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Damage Detection and Extraction
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Damage localization accuracy: 3mm
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« HDL Graph SLAM — A lidar-based graph SLAM system

« Octomap — An efficient probabilistic 3D occupancy grid map framework

« 3D frontier — An approach to generate candidates for NBV selection

 Rapid Random Tree — A sampling-based method to generate a collision free path
from origin to destination in a complex environment

* Next Best View (NBV) planning — A map-based global planner that determines the
next robot position to maximize the expected information gain (slow, 1 Hz).

« RAPPIDS planner — A memoryless local planner that generates collision-free and

input-feasible trajectory based on latest sensor measurement (fast, 30 Hz)
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Sensing-based Logic-based
Detecting structural component/damage Utilizing logic for specific infrastructure to
autonomously with manual or semi-autonomous control UAV autonomously

Spencer et al.— Column size assumption
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Sengupta et al. — Linear structure assumption

Anders et al. — Online damage detection
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A 3D bounded space V is initially unmapped, V = V,xnown- YWe aim to determine which parts of

V are free V¢, or occupied V,.. with a robot carrying 3D lidar sensor. There exists part which

are unobservable due to the UAV constraints, V,,,0ps unknown- 1€ €xploration problem is

considered fully solved when V... U Vyee =V \ Vinobs unknown, Which is Vops yninown = 0.

Vobs unknown + 0 Vobs unknown — 0
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Local control can override global control
(safety) but the two will
not deadlock.
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A sample-based greedy algorithm iteratively finds the NBV that maximizes average volumetric
gain per unit UAV travel distance. However, this global planner, based on the entire environment

map, run at a low frequency.

Gain = 2*r*r*r

|
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Frontier set X <« ObtainFrontier(M;,d)
X + sample(X, N)
Gaingess < 0
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— Rectangular Pyramid Partitioning using Integrated
Depth Sensors (RAPPIDS)

o Directly plan using the latest depth images from fiald of view
depth cameral/lidar S,
o Sample many trajectories as candidates

o Decompose free space into a collection of

collision-free pyramids — fast to detect collision

o lIterate through candidates: Input feasible ? >
Velocity admissible ? - Collision free ? 2

Lowest cost (distance between trajectory end

point and goal) ?
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Histogram of Error (Column): g=1.951, 0 =0.877 Histogram of Error (Church): u=6.562, o= 3.907 014 Histogram of Error (Viaduct) : y=6.253, 0 =4.007
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« Designed a more autonomous UAV-based digital asset management technology
that images to a specified resolution. Evaluated completeness, reconstruction error,
flight distance and time in Simulation.

Recommendations to PEER:

» Test fly the uniform resolution system during an experiment at the Big Press

» Collaborate with Caltrans to speed up inspection time by embedding inspection

intelligence into the Autonomy. Variable resolution imaging.
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