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Loss functions:
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Single-shot reconstruction of depth and spectral reflectance 
using an off-the-shelf RGB camera and projector.

Pattern loss:
Structured-light supervision for geometry

Using depth as input:
Considering the effect of shading

Warping illumination:
Benefitting both disparity and spectrum via 
end-to-end training
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The random pattern provides locally unique 
codes for establishing correspondences.

Camera
sensitivity

3 illuminations × 3 camera channels = 9 bands 
for hyperspectral reconstruction
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Evaluation on Synthetic Data

Hyperspectral-Depth Dataset Generation
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Depth results and visualized errors
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Spectral reflectance results and visualized errors
Spectral reflectance 
results on 8 samples
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Evaluation on Real Data
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The reconstruction results for a dynamic scene

Whole dataset can be downloaded from project homepage.
Spectral rendering examples

Color-dot image Disparity map sRGB converted from
spectral reflectances.
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Depth
RMSE

Reflectance
RMSE (× 𝟏𝟏𝟏𝟏−𝟐𝟐)

AdaBins [3] 24.60 -
Connecting [4] 8.83 -
Basis [5] - 8.02
AWAN [6] - 7.93
Ours 6.10 5.31

Depth
RMSE

Reflectance
RMSE (× 𝟏𝟏𝟏𝟏−𝟐𝟐)

Disparity estim. network 6.80 -
Spectral recon. network - 5.79

Joint

w/o depth input 6.24 5.69
w/o illumination 
input 6.32 5.75

full model 6.10 5.31

Quantitative Evaluation
Comparison with the state-of-the-
art methods on all the test scenes

Effectiveness of joint training

Census transform

Pixel set which is 
not in cast shadow

Object Reflectance Scene number

Training data Chair and car models in 
ShapeNet [1]

1,269 Munsell 
color chips [2] 8,192

Testing data
Camera, airplane, and 
watercraft models in 

ShapeNet [1]

X-Rite colorchart
(24 patches) 256
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