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Data collection for onboard perception
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The more images, the better model (in principle)
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Data collection for onboard perception
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The higher the compression rate the more
images we can collect



Distributed data collection
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Distributed data collection
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Training images vs test images

Training (original) Test (compressed)




Training images vs test images

Training (compressed) Test (original)




Training images vs test images

Training (compressed) Test (original)

Configuration CO:
compressed/original

Observation 1: training and test distributions are different (covariate shift)

Observation 2: training images have less information than test images
(loss of information)



Training/test configurations
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Effect on downstream task
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Proposed approach: dataset restoration
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Training images vs test images

Original Compressed Restored




Training images vs test images

Original Compressed Restored




Effect on downstream task

Tra imimg Test Cityscapes
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Why does it work?
- Alleviates the covariate shift
- Keeps useful information for segmentation (e.g. texture)




Experiments. Rate-distortion

Dataset: Cityscapes. Codecs: BPG (traditional), MSH (neural)
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Experiments. Rate-distortion

Dataset: Cityscapes. Codecs: BPG (traditional), MSH (neural)
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Adversarial vs non-adversarial restoration
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Perception-distortion tradeoff

Perceptual index

Restoration
X » O

A Compressed Restored
X
Perception seems to be more
= important than distortion for
S downstream tasks
g
B Attainable at
)
o
)
Q
S
m
Unattainable
atryandr, Rate =r,
>»
< Distortion

Raw images

Lower distortion



mloU (%)

78

76

74

72

70

Cost of collecting data
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