
�>���G �A�/�, �?���H�@�y�9�y�9�k�N�e�k

�?�i�i�T�b�,�f�f�?���H�X�m�M�B�p�@�`�2�B�K�b�X�7�`�f�?���H�@�y�9�y�9�k�N�e�k

�a�m�#�K�B�i�i�2�/ �Q�M �k�j �J���` �k�y�k�j

�>���G �B�b �� �K�m�H�i�B�@�/�B�b�+�B�T�H�B�M���`�v �Q�T�2�M ���+�+�2�b�b
���`�+�?�B�p�2 �7�Q�` �i�?�2 �/�2�T�Q�b�B�i ���M�/ �/�B�b�b�2�K�B�M���i�B�Q�M �Q�7 �b�+�B�@
�2�M�i�B�}�+ �`�2�b�2���`�+�? �/�Q�+�m�K�2�M�i�b�- �r�?�2�i�?�2�` �i�?�2�v ���`�2 �T�m�#�@
�H�B�b�?�2�/ �Q�` �M�Q�i�X �h�?�2 �/�Q�+�m�K�2�M�i�b �K���v �+�Q�K�2 �7�`�Q�K
�i�2���+�?�B�M�; ���M�/ �`�2�b�2���`�+�? �B�M�b�i�B�i�m�i�B�Q�M�b �B�M �6�`���M�+�2 �Q�`
���#�`�Q���/�- �Q�` �7�`�Q�K �T�m�#�H�B�+ �Q�` �T�`�B�p���i�2 �`�2�b�2���`�+�? �+�2�M�i�2�`�b�X

�G�ö���`�+�?�B�p�2 �Q�m�p�2�`�i�2 �T�H�m�`�B�/�B�b�+�B�T�H�B�M���B�`�2�>���G�- �2�b�i
�/�2�b�i�B�M�û�2 ���m �/�û�T�¬�i �2�i �¨ �H�� �/�B�z�m�b�B�Q�M �/�2 �/�Q�+�m�K�2�M�i�b
�b�+�B�2�M�i�B�}�[�m�2�b �/�2 �M�B�p�2���m �`�2�+�?�2�`�+�?�2�- �T�m�#�H�B�û�b �Q�m �M�Q�M�-
�û�K���M���M�i �/�2�b �û�i���#�H�B�b�b�2�K�2�M�i�b �/�ö�2�M�b�2�B�;�M�2�K�2�M�i �2�i �/�2
�`�2�+�?�2�`�+�?�2 �7�`���M�Ï���B�b �Q�m �û�i�`���M�;�2�`�b�- �/�2�b �H���#�Q�`���i�Q�B�`�2�b
�T�m�#�H�B�+�b �Q�m �T�`�B�p�û�b�X

�L�2�m�`���H �.�2�M�Q�B�b�B�M�; �7�Q�` �a�T�2�+�i�`���H �J�Q�M�i�2 �*���`�H�Q �_�2�M�/�2�`�B�M�;
�_�Q�#�B�M �_�Q�m�T�?���2�H�- �J���i�?�B�2�m �L�Q�B�x�2�i�- �a�i�û�T�?���M�B�2 �S�`�û�p�Q�b�i�- �>�2�`�p�û �.�2�H�2���m�-

�G�m�B�x�@���M�;�2�H�Q �a�i�2�z�2�M�2�H�- �G���m�`�2�M�i �G�m�+���b

�h�Q �+�B�i�2 �i�?�B�b �p�2�`�b�B�Q�M�,

�_�Q�#�B�M �_�Q�m�T�?���2�H�- �J���i�?�B�2�m �L�Q�B�x�2�i�- �a�i�û�T�?���M�B�2 �S�`�û�p�Q�b�i�- �>�2�`�p�û �.�2�H�2���m�- �G�m�B�x�@���M�;�2�H�Q �a�i�2�z�2�M�2�H�- �2�i ���H�X�X
�L�2�m�`���H �.�2�M�Q�B�b�B�M�; �7�Q�` �a�T�2�+�i�`���H �J�Q�M�i�2 �*���`�H�Q �_�2�M�/�2�`�B�M�;�X �1�m�`�Q�;�`���T�?�B�+�b �k�y�k�k�- ���T�` �k�y�k�k�- �_�2�B�K�b�- �6�`���M�+�2�X
�- �1�m�`�Q�;�`���T�?�B�+�b �k�y�k�k �@ �S�Q�b�i�2�`�b�- �k�y�k�k�- ���R�y�X�k�j�R�k�f�2�;�T�X�k�y�k�k�R�y�R�R���X ���?���H�@�y�9�y�9�k�N�e�k��

https://hal.univ-reims.fr/hal-04042962
https://hal.archives-ouvertes.fr


PROBLEMSTATEMENT

RELATEDWORK

OVERVIEW
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Our three-steppipeline(seefigure 1) takesasinput a noisyspectralimage
in addition to auxiliary features suchas view-spacealbedo,normalsand
depth. Thefull input is givento our spectraldenoiser(SRd) which aimsat
recoveringcolor channelswhereasonly the noisy image is given to the
secondaryMC denoiserto recover the luminancechannel. Both outputs
are then encodedin YUVcolor spaceand combinedto obtain denoised
chrominanceandluminance.

Three-steppipeline

Spectral denoiser(SRd) design  (seefigure 2)
Architecture: Ourauto-encoderis mainlybasedon Chaitanyaet ���o�[�•design
[2] usingdirectpredictionbut without the recurrentconnections.

Loss function: We used the weighted combination of spatial loss
andMultiScale-SSIMproposedby [7] :
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Contrary to the OptiX and Intel denoisers, our denoiser is able to
reconstruct color noise-free outputs but visual artifacts remain (loss of
contrast, changeof material aspect,etc.). The nature of these artifacts
pointedtoward a luminancereconstructionissue.

In table 1, when comparingdenoisedluminancewith ground-truth colors
(GT.C),we obtain higher MSEwith our denoiserthan with the one from
Intel (1002.680vs. 867.81).

However, our denoiser performs far better when looking at denoised
colors,with an MSEdivided in half (30.204vs. 62.454). Thisfinding led us to
step3 of our pipeline,whichcombinesthe denoisedcolorsof our SRdwith
the denoisedluminanceof the Intel denoiser.

In order to validateour assumption,we performeda two-stepsexperiment.

�ƒOnonehand,mergingthe colorchannelof our denoisedoutput with the
groundtruth luminancechannel(GT.L),thusobtaininga denoisedoutput
free from artifacts.

�ƒOn the other hand, mergingthe ground truth color channel(GT.color)
with the luminancechannelof our denoisedoutput, thus introducingthe
samevisualartifactsinto the reference.

Thisapproachgaveus the best resultsand allow us to obtain resultsvery
closeto ground truth (despitesome loss in the high frequenciesdue to
�/�v�š���o�[�•over-blurring)asshownin the last line of table2.
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Noisy 1024 SPP Spectral denoiser(SRd) Intel denoiser(MCd) Final composition (SRd.C+ MCd.L) Reference 262,144 SPP

Spectral denoiser Reference 262,144 SPPGT.L + SRd.C

Tothis day, spectralMonte Carlo(MC)renderingis still to
be largely adopted partially due to the specific noise,
called color noise, induced by wavelength-dependent
phenomenons.

Hundred of thousands SamplesPer Pixels (SPP)are
needed to produce noise-free renderings,
thus establishingthe need for fast and efficient post-
processingdenoisingmethods.

Reference 262,144 SPP

Noisy 1024 SPP

In recent years, neuralnetworkssuchasdenoisingauto-
encodershaveproven themselvesto be very effectiveat
reconstructing high quality images from noisy MC
renderings[1].

OptiXdenoised(1024 SPP)Intel denoised(1024 SPP)

But thesedenoisersare ineffectivewhenconfrontedwith
spectralcolornoiseandproducechromaticartifacts.

Among others, RDAE[2]
and KPCN[3] paved the
way for robust off-the-
shelf denoisers such as
NVIDIA's OptiX [4] and
Intel'sOpenImageDenoise
[5].
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Training and implementation

Dataset: Thisdatasetis composedof 700pairsof referenceandnoisyinput
(210 for testing, 490 for training) at a resolution of 1024�?768 pixels,47
different pointsof viewwere takenfrom eachof 4 scenesexhibitingvarious
light phenomena(diffraction,reflectionsetc.).

Spectralrendering: All imageswere rendered
with Omen[8], a spectraland polarizedpath
tracer for predictiverenderingcommercialized
by UnitedVisualResearchers(UVR).

Training: TheSRddenoiserin itself wasimplementedwith Tensorflowand
Kerasand trained for 500epochsusingthe Adamoptimizer. Inferencewas
performed on a NVIDIAGTX1080 in 0.016 secondson averagefor a
resolutionof 720p. .

Figure 1: Three-steppipeline : (1) Spectral denoising; (2) Monte Carlo denoising; (3) 
Chrominance and luminance compositing.

Table 1: Measures of luminance/chrominance merging of results from GT and denoisers 
(Intel, SRd)

DenoisedSRd

Figure 2: Spectral rendering denoiserdesign  (zoom from step1 of figure 1)
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Table 2: Similarity between denoiser outputs and ground truth

We propose to train a denoising neural network on
spectralrenderednoisy imagesin order to removecolor
noiseat acceptablesamplerates.

We managed to obtain noise-free outputs with high-
frequencydetails.

Althoughthis network is our main contribution, we also
designeda three-steps pipeline using a secondaryMC
denoiserto separatelyreconstructluminance.

This allows us to remove luminance artifacts in the
original output by merging reconstructedchrominance
and luminanceandto obtainhigher-quality results.
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