




The Human Touch









From Analog to AI









GenAI





Turning Pixels to Pictures





Deep Learning requires large 
amounts of carefully labeled

data which is difficult to 
acquire and expensive to annotate





Valuable (natural) image features
should not be specialized for solving 

a particular supervised task, but
rather encapsulate richer

chracteristics exploitable for various
downstream tasks







So What?



Let there be Color!
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R. Pucci, C. Micheloni, G. L. Foresti, N. Martinel – Is It a Plausible Colour? UCapsNet for Image Colourisation. NeurIPS Workshop: Self-Supervised Learning -- Theory and Practice (2021)
R. Pucci, C. Micheloni, N. Martinel – Collaborative image and object level features for image colourisation. CVPR (2021)
R. Pucci, C. Micheloni, G. L. Foresti, N. Martinel – ProCCaps: Progressively Teaching Colourisation to Capsules. WACV (2022)





Henri Cartier Bresson, Ansel Adams, Alinari. Historical archives.





Where are the details?



Yin Li, Yueying Ni, Rupert A. C. Croft, Tiziana Di Matteo, Simeon Bird, and Yu Feng, AI-assisted superresolution cosmological simulations, PNAS 2021
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(a) Kernel Prediction Module
 

(b) Learnable Weiner Filter  Module
 

(c) Refinement Module
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Khan, Asif Hussain, Christian Micheloni, and Niki Martinel. IDENet: Implicit Degradation Estimation Network for Efficient Blind Super Resolution. IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops (2024)
Khan, Asif Hussain, Christian Micheloni, and Niki Martinel. Lightweight Prompt Learning Implicit Degradation Estimation Network for Blind Super Resolution. IEEE Transactions on Image Processing (2024)



Now What?







Thanks!

Machine Learning and Perception Lab
Università degli Studi di Udine

niki.martinel@uniud.it
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