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The Intrinsic Images Problem Pixelwise Reflectance Prediction

Take home message

Decompose single image into its reflectance and shading layers . - - 212 CNN method allowing end-to-end training on sparse relative reflectance judgments.
. o = 20 Learned pixelwise non-linear reflectance prediction with competitive WHDR.
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. 214 B £ o 20 z Allows real time intrinsic video (~180 fps on GPU).
£ 212 - 206 Use reflectance adaptive filtering to encourage piecewise constant reflectance assumption.
W G & e 000 005 010 o015 Filtered results outperform the current state-of-the-art by far.
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reflectance judgments from humans [1]. prediction by CNN Reflectance J , Je . | , , , Zhou et al. 2015 - . +19.13 19.95
Point Lis dacker’ (0 QEEEEE— e — We can filter any reflectance estimate using this guidance. Direct CNN prediction - 1891 19.49
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Direct CNN Prediction [ I R—
Novel loss function for training, the WHDR-Hinge loss E " [BF(CN;CNN)]
lse (J,R,i) = o6l G2 15D} | ;
(max (0, 2— — 1757 if J; = 1 02 *  While small recgptive fields might wqu to infer thg true Flat guidance Shading of [3] Our shading e I[Di“"tciNf”’di"m“] | Rasling 01055 i
"1 Ry, e = i . reflectance (Retinex theory), estimating it from a single input image [2] 18 o wm o 2

poTe M it J; = E SR pixel is not possible.
Visualization of « Still: Performance on par with state-of-the-art! Guided filtering [5] is very fast, but a reflectance prediction as References:
it J; =2, ~Hi . g : ' ' ' ' ' Sean Bell et al. “Intrinsic | in the Wild” (SIGGRAPH 2014)
WHDR Hlnge very faSt reﬂeCt.anlce p.redICtlonS by COI’]S’.[FU.C’[IC\)I’] InpUt and a gL“dance Ima:ge IS needed' We are Worklng on B(ieae:alé”:n fl irr?ag;i:';nr?f?)gr(:grezge-lpreservingsmoothingand scene-level intrinsic decomposition” (SIGGRAPH 2015)
« Many small variations in reflectance prediction speeding the most expensive latter part up.
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Full resolution CNN utilizing RelLLUs and skip connections.
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