Rain, Rain, Go Away:

Computer Vision in Adverse Weather
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When a computer is in the driver’s seat,
it’s just as confused as you




Presentation Roadmap




How do autonomous vehicles work
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Making Sense of Pixels and Points
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Making Sense of Pixels and Points
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Computer vision (CV)
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Semantic Segmentation
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Instance Segmentation

Semantic Segmentation
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Video Instance Segmentation

14



“How much does weather affect the
performance of computer vision? And
what can we do about it?”
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Part 2 Overview: Setup
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Part 2 Overview: Evaluation
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What is Ground Truth?
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Convolutional Neural Network: Encoder

Filters
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Convolutional Neural Network: Kernel / Filter
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Convolutional Neural Network: Feature Maps
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Convolutional Neural Network: Feature Maps
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Convolutional Neural Network: Feature Maps
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Convolutional Neural Network: Decoder
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Metrics: Mean Intersection over Union (MIOU)
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Semantic Segmentation Results

Semantic Segmentation Results
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Semantic Segmentation Results

Semantic Segmentation MIOU
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Semantic Segmentation Results
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Interpreting MIOU
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Segmentation Results: Closer Look

MIOU by Class; Trained on Clear Day
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Metrics: Mean Average Precision (MAP)
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Instance Segmentation Results

Mean Average Precision
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Instance Segmentation Results
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Instance Segmentation MAP
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Weather Mitigation Strategies
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Domain Adaptation
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Domain Adaptation Results
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Domain Adaptation Results

Domain Adaptation MIOU Results
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Domain Adaptation Results

Domain Adaptation MIOU Results
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Domain Adaptation Results

Foggy Day(without Domain Adaptation): MIOU .328




Domain Adaptation Results, Instance Segmentation
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Domain Adaptation Results

Trained on only Clear Day Domain Adaptation: Trained on clear/foggy split
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Deweathering: Image Processing

Look Up Table




Deweathering: Domain Translation
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Ground Truth Image On Clear Day Trained Model

Deweathered (IP) Foggy Image Deweathered (DT) Foggy Image




Deweathering: Quantitative Results

MIOU Differences In Image Processing MIOU Differences In Domain Translation
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Image Processing: Quantitative Results

mMAP Scores for Instance Segmentation
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Sensor Fusion

Camera
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Data Transformation

Projection

Max Pooling +
Interpolation
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Mid Fusion Strategy




Sensor Fusion Baseline
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Sensor Fusion Results
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Improving MaskTrackRCNN'’s Tracking Branch

1. Greedy vs Globally Optimal Association
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2. Incorporating Motion Cues in Score
Calculation

vi(n) = logp;(n) + alog s; + BloU(b;, b,) + vd(ci, cn)
3)



Future Work: Adding Snow to Carla
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Future Work: Train On LUTs
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Future Work: Real Time Performance
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Future Work: Training with all weathers
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What have we talked about?
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Image Attribution

- https://giphy.com/gifs/supercompressor-dallas-best-driving-roads-5xtDarLlo2eSIHf2egE

- https://www.weather.gov/lot/2024dec04

- https://giphy.com/gifs/clsHRedOPxHhmGx1Gn

- https://avikkundu.medium.com/performing-instance-segmentation-on-x-ray-images-with-mask-r-cnn-761dbca23511

- https://www.flaticon.com/free-icons/sun

- https://www.flaticon.com/free-icons/rain

- https://www.flaticon.com/free-icons/haze

- https://www.flaticon.com/free-icons/night

- https://www.flaticon.com/free-icons/document

- https://www.shutterstock.com/image-vector/auto-parts-car-spare-set-600nw-2269761985.jpg

- https://www.automotivedive.com/news/waymo-6th-generation-driver-autonomous-driving-hardware-robotaxi-lidar-ai/725519/

- https://www.google.com/url?sa=i&url=https % 3A%2F % 2Fsemiwiki.com%2Feda%2F297752-bouncing-off-the-walls-how-real-time-radar-is-accelerating-the-devel
opment-of-autonomous-vehicles %2F&psig=AOvVaw1IFGJzE1PPZbYr_jMxdjzl&ust=1740785506671000&source=images&cd=vfe&opi=89978449&ved=0CBcQjhxq
FwoTClj1rcKB5YsDFQAAAAAJAAAAABAE

- https://www.foxbusiness.com/lifestyle/uber-waymo-expand-partnership-austin-atlanta

- https://www.automotivedive.com/news/waymo-6th-generation-driver-autonomous-driving-hardware-robotaxi-lidar-ai/725519/

- https://avikkundu.medium.com/performing-instance-segmentation-on-x-ray-images-with-mask-r-cnn-761dbca23511

- https://www.flaticon.com/free-icon/car_846338?term=car&page=1&position=12&origin=tag&related_id=846338

- https://www.cvlibs.net/datasets/kitti/eval_semseg.php?benchmark=semantics2015

- https://fen.m.wikipedia.org/wiki/File:2D_Convolution_Animation.gif

- https://lwww.google.com/url?sa=i&url=https%3A%2F %2Fen.m.wikipedia.org%2Fwiki%2FFile%3A2D_Convolution_Animation.gif&psig=AOvVaw05cdvrgy8Xm95G826
_QLIS&ust=1740813440265000&source=images&cd=vfe&opi=89978449&ved=0CBQQjhxqFwoTCOjM2Mrp5YsDFQAAAAAJAAAAABAs

- https://fen.m.wikipedia.org/wiki/File:2D_Convolution_Animation.gif

- https://static.vecteezy.com/system/resources/thumbnails/018/878/198/small_2x/empty-straight-road-with-marking-overhead-view-highway-seamless-pattern-roadway
-horizontal-template-isolated-on-white-background-carriageway-element-of-city-map-vector.jpg

- https://avikkundu.medium.com/performing-instance-segmentation-on-x-ray-images-with-mask-r-cnn-76 1dbca23511

- https://www.robertoamoroso.it/publication/bernhard-2024-miou/featured_hu7326fcf2264b218ea2c76406ba8d7e41_53827_720x2500_fit_q75_h2_lanczos_3.webp
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Supplementary
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Metrics: Not all are equal

Accuracy =

TP + TN

TP + TN + FP + FN
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Early Fusion Architecture
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Deep Supervision Architecture
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Entropy Fusion

Original Image

200

400

600

800

1000

0 250 500 750 1000 1250 1500 1750 0 250 500 750 1000 1250 1500 1750

Original Image

Combined Entropy Image

0 0
200 200 ™
400 400
600 600
800 800
1000 1000 =L ,
0 250 500 750 1000 1250 1500 1750 0 250 500 750 1000 1250 1500 1750

84



Mid Fusion: Surgery Qualitative Results




Lidar Only: Qualitative Results




Sparse LIDAR: Qualitative Results
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Depth Encoder Feature Maps
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Instance segmentation metrics
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Training Set

Instance Segmentation MAP by Class
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