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The plenoptic function 1

describes the behavior of light when it
is reflected by an object.

21. Bergen, J. R., & Adelson, E. H. (1991). The plenoptic function and the elements of early vision. Computational models of visual processing.
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Light
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Problem: The main limitation to jointly acquiring several 
dimensions is the 2D intensity sensor



Depth1

1. Marquez, et al. (2021). Snapshot compressive spectral depth imaging from coded aberrations. Optics Express.
2. Vargas, et al. (2021). Time-Multiplexed Coded Aperture Imaging: Learned Coded Aperture and Pixel Exposures for Compressive Imaging Systems. In Proceedings of the IEEE/CVF
International Conference on Computer Vision.

Light Field2
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Imaging Applications
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Images acquired with

specialized cameras



1. Arguello, et al. (2021). Shift-variant color-coded diffractive spectral imaging system. Optica.
2. Fu, et al. (2015). Compressive spectral polarization imaging by a pixelized polarizer and colored patterned detector. JOSAA.
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Imaging Applications
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Spectral1 Polarization 2

Images acquired with

specialized cameras
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Optical System ImageScene

Current 2D sensors acquire the photon flux of the incoming light . Therefore, it is necessary 
expensive setup to obtain 3D or higher dimensional signals.

Imaging Applications
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2D SensorLensὪὼȟώȟᾀȟ‌ȟ‪ȟὸȟ‗ȟὴ Ὣὼȟώ ὪẗὨὺ



Low-cost 
acquisition can be 

done through 
specialized 

cameras and 
recovered through 

computational 
optical algorithms
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Computational Optical Imaging
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Optical System 2D ProjectionScene

2D Projection COI Algorithms Recovered

Ὢὼȟώȟᾀȟ‌ȟ‪ȟὸȟ‗ȟὴ ὌὪẗ Ὣὼȟώᴂ
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CE
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Some Computational imaging tasks can be achieved thanks to the Coded Elements:

Computational Optical Imaging

Coded 
Elements

‰

1. Rueda,et al. (2015) DMD-based implementation of patterned optical filter arrays for compressive spectral imaging. JOSA.
2. Rueda,et al. (2016) Compressivespectral testbed imaging system based on thin-film color-patterned filter arrays.Appl.Opt.
3. Pinilla,et al. (2018) "Codeddiffraction system in X-ray crystallography using a boolean phasecoded aperture approximation .Opt.Comm.

1,2,3
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Computational Optical Imaging

Some Computational imaging tasks can be achieved thanks to the Coded Elements:

Coded 
Elements

‰

1. Marquez, et al. (2019) Compressive spectral imaging via deformable mirror and colored-mosaic detector. Opt. Exp.
2. Bacca,et al. (2018) Single pixel compressive spectral polarization imaging using a movable micro -polarizer array.Rev.Fac. de Ing. Univ. de Ant.

1,2
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Coded Elements
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Optical System 2D Projection COI Algorithms RecoveredScene
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If the coded element is designed, the quality of the reconstruction increases.
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Designed Coded Elements
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Algorithm

ἒד Ἦἳ ᴁἮἳ ἒ ἒ Ἦἳ

Dataset Optical System

ἒד ᴁἒ ἒ ἓ

Data Driven

Without data

Optical System Recovery

Depends on data

Depends on its own CE

Recovery

Ἦ ‰

‰

Ἦ

Ἦ
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ἒד ᴁἒ ἒ ἓ

Without Data

ἒד Ἦ ᴁἮ ἒ ἒ Ἦ

Data-Driven

ἒ ὄὩὶὲέόὰὰὭπȟυ

Random

Random pattern produces 
low reconstruction 

performance

Without data, the design 
improves random 

patterns 

Data-driven designed pattern 
provides the best 

reconstruction performance

DesignedNon-Designed



Data-Driven Optical 
Coding 
Optimization
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End-to-end approach

Å fl ẗis the loss-function of a determined COItask,Ἤ is the desired output of the training imageἮ
Å ẗrepresentsד the physical constraints in the optical encoder‰.
Å The tasks can be depth, privacy, super resolution, spectral imaging, among as.
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Computational DecoderDataset

Ἦ ﬞ

Tasks

Ἤ

Optical Encoder

ἒ Ἦ

flέίί

‬fl

‬ﬞ

Ἧ

‬fl

‬ἒ

The optical system has to be modeled as a layer

ü Physical constraints reduce the degrees of freedom of the CE
ü Fewer encoder layers compared with decoder layers produce gradient vanishing

Limitations
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Coding Element Parameterization

‰ ṧ╚ (Periodicity)

Spatial

Colored coded aperture Diffractive optical element

╚ ἔ ╚ ἔ (Symmetry)

Spectral

╚ В ♫◌

Å Instead of learning directly ‰, the trainable parameters are ♫
Å Parameterizations allow reducing the number of trainable parameters and

addressing implementation constraints

‰ В ♫ ╩◌ ◌
◌

◌
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1. End-to-EndRegularization Strategy
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Regularization addresses physical constraints for optimizing the Optical Design:

‰ד

1. В ‰ ‰ ρ

2. В В ‰

3.
В

Ὕ

1. Address physical constraints
Real values Binary values

Hardly feasible Physically feasible
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1. Regularization to address physical constraints
Computational DecoderDataset

Ἦ ﬞ
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Recovered

Ἤ

Optical Encoder

ἒ Ἦ

flέίί

‬fl
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Binarization
ꜚד

ρ

ὲ
ꜚ ꜚ ρ

Iterations

ꜚד▓▼╪◄︡▼▼▫︡

ꜚד
ρ

ὲ
ÓÉÎꜚ ÓÉÎꜚ ρ
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Computational DecoderDataset

Ἦ ﬞ

Bacca, J., Gelvez-Barrera, T., & Arguello, H. (2021). Deep coded aperture design: An end-to-end approach for computational imaging 
tasks. IEEE Transactions on Computational Imaging

Recovered

Ἤ

Optical Encoder

ἒ Ἦ

flέίί

‬fl

‬ﬞ

Ἧ

‬fl

‬ἒ

Minimum 
number 
of shots

ꜚד▓▼╪◄︡▼▼▫︡

Iterations

1. Regularization to address physical constraints

ꜚ
ꜚ
ꜚ
ꜚ
ꜚ
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Computational DecoderDataset

Ἦ ﬞ
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Recovered

Ἤ

Optical Encoder

ἒ Ἦ

flέίί

‬fl

‬ﬞ

Ἧ

‬fl
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Transmittance

Iterations

ꜚד▓▼╪◄︡▼▼▫︡

1. Regularization to address physical constraints
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2. End-to-EndRegularization Strategy
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Regularization improves performance by inducing properties in the Optical Design:

ἒד

ἒ

1. ᴁἮ ἑἮ

2. ᴁἮ ἑ ɾἓ ἑἮ

3. ВВ
ἒ Ἦ Ἦἲ

Ἦ Ἦἲ
ρ

4. $ Ñ ἒ ἮἮ Ðἒ Ἦ

Non-Optimized Optimized

Well conditionedBad conditioned

2. Improve performance

ἑ ἒ ἒ
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2. Regularization to improve the performance
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Data-driven conditionality דἒ Ἦ ᴁἮ ἒ╣ἒ Ἦ

Ᵽﬞἒ ἮἑἮ Ᵽﬞἒ ἮἑἮ

Without regularization With regularization

ﬞ Ἤ

‬fl

‬ﬞ

ἮἮ

Ἦ ἒ Ἦ Ἧ

‬fl

‬ἒ

Computational
Decoder

ReconstructionDataset
Optical
Encoder

Measurement
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2. Regularization to improve the performance
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Without regularization With regularization

Inversion regularizer ᴁדἒ Ἦ ᴁᴁἮ ἑꜚ ‎ἓ ἑꜚ Ἦ

ﬞ Ἤ

‬fl

‬ﬞ

ἮἮ

Ἦ ἒ Ἦ Ἧ

‬fl

‬ἒ

Computational
Decoder

ReconstructionDataset
Optical
Encoder

Measurement

Ᵽﬞἒ ἮἑἮ Ᵽﬞἒ ἮἑἮ
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2. Regularization to improve the performance
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Without regularization With regularization

Restricted Isometry Property ἒד Ἦ
ἒ Ἦ Ἦἲ

Ἦ Ἦἲ
ρ

ﬞ Ἤ

‬fl
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2. Regularization to improve the performance
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Distribution regularization ἒד Ἦ $ ή ἒ ἮἮ ὴἒ Ἦ

ﬞ Ἤ
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ἮἮ
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Computational
Decoder

ReconstructionDataset
Optical
Encoder

Measurement

Without regularization

ή ἒ ἮἮ

With regularization

ὴἒ Ἦ ή ἒ ἮἮ
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2. Regularization to improve the performance
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Distribution regularization ἒד Ἦ $ ή ἒ ἮἮ ὴἒ Ἦ

ﬞ Ἤ
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Computational
Decoder

ReconstructionDataset
Optical
Encoder

Measurement

ὴἒ Ἦ

What is the best prior distribution for the
regularization?

Depending on the dataset and the computational
task, it must be chosen the optimal distribution of
the measurements.

This regularization can be 
used in any 

computational task 
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Distribution regularization

Recovery Task

When the prior distribution is Gaussian, i.e.ὴἒ Ἧ ﬞ ‘ȟ„ what is the best configuration

of ‘and„ for a given task?

Classification Task

2. Regularization to improve the performance

More concentrated measurements allows
better reconstruction

More separated measurements makes easier
the classification



26

Computational Decoder

1. Sitzmann, V. et al. End-to-end optimization of optics and image processing for achromatic extended depth of field and super -resolution imaging. ACM Transactions on Graphics
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Computational Decoder

1. Monga, V et al. Algorithm unrolling: Interpretable, efficient deep learning for signal and image processing. IEEE Signal Processing Magazine.
2. Huang, L. et al. Spectral imaging with deep learning. Light: Science & Applications.
3. Monroy, B. et al. JR2net: A Joint Non-Linear Representation and Recovery Network for Compressive Spectral Imaging. arXiv preprint.
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Deep Learning Decoder

Computational Decoder

1. Zhang, T. et al . Hyperspectral image reconstruction using deep external and internal learning. In Proceedings of the IEEE/CVFInternational Conference on Computer Vision.

ÅNon-linear inverse mapping from
measurements to image recovery

ÅSeveral architectures for vast
compressive imaging applications .

ResNet

Black-box based1

Decoder
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Deep Learning Decoder

Computational Decoder

          Downsamping

         Upsamping

n

n

2   2

2   2

Autoencoder

1. Zhang, T. et al . Hyperspectral image reconstruction using deep external and internal learning. In Proceedings of the IEEE/CVFInternational Conference on Computer Vision.

ÅNon-linear inverse mapping from
measurements to image recovery

ÅSeveral architectures for vast
compressive imaging applications .

Black-box based1

Decoder
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Deep Learning Decoder

Computational Decoder

ÅNon-linear inverse mapping from
measurements to image recovery

ÅSeveral architectures for vast
compressive imaging applications .

1. Zhang, T. et al . Hyperspectral image reconstruction using deep external and internal learning. In Proceedings of the IEEE/CVFInternational Conference on Computer Vision.

Transformer

Black-box based1

Decoder



Implementations 
and Applications
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Implementation and Fabrication of Coding Elements

HIGH DIMENSIONAL SIGNAL PROCESSING (HDSP)
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Once the CE is designed, it is fabricated and implemented in real setups.



Privacy: Pose Estimation1 Privacy: Scene Captioning2

Compressive Sensing: Diffractive 4
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Applications

1. Hinojosa, etal. (2021). Learning Privacy-preserving Optics for Human PoseEstimation. In Proceedingsof the IEEE/CVFInternationalConferenceon ComputerVision.
2. Arguello,etal. (2021). Shift -variant color-coded diffractive spectral imaging system. Optica.
3. Vargas,etal. (2021). Time-Multiplexed CodedApertureImaging:LearnedCodedApertureand Pixel Exposures for Compressive Imaging Systems.In Proceedingsof the IEEE/CVFICCV.
4. Hinojosa, etal. (2021). Learning Privacy-preserving Optics for Human PoseEstimation. In Proceedingsof the IEEE/CVFInternationalConferenceon ComputerVision.

Compressive Sensing: Refractive3
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Privacy-Preserving: Pose Estimation

Hinojosa, et al. (2021). Learning Privacy-preserving Optics for Human Pose Estimation. In Proceedings of the IEEE/CVFInternational Conference on Computer Vision.

The goal is to estimate the pose of the people in the scene while maintaining privacy.
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Privacy-Preserving: Pose Estimation

Hinojosa, et al. (2021). Learning Privacy-preserving Optics for Human Pose Estimation. In Proceedings of the IEEE/CVFInternational Conference on Computer Vision.

The goal is to estimate the pose of the people in the scene while maintaining privacy.


