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+ Objective: Create a highly customizable system for mass- STEP 1: Initialize simulation parameter§ (seabed, sonar physics, image rendering)
STEP 2: Generate seabed and drop objects o
generating synthetic SSS images STEP 3: Fly AUV over seabed while casting rays, usually >2000 rays per ping ‘
o _ _ STEP 4: Collect backscatter value of each ray into large arrays \ .
* Model training requires large volume of diverse, labeled data [1] STEP 5: Apply post processing to raw value arrays and render into labeled images ‘:,

 Easily generate images of underrepresented targets (wrecks,

mines, etc.)
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» We present a scalable synthetic SSS data generation system test set due to insufficient real SSS with objects < S
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Predicted Label

» Realistic, labeled SSS images using the Unity game engine

_ _ _ _ _ APL's Jackson Backscatter Model
* Highly customizable (simulation settings, 3D assets) [2] predicts seabed acoustic reflectivity:

grazing angle and sediment properties
determine how much energy is reflected vs

Jackson Material Interaction Model

» Post-processing follows real SSS processes Scan for BAH Side Scan Sonar Footage!
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direction-dependent sensitivity. Figure 6: Ray intensities from backscatter model
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