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Background : Computer vision

e more than 2000 research papers
being published on computer

vision annually.
o These papers discuss how to interpret
visual input for object detection, scene
interpretation, colour adjustments, etc:

O

e There are many vision based
products based on these

researches.




The Problem -- explained

99% of the existing work in computer vision applies for good lighting
conditions which restricts its application.



Existing solution

e Artificial lighting
o Consumes energy
o Disturbs natural ecosystems.

e Sophisticated camera hardware
o The night mode in cameras is enabled through expensive hardware.

e High-Dynamic-Range (HDR) Imaging

o Movement of dynamic objects cause “ghosting effect”.




Problem definition

“Develop algorithms for low light image enhancement
and interpretation.”



Terminology - Image interpretation

Animal 95%
Cat 90%
Dog 5%

Light
enhancement‘

o S S
o S #

Low light image Enhanced image

Edge detection



Our approach (as per proposal)

1. Implement and evaluate previous work.
2. Interpret the inner workings of previous work.
3. Improve the existing work.

We approached the problem in 3 fronts

e C(Classical image processing (Signal processing)
e Supervised machine learning
e Unsupervised machine learning



Timeline

Background study

Literature review

Implementation

Interpretation and analysis

Propose improvements
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Literature review - Findings

e Initial algorithm have been based on signal processing techniques. Eg: HE

e Introduction of Retinex theory (E.H. Land, 1978), was a breakthrough in the
field.

e Most of the research work since, has been based on the Retinex model.

e Since the turn of the century, with the increased interest in machine learning,
supervised learning models have been studied as a viable alternative

e Lately signal processing techniques have been incorporated into the learning
models.

Thus, we approached the problem in 3 fronts



Our contributions (1/2)

1. Literature study and Review paper

2. Generalized NN training pipeline for any low light enhancement NN

3. Low light image enhancement process visualization tool.

4. Proposing a new metric to evaluate the enhancement of low light images.



Our contributions (2/2)

Type Technique Implemented | Code for | Identified Proposing
paper problems | Improvements

Histogram equalization v

Classical Gradient based v
Variational retinex v* v* v*
LLCNN V4 V4

Supervised MSRnet v v v v
LLIEnet v 4 v

Semi supervised | Decompnet v v




@ python’

Generalized pipeline By (G SciPy
e Synthetic low light photo generator (gamma adjustment) % matplotlib
e Dataset preprocessing (random windows, scaling)

e Compatible with any TF/Keras NN implementation | ﬂ

e Result evaluation functionality (for multiple loss functions) o u
e Process visualization functionality CpanCy
o

canns Keras

o Nvidia Kepler server

¥ Tensor

<ANVIDIA.
CUDA.




Analysis of transformation in different colour

schemes

e Tools were developed to visualize
o Pixel colour transformation patterns
o  Colour probability mass function transform

patterns
O

e Tools can be used in the following color

spaces
o RGB
o HSV

Colour transform
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Dark and Enhanced



Colour scheme - Exp
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Evaluation Error Metric (1/3)

PSNR (Peak Signal to Noise Ratio) is the most commonly used metric for
image enhancement quality analysis.
mazx(Intensity)? )

image
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This metric is not suitable for images with different regions.

We propose a PSNR . . as the most suitable metric for the task.
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Evaluation Error Metric (2/3)

Original image Noise (1) Noise (2)

According to PSNR Same Same

proposed metric Low High

Human perception Low High




Evaluation Error Metric (3/3)

Noise (1) Noise (2)
[
According to PSNR Same Same
proposed metric High Low

Human perception High Low




Implementation and
Analysis



Signal processing techniques

Signal Processing

Histogram Equalization Gradient Enhancement Variational Retinex
N.ormalization by Enhancing gradient of Models based on retinex
effectively spreading out image in low light regions theory

the most frequent
intensity values



Histogram equalization

e Most primitive technique for Normalization / Contrast stretching
e Increase contrast in images. It accomplishes this by effectively spreading out

y N

the most frequent intensity values, i.e. stretching out the intensity range of the
image.
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Gradient enhancement

HwN =

Gradient-based image processing frameworks as opposed to other intensity
base ones.

Preferred since:

o Human visual system is more sensitive to gradient than intensity.
o Can be applied simultaneously with sharpening/ smoothing algorithms

Input Gradient Dark-region Integration and Output
image extraction enhancement filtering image

A. Agrawal and R. Rasker, Gradient domain manipulation techniques in vision and graphics, ICCV course, 2017.

P. Bhat, C. L. Zitnick, M. Cohen, and B. Curless, “Gradientshop: A gradient-domain optimization framework for image and video filtering.” ACM Transactions on Graphics (TOG), Vol. 29, No. 2, 2010.

T. Shibata, M. Tanaka, and M. Okutomi, “Gradient-domain image recon- struction framework with intensity-range and base-structure constraints”, IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp 2745-2753, 2016.
M. Tanaka, T. Shibata, and M. Okutomi. "Gradient-based low-light image enhancement." 2019 |IEEE International Conference on Consumer Electronics (ICCE). IEEE, 2019.



Variational Retinex

Low Histogram Gradient Retinex LIME High
Equalization Enhancement  Decomposition
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Histogram Equalization and Gradient enhancement

Low-light

Histogram Equalization

Gradient Enhancement

Well-lit




Variational Retinex

e Based on E.H.Land’s retinex theory and colour constancy property.
e Colour constancy : Ability of Human Visual System (HVS) to identify the
same colour under different lighting conditions.

e Variational Retinex models are made based on

o Reasoning for the colour constancy property
o Properties of an image defined by retinex model.

e Notable works
o “Avariational framework for retinex” - Kimmel et al.
“A total variation model for Retinex” - K. Micheal Ng, W. Wang
“A variational model with barrier functionals for Retinex” - W. Wang and C. He.
"LIME: Low-light image enhancement via illumination map estimation.” - Guo, Xiaojie,

Yu Li, and Haibin Ling.

O O O



Retinex model

Reflectance : R ,
(colour information) <:| Invariant property

Image : S

lllumination : 1 ¢ Light dependant propert
(Lighting) J g Propery



Retinex Decomposition

e Animage S can be decomposed into reflectance R and illumination / as,
o S=R*I
e The following assumptions are made about the reflectance and illumination
image.
o lllumination I is spatially smooth.
o Reflectance R is smooth except for at the object edges.

e Based on these assumptions, a constrained optimization function can be
formulated.

e However, the parameters of this function must be manually tuned.



Effect of varying aesthetics







Effect of varying aesthetics




Effect of varying Luminance







Effect of varying Luminance




Effect of varying parameters

Pixel density

Increase in visual
aesthetic

=

Luminance

Increase in
[llumination



Variational Retinex

Low Light

Retinex Decomposition

Well-lit




Conclusions and Findings

e Signal processing techniques have a well defined mathematical formulation.

e Variational Retinex models perform better compared to other classical
techniques.

e Retinex model is formulated based on multiple assumptions with the most
fundamental one being that the any image (S) has a reflectance (R) and
illumination (/) decomposition.

e Application of the model is dependant on these assumptions.

Assumptions must be minimized to make these algorithms work
robustly across different environments.
Classical algorithms require parameter tuning which is done manually.




Shortcomings

e Application of signal processing algorithm is dependant on assumptions.
e Parameter tuning requires manual intervention



DNN approaches

LLCNN [1]
MSRNet [2]
LLIE-Net
RetinexNet [3]
Retinex-GAN [4]

Low-light GAN [5]

[1] “LLCNN: A convolutional neural network for low-light image enhancement”, Li Tao et. al, 2017 IEEE Visual Communications and Image Processing, VCIP 2017.

[2] “MSR-net:Low-light Image Enhancement Using Deep Convolutional Network”, L. Shen et. al, 2017

[3] “Deep Retinex Decomposition for Low-Light Enhancement”, C. Wei et. al, 2018

[4] “Low-light Image Enhancement Algorithm Based on Retinex and Generative Adversarial Network”, Y. Shi et. al, 2019

[5] “Low-Lightgan: Low-Light Enhancement Via Advanced Generative Adversarial Network With Task-Driven Training”, G. Kim et.al, 2019 IEEE International Conference on Image Processing (ICIP)



DNN: Supervised learning (1/3)

LLCNN

Low-lighten
image (input)

Predicted
enhanced

image (output)

Well-lit
image

e

DNN architecture \




DNN: Supervised learning (2/3)

MSRNet . . .
No non-linear functions. The whole section reduced
to one linear operator

N12Y + Auo)
AUO) €€
N19Y + Au0)
N19Y + AU0)
N12Y + Auo)

Multi-scale logarithmic transformation Difference-of-convolution




DNN: Supervised learning (2/3)

MSRNet
By analyzing the architecture, suitable non

Proposed in . . .

paper -inear activation was selected to get the best
results

With relu

activation

With

sigmoid
activation




DNN: Supervised learning (2/3)

MSRNet

e Colour inconsistencies can be
observed in the results produced
by the architecture presented in

Low-lighten
image (input)

the paper.

Predicted
enhanced
image (output)

Well-lit
image




DNN: Supervised learning (3/3)

DWT and SRCNN

LLIE-Net A :
e LLIEnet proposes a NN * . | e
based pipeline for low RESIZE/RE
light image f Logarithmic
l Transformation
enhancement. o 1xICONY
e The paper claims they £ ‘
bU||d Upon MSRnet ?“ Auto-Encoder
leveraging Discrete
l\l(()\\ IxICONV
Wavelet Transform. ' -b' ' =
IxICONV Sigmoid  KEXEESCN

J

Y

Blending Function



DNN: Supervised learning (3/3)

LLIE-Net findings

e Our analysis shows that DWT operation

e inp) has no significant contribution for the
performance of LLIE-net.
e \We propose the use of other signal
DWT output processing algorithms such as texture

measure, sobel filter image in place of

DWT for more meaningful support for the
image ; NN. [Future work]




DNN: Semi-Supervised learning

RetinexNet

Decomposition network
Enhancement network
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DNN: Semi-Supervised learning

RetinexNet

Conv
Conv
Conv
Conv

Conv
Conv

!
Conv
Conv
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Reconstruction Loss
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Conclusions

e Image enhancement algorithms are important in
o Improving image aesthetics
o Application of computer vision algorithms

e Classical algorithms are mathematically well defined and unsupervised.
However, the assumptions made act as limitation.

e DNN based model are supervised. However, without proper formulation of a
model, the performance of a generic model is comparatively poor.

e Semi-supervised models combine the best features of both the techniques to
provide robust solutions across different environments.



Future directions

e Modification of DecompNet to include other features/properties of low light
images.

e Analyzing the spatial continuity of images to identify transformation patterns.

e Estimation of illumination maps using Neural ODE

Bigger picture

e Application of algorithms across different colour schemes.
e Modification of models to achieve objectives apart from the improvement of
image aesthetics

e Analysis of applicability of algorithms for low light video processing.



Plan for 8" semester

e Implement a lighting condition invariant object detection algorithm.
o Train a state of the art object detection architecture on R of R/I decomposition.

e Introduce more constraints to the Retinex-net R/l decomposition.
o  Obtain more visually pleasing results.

e Implement a brightness invariant “convolution kernel set”
o Inspired by the capsule net architecture

e Synthesizing unrecoverable information in reflectance map.



Thank you



Summary

1. Literature study and Review paper
2. Generalized NN training pipeline for any low light enhancement NN
3. Low light image enhancement process visualization tool.
4. Proposing a new metric to evaluate the enhancement of low light images.
Type Technique Imp | Code | Prob | Impr
Histogram v
equalization
Classical Gradient based v e object detection algorithm.
e more constraints to the
Variational retinex v i Vv | V* Retinex-net R/I
LLCNN v v de.composrflon. |
e brightness invariant
Supervised MSRnet v | V V4 V4 “convolution kernel set”
e Synthesizing
LLIEnet v v v unrecoverable information
Semi supervised | Decompnet v V4



Summary

Implement e Thorough literature survey of previous works
e Implementation of chosen techniques including the state-of-the-art work
based on

o Classical Algorithm
o Supervised Learning models
o Semi-supervised models

Interpret e Analysis of different models and algorithms
e Visualize varying effects of parameter tuning

Improve e Analysis of inputs, outputs and expected images in different colour schemes
(using visualization tool proposed)
e Evaluation of algorithm through proposed metric
e Proposed a generalized DNN for image enhancement (?7?77?)



Timeline 8th semester

10

11

12

13




