Designing Cameras to Detect the Invisible:
Imaging and Vision in Harsh Conditions
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Imaging and Vision
are ubiquitous
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Supervise to handle
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Best practbce
supervise to handl e Not Differentiable.
edgeases

Differentiable !

Not Differentiable. Not Differentiable.
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Tune ISP for Object Detection
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End-to- End Models for Edge-Cases
Instead Of Labeling Edge-Cases




Typical Imaging Stack
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Stage 1: Learning the Differentiable Proxy Function
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Stage 1: Learning the Differentiable Proxy Function
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Differentiable Proxy
Function

Stage 2: Optimizing Hyperparameters for Task - Specific Outputs



Stage 2: Optimizing Hyperparameters
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Joint Optimization of
Hardware Image Processing & Detection




Domain-specific ISP FineTuning
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End-to-End Composite Proximal Optimization
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Object Detection Result vs. Tesla Autopilot

Tesla Autopilot Proposed
(Camera + Radar) (Camera-only)




Object Detection Result vs. Tesla Autopilot

Tesla Autopilot Proposed
(Camera + Radar) (Camemady)



Object Detection Result vs. Nvidia DriveWorks

Nvidia Drive Proposed
Finetuned for this sensor ( AR0231)



Low-contrast Measurements in Bad Weather
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Optimizing Entire Cameras
Differentiable Compound Optics




Todayeées Compound Optics Desi ¢



Todayés Compound Optics Desi

Optics Design Software

Thousands available online!
A |solated design
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Todayés Compound Optics Desi
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This Work a Differentiable Compound Optics
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End-to-end Camera Designa Optics Modeling
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End-to-end Camera Designa Proximal Optimization
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Nominal

Natural Image Capture Object Detection Traffic Light Detection

goeen/straight: 353%




Experi mentadllat Besal |l o snage

Optimize v
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End-to-end Optimized
f/i# = 5.8, Focal Length = 33.1mm
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Experimental Resultsa Natural Image Capture
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Nominal End-to-end Optimized
fi# = 4.4, Focal Length = 25.0mm fi# = 5.8, Focal Length = 33.1mm




Experimental Resultsa Automotive Object Detection
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fi# = 3.2, Focal Length = 18.5mm
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Experimental Resultsa Automotive Object Detection

Optimize v ,V ,andy to minimize fl Intersection over Union loss

Nomi nal End-to-end Optimized
fl # .74 Focal 25enmgt h = fi# = 3.2, Focal Length = 18.5mm




Experimental Resultsa Traffic Light Detection
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Experimental Resultsa Traffic Light Detection

Optimize v ,V ,andy to minimize fl Intersection over Union loss
Nomi nal End-to-end Optimized
fl # =4 Focal 25enmdgt h = fi# = 3.3, Focal Length = 18.8mm
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Robust New Senso
3D Det eict itome Pr esence







Gated Imaging
Pulsed Laser (:/D
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Vehicle Setup
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Gated3D Architecture
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Qualitative Results

10 m

X Bi 8dye Vi ew

Gated Camera View




Qualitative Results
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Qualitative Results
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Qualitative Results
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Qualitative Results SIilce
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