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Linearization

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑛𝑛𝑔𝑔𝐸𝐸 𝑎𝑎,Ω = 𝑎𝑎 ∣ 𝐸𝐸 𝑎𝑎,Ω = min
𝑔𝑔′

𝑓𝑓 𝑎𝑎′,Ω

𝐸𝐸 𝑎𝑎,Ω = �
𝐻𝐻∈Ω

𝑤𝑤𝐻𝐻𝑁𝑁 𝑎𝑎 𝐻𝐻

CRF 𝑎𝑎 . which 
increases linearity or 
histogram uniformity 
across edges of  uniform 
image regions 

Banterle et al., Advanced High Dynamic Range Imaging
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𝑘𝑘 =
𝐿𝐿𝑆𝑆 𝑥𝑥 − τ

1 − τ

α

𝐿𝐿𝐻𝐻 𝑥𝑥 = 𝑎𝑎
𝐿𝐿𝑆𝑆 𝑥𝑥 − 𝐿𝐿𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚

𝐿𝐿𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐿𝐿𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚

γ

Akyuz et al.

Meylan et al.
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Expansion of Pixel values

 Global approaches 

 Classification and map based

 Perceptual based methods

Bilateral filter  𝑆𝑆𝐿𝐿𝐿𝐿𝐿𝐿 = 𝑆𝑆 �1 𝛾𝛾

𝐿𝐿𝐻𝐻𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑥𝑥 = 𝐿𝐿𝑆𝑆 𝑥𝑥 𝐿𝐿𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐿𝐿𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚 + 𝐿𝐿𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚

 Saturated region map detected τ = 0.92
 Map is filtered with Gaussian filter 
 Flood fill contrast enhancement algorithm used to enhance 

contrast around edges  
 𝐿𝐿𝐻𝐻 𝑥𝑥 = 𝐿𝐿𝐻𝐻𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑥𝑥 ∗ Map

Rempel et al. LDR2HDR
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Expansion of Pixel values

 Global approaches 

 Classification and map based

 Perceptual based methods

LDR
Image data in XYZ
Image white XYZw

HDR
Image data in XYZ
Image white XYZw

Lightness or 
Appearance 

correlates

Forward 
transform

Inverse transform

Inverse transform

Forward 
transform

Dynamic range compression (TMO)

Dynamic range expansion (rTMO)

𝒇𝒇𝒎𝒎𝒎𝒎 𝒀𝒀,𝒀𝒀𝒏𝒏 =

1.448 ( 𝒀𝒀𝒀𝒀𝒏𝒏
)0.582

0.813 ( 𝒀𝒀𝒀𝒀𝒏𝒏
)0.582 +0.635

𝒊𝒊𝒇𝒇 𝒀𝒀𝒏𝒏 ≤ 𝟏𝟏𝟏𝟏𝟏𝟏 𝒄𝒄𝒄𝒄/𝒎𝒎𝟐𝟐

1.680 ( 𝒀𝒀𝒀𝒀𝒏𝒏
)0.293

0.096 ( 𝒀𝒀𝒀𝒀𝒏𝒏
)0.293 +1.584

𝒊𝒊𝒇𝒇 𝒀𝒀𝒏𝒏 > 𝟏𝟏𝟏𝟏𝟏𝟏 𝒄𝒄𝒄𝒄/𝒎𝒎𝟐𝟐

𝒇𝒇𝒑𝒑𝒑𝒑 𝒀𝒀,𝒀𝒀𝒏𝒏 =
𝟏𝟏.𝟐𝟐𝟐𝟐𝟐𝟐(

𝒀𝒀
𝒀𝒀𝒏𝒏

)0.266 − 0.226 if 𝒀𝒀𝒏𝒏 ≤ 𝟏𝟏𝟏𝟏𝟏𝟏 𝒄𝒄𝒄𝒄/𝒎𝒎𝟐𝟐

1.127 (
𝒀𝒀
𝒀𝒀𝒏𝒏

)0.230 − 0.127 if 𝒀𝒀𝒏𝒏 > 𝟏𝟏𝟏𝟏𝟏𝟏 𝒄𝒄𝒄𝒄/𝒎𝒎𝟐𝟐

PCS  CIE Lab 
color space – with 
replaced luminance 
function.
Mekides Assefa et al. Perceptual 
lightness modeling for high-
dynamic-range imaging
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Expansion of Pixel values

 Global approaches 

 Classification and map based

 Perceptual based methods

ANOVA multiple comparison: 
subjective evaluation  results

Complex CAMs

rTMO Michaelis-Menten equation

LDR

Tone mapped results: iCAM06

Perceptual Quality:
Pleasantness
Color appearance fidelityMekides Assefa et al. Perceptual lightness modeling for high-

dynamic-range imaging
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𝐶𝐶𝐻𝐻 = 𝑎𝑎 𝑆𝑆
𝐻𝐻
𝐶𝐶𝑆𝑆 , 𝑎𝑎 = 𝑓𝑓(𝐶𝐶𝑠𝑠,𝐻𝐻)

𝑓𝑓(𝐶𝐶𝑆𝑆,𝑆𝑆)
, 𝑓𝑓 𝐶𝐶, 𝐼𝐼 = 𝐶𝐶

𝐶𝐶2+𝐼𝐼2
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 Artistic intent Detail recovery  Appearance and quality  Enhancing computer vision 
and  imaging applications

Majority of  currently available  image and video content have exposure problems. 

Detail reconstruction 
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Bright Region Enhancement 

A. G. Rempel, et al. “Ldr2Hdr: on-the-fly reverse tone mapping of legacy 
video and photographs ”

Over-exposure correction

L. Wang, et al., “High dynamic
range image hallucination”

Color clipping correction

J. Fu, et al., “Correcting saturated pixels in 
images”

P
ix

el
 in

te
ns

it
y

Pixel location

RGB channel correlation and RGB channel saturation at different 
spatial position

Clipped video Processed video

Abebe, M. A et al. “Color Clipping and Over-exposure Correction”

Detail reconstruction 
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Detail reconstruction 

Works well for color clipping 
and specular highlights

Fails in the presence of  
severely over-exposed regions
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https://www.w3.org/Graphics/Color/Workshop/slides/talk/kunkel

https://www.itu.int/dms_pub/itu-r/opb/rep/R-REP-BT.2390-8-2020-PDF-E.pdf
https://www.w3.org/Graphics/Color/Workshop/slides/talk/kunkel
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MIT-Adobe FiveK dataset

Taken from Mahmoud Afifi et al. Learning Multi-Scale Photo Exposure Correction 

More data set and DL methods are available for under-exposed/low light image enhancement application. 
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Mekides Assefa et al., Content Fidelity of Deep Learning Methods for Clipping and Over-exposure Correction
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Mahmoud Afifi et al., Learning Multi-Scale Photo Exposure Correction

global color correction detail enhancement

Loss function
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Mekides Assefa et al., Content Fidelity of Deep Learning Methods for Clipping and Over-exposure Correction
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Results and Color fidelity issues 

Steffens et al., Deep Learning Based Exposure Correction

Mahmoud Afifi et al., Learning Multi-Scale Photo Exposure Correction

Input Corrected Ground truth

Input Corrected
Ground
truth Input Corrected

Ground
truth

Color and content fidelity 
issues.

Semantically incoherent 
corrections.

Poor generalization.

Problems get worse for 
severely over-exposed 
contents.
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HDR ecosystem tracker: 
https://www.flatpanelshd.com/focus.php?subaction=showfull&id=1559638820

https://www.flatpanelshd.com/focus.php?subaction=showfull&id=1559638820
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