project)

D. Number of peer-reviewed conference papers published by faculty.
· No. = 9

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
· Research Tool #1 (Name, description, and link to tool) = 1 (Isaac simulation environment, still under development)
· Research Tool #2 (Name, description, and link to tool) = 0 
· Research Tool #3 (Name, description, and link to tool) = 0

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
· 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 = 0
· No. lead = 1
· 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

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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