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Evaluations

Motivation

We are interested in object detection in adverse weather conditions as they
have a lot of applications in autonomous driving and underwater navigation.

Image Pipeline

For a single image, the stages of processing in the model are shown:
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 CNN-PP: This is a parameter predictor module that takes low-res images
and outputs processing parameters

« DIP: Image processing module that uses the parameter from the
CNN-PP module and defogs the original images.

Confusion Matrix

Model Results/Metrics

These results show the performance of the model during training and validation along with the

The entire network (CNN-PP + DIP + YOLOVS) is trained together to enable evaluations metrics.

connected learning of parameters. We have also taken a mixture of foggy
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