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Spectral Imaging

Transmission in %

Capture specific light spectra, e.g., blue, green, red
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Spectral Imaging

Capture specific light spectra, e.g., blue, green, red, UV, NIR
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Applications

Spectral imaging:

e Healthcare

multispectral > %
sensor device ‘
A

-

spectral heart beat
—+
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Applications

Spectral imaging:

e Healthcare

* Food quality assessment

......
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Applications

Spectral imaging:
e Healthcare
* Food quality assessment

e Agriculture
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Applications

Spectral imaging:

e Healthcare

* Food quality assessment

* Agriculture

IRR (IR Reflectography)

IRTR (IR Transmitted)
IRF (IR Fluorescence) ——

e Restoration

NRFC (IR False Color)
IR (Infrared)
UVR (UV Reflected)
UVF (UV Fluorescence)

RAK (Raking Light)
VIS (High Resolution Photo)
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Applications

Spectral imaging:

Healthcare
Food quality assessment
Agriculture
Restoration

Recycling
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Outline

Motivation

State-of-the-Art Techniques

Novel Cross-Spectral Training for Deep Learning
Evaluation

Conclusion and Reference Implementation
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Stereo Cameras with Different Spectral Filters

Self-manufactured prototype
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Stereo Cameras with Different Spectral Filters

9

Cheap spectral imager:
* Multi-spectral data
* Depth information

Self-manufactured prototype
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Stereo Cameras with Different Spectral Filters

CWL: 524 nm

"EcB.
s BNLE .
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Cheap spectral imager: e
* Multi-spectral data
* Depth information

Self-manufactured prototype
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Problem Statement and Challenges

: CWis: 950 nm, 524 nm, - Problem Statement:

1 .' » * Recordings at different positions

] r!..;; i h » Different content (due to spectral filters)

 FZEDUE" [ . at different positions

Pl Sell » Pixel-wise compensation (disparity)
ad s - e - |

Composed false color image
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Problem Statement and Challenges

= 130 EHiLs= 4240, 524 nm, - Problem Statement:
! S e * Recordings at different positions
. ESREREn ’ * Different content (due to spectral filters)

FZBBUEL at different positions

» Pixel-wise compensation (disparity)

o p. B W

Conventional stereo imaging

e Recordings at different positions
Composed false color image * Same content
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State-of-the-Art Cross-Spectral Disparity Estimation

Cross-Spectral Disparity Estimation:
* Design of structural similarity cost functions, e.g., [1], [2], [3]
* Cost aggregation, e.g., semi-global matching [4]

[1]1 T. Rukkanchanunt, T. Shibata, M. Tanaka, and M. Okutomi, “Disparity map estimation from cross-modal stereo,” in Proc. IEEE Global Conference on Signal and Information Processing (GlobalSIP), Nov. 2018, pp. 988-992.

[2] O. Zeglazi, M. Rziza, A. Amine, and C. Demonceaux, “Accurate dense stereo matching for road scenes,” in Proc. IEEE International Conference on Image Processing (ICIP), Sept. 2017, pp. 720-724.

[3]1 S. Mattoccia, F. Tombari, and L. Di Stefano, “Reliable rejection of mismatching candidates for efficient zncc template matching,” in Proc. IEEE International Conference on Image Processing (ICIP), Oct. 2008, pp. 849-852.

[4] H. Hirschmdller, “Accurate and efficient stereo processing by semi-global matching and mutual information,” in Proc. IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR), June 2005, vol. 2, pp. 807-814.
[5]J. Chang and Y. Chen, “Pyramid stereo matching network,” in Proc. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), June 2018, pp. 5410-5418.

[6]1Z.Yin, T. Darrell, and F. Yu, “Hierarchical discrete distribution decomposition for match density estimation,” in Proc. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), June 2019, pp. 6037-6046.
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State-of-the-Art Cross-Spectral Disparity Estimation

Cross-Spectral Disparity Estimation:
* Design of structural similarity cost functions, e.g., [1], [2], [3]
* Cost aggregation, e.g., semi-global matching [4]

Conventional Deep Learning-Based Disparity Estimation

* Mono-modal registration (same spectral filters, typically RGB) [5], [6]
* Fast as well as high-quality disparity estimation

e OQutperforms classical template matching approaches

[1] T. Rukkanchanunt, T. Shibata, M. Tanaka, and M. Okutomi, “Disparity map estimation from cross-modal stereo,” in Proc. IEEE Global Conference on Signal and Information Processing (GlobalSIP), Nov. 2018, pp. 988-992.

[2] O. Zeglazi, M. Rziza, A. Amine, and C. Demonceaux, “Accurate dense stereo matching for road scenes,” in Proc. IEEE International Conference on Image Processing (ICIP), Sept. 2017, pp. 720-724.

[3]1S. Mattoccia, F. Tombari, and L. Di Stefano, “Reliable rejection of mismatching candidates for efficient zncc template matching,” in Proc. IEEE International Conference on Image Processing (ICIP), Oct. 2008, pp. 849-852.

[4] H. Hirschmdiller, “Accurate and efficient stereo processing by semi-global matching and mutual information,” in Proc. IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR), June 2005, vol. 2, pp. 807-814.
[5]J. Chang and Y. Chen, “Pyramid stereo matching network,” in Proc. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), June 2018, pp. 5410-5418.

[6]1Z.Yin, T. Darrell, and F. Yu, “Hierarchical discrete distribution decomposition for match density estimation,” in Proc. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), June 2019, pp. 6037-6046.

S =E E Genser: Deep Learning Based Cross-Spectral Disparity Estimation
= === = uuversmir
= = W= c=ruANGEN-NURNGERG Chair of Multimedia Communications and Signal Processing Page 16



Cross-Spectral training for Deep Learning (CSDL)

THE NOVEL SOLUTION APPROACH




Motivation

Color stereo training sets:
e Publicly available
 E.g., Flying Things 3D, Driving, Monka [7]

» RGB stereo matching algorithms trainable

Color
images

Disparity :
maps

[7]1 N. Mayer, E. llg, P. Hausser, P. Fischer, D. Cremers, A. Dosovitskiy, and T. Brox, “A large dataset to train convolutional networks for disparity, optical flow, and scene flow estimation,”
in Proc. IEEE International Conference on Computer Vision and Pattern Recognition (CVPR), June 2016, pp. 4040-4048.
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Motivation

Color stereo training sets: Cross-spectral stereo training sets:

e Publicly available No data available
 E.g., Flying Things 3D, Driving, Monka [7]

» RGB stereo matching algorithms trainable

Color
images

Disparity '
maps

[7]1 N. Mayer, E. llg, P. Hausser, P. Fischer, D. Cremers, A. Dosovitskiy, and T. Brox, “A large dataset to train convolutional networks for disparity, optical flow, and scene flow estimation,”

in Proc. IEEE International Conference on Computer Vision and Pattern Recognition (CVPR), June 2016, pp. 4040-4048.
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Motivation

Color stereo training sets: Cross-spectral stereo training sets:
e Publicly available No data available

 E.g., Flying Things 3D, Driving, Monka [7]

» RGB stereo matching algorithms trainable

Color
images

How to train cross—spectral stereo matching?
Disparity '
maps

» Lack of deep learning-based cross-
spectral disparity estimation algorithms!

[7]1 N. Mayer, E. llg, P. Hausser, P. Fischer, D. Cremers, A. Dosovitskiy, and T. Brox, “A large dataset to train convolutional networks for disparity, optical flow, and scene flow estimation,”
in Proc. IEEE International Conference on Computer Vision and Pattern Recognition (CVPR), June 2016, pp. 4040-4048.
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Fundamentals

I, = f SOOI fa(A)r(A)dA
0

: spectrum light source

: spectral object reflectance
: camera lens transmission

: spectral filter transmission

: spectral camera response

Genser: Deep Learning Based Cross-Spectral Disparity Estimation
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Fundamentals

: I, = f s(A)o(M)LN) fo(N)r(X)dA Conclusion:
v * For same setup, only spectral filter

: spectrum light source relevant
: spectral object reflectance *  Further filter simulation possible:
: camera lens transmission » Use RGB data sets

» Compose known intensity images

» Obtain synthesized cross-spectral
training set

: spectral filter transmission

: spectral camera response

Genser: Deep Learning Based Cross-Spectral Disparity Estimation
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Fundamentals

- I. = / S(A)o(MUA) fe(A)r(N)dA Conclusion:
0 * For same setup, only spectral filter

: spectrum light source relevant
: spectral object reflectance *  Further filter simulation possible:
: camera lens transmission » Use RGB data sets

» Compose known intensity images

» Obtain synthesized cross-spectral
training set

: spectral filter transmission

: spectral camera response

Proposed Cross-Spectral
training for Deep
Learning (CSDL)
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UNIVERSITAT o
ERLANGEN-NURNBERG Chair of Multimedia Communications and Signal Processing Page 23

TECHNISCHE FAKULTAT



Extraction

Arbitrary RGB sitereo dataset T

Conventional color stereo training set:

Extraction
AN K1
Iy, I, T T = U U I;. Cree={R,G,B}
Synthetization |p,.(0), p,o(0), : k=0 c € Crep
A pra(@) 1 oM processes with set indices k& and component indices ¢
fRGn fGB fRBn fRGB
Noise pe®) :
: «~———— Random processes |
modeling pc(8) |
fRG, fGB fRB, fRGB
Random pc[6] :- ___________ :
. . Random process |
selection | |

Cross-spectral stereo dataset T~
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Synthetization

Arbitrary RGB sltereo dataset T

Ao

Extraction

N

A

fRG, fGB fRB: j:RGB

Noise
modeling

fRG, fGB

fRB, fRGB

Random
selection

pc[O)]

Cross-spectral stereo dataset T~

Synthesized channel combinations:

ITire = (rirder +recIig) / (rer + T66)

I, Ic, Tg I.cg = (reglic+reeles)/ (rkg +1iB)
Synthetization |p,_(8). p(o)' 7~ | R +
% Random processes | Ii.rg = (rk rRILr +reely B) / (TkR + TkB)
DPrg : |

rerRIkR +T"kclrc + LB
TERTTEG T TkB

IircB =

b ; with uniformly distributed random variables r.r, 7L, 1B

and probability density functions p,(8), pr(8), Pre(?)

{ Random process 1

FRIEDRICH-ALEXANDER
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Noise Modeling

Arbitrary RGE stereo dataset T Challenges of practical applications: Noise
Extraction * Narrowband spectral filters and limited light sources
N » Electronic circuit noise
1 _02
In, Ic, T pe(0) = ?e 207, with o = 25
_____________ Vixel
Synthetizati o(6), pr(0)) ! .
yn _e/\lza o «% Random processes | » Photon shot noise
DPrg ! [
L. ) /19 .
Tre, Ioe | Tre, Irae pP(Q) — ﬁe_/l, W|th A — 10000
Noise p® I > Amount of photons
modeling «Ti Random processes |
be L j TkR+ TG T+ TkB
fRG,fGB fRB, fRGB - 3
Rand(.)m pel®] i Random process |
selection

Cross-spectral stereo dataset T~
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Noise Modeling

Arbitrary RGB sltereo dataset T

Cross-spectral stereo dataset T~

Challenges of practical applications: Noise

Extraction * Narrowband spectral filters and limited light sources
N NN > Electronic circuit noise
1 _0?
Ie, Is, Is pe(f) = ——=e™ 207, with 0 = 25
S th t t' |- - - T - - —-—---=-= 27TO-2
ynthetization ol 0), Pro(0)) ! .
A f% Random processes | > Photon shot noise
Prg ! |
L ___ 1 /19 .
Tre, Ioe | Tre, Irae pP(Q) — ﬁe—A, W|th A — 10000
Noise ) e I > Amount of photons
modeling () ' Random processes |
R ; _ TERTTEG T TkB
Tre. Tos | Tre. Troe o 3
Random Pel®] | kandom process | Noisy image:
selection , | ~ ~
““““““““ I . PP (Ikca:,y'YA)"i'pG(Ikca:,y)

1

I} cq,y =max (0, min

~vA

?
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Random Selection

Arbitrary RGB sltereo dataset T

Ex’_cracti_on
NN

Ig, Ig, Ip

fRG, fGB fRB: j:RGB

Noise
modeling

fRG, fGB fRB, fRGB

Random
selection

Prg (¢

pe(0)
pc(8)

pc[O)]

Cross-spectral stereo dataset T~

Possible synthesized components:
C ={R,G,B,RG, GB,RB,RGB}

Synthesized training set:

Synthetization |p, (0), p,(0), |

K—-1
R d | ~ ~
/\ «—)E andom processes | T = l I | I Ik .

k=0 cEé

R s with set C holding three randomly selected candidates from C

777777777777 l » RGB and synthesized training set of same size
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Evaluation

PERFORMANCE ANALYSIS




Objective Evaluation |

Training: Synthetic FlyingThings3D data set [7] - RGB and generated CSDL images
Evaluation: Natural Middlebury images [8]

Metrics: Bad Matched Pixels (BMP), End-Point Error (EPE)

[7]1 N. Mayer, E. llg, P. Hausser, P. Fischer, D. Cremers, A. Dosovitskiy, and T. Brox, “A large dataset to train convolutional networks for disparity, optical flow, and scene flow estimation,”
in Proc. IEEE International Conference on Computer Vision and Pattern Recognition (CVPR), June 2016, pp. 4040-4048.

[8] D. Scharstein, H. Hirschmdiller, Y. Kitajima, G. Krathwohl, N. Ne“si’c, X. Wang, and P. Westling, “Highresolution stereo datasets with subpixel-accurate ground truth,” in Proc. German Conference on Pattern Recognition (GCPR), Sept. 2014, pp. 31-42.
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Objective Evaluation Il

Registration: red — green Registration: blue — green Registration: red — blue
BMP-1 BMP-5 EPE BMP-1 BMP-5 EPE BMP-1 BMP-5 EPE

Classical: Census [2] + SGM [4] | 456.0% | 314 % 8.65 456 % | 353 % 8.67 59.0 % | 48.2% 11.48
Classical: ZNCC [3] + SGM [4] 36.9 % 29.7 % 8.21 39.2 % 30.8 % 8.22 50.2 % 39.7 % 10.388

HD>Net: Pretrained RGB [6] 66.2 % | 63.6 % 63.91 73.6% | 73.0% 70.65 799 % | 784 % 79.98
HD?Net: Selftrained RGB 408% | 37.6 % 16.64 420% | 391 % 21.09 54.0% | 488 % 23.68
HD*Net: Proposed CSDL 234 % 19.7 % 5.73 245 % 19.1 % 4.90 29.1 % 24.4 % 6.98

PSMNet: Pretrained RGB [5] 432 % | 335 % 8.83 524 % | 26.5% 8.54 588 % | 41.7 % 12.39
PSMNet: Selftrained RGB 446 % | 347 % 9.05 473% | 3715 % 9.51 583 % | 50.7 % 14.02
PSMNet: Proposed CSDL 13.2% | 8.7% 1.91 14.0% 8.6 % 2.29 19.8 % | 10.6 % 2.88

[2] O. Zeglazi, M. Rziza, A. Amine, and C. Demonceaux, “Accurate dense stereo matching for road scenes,” in Proc. IEEE International Conference on Image Processing (ICIP), Sept. 2017, pp. 720-724.

[3] S. Mattoccia, F. Tombari, and L. Di Stefano, “Reliable rejection of mismatching candidates for efficient zncc template matching,” in Proc. IEEE International Conference on Image Processing (ICIP), Oct. 2008, pp. 849-852.

[4] H. Hirschmdiller, “Accurate and efficient stereo processing by semi-global matching and mutual information,” in Proc. IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR), June 2005, vol. 2, pp. 807-814.
[5]1J. Chang and Y. Chen, “Pyramid stereo matching network,” in Proc. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), June 2018, pp. 5410-5418.

[6] Z.Yin, T. Darrell, and F. Yu, “Hierarchical discrete distribution decomposition for match density estimation,” in Proc. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), June 2019, pp. 6037-6046.
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Visual Evaluation |

N Hek:-B
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Second camera

CWL: 950 nm
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Visual Evaluation Il

Registered image (green < near-infrared, CSDL-trained PSMNet)

CWLs: 950 nm, 524 nm, -

S

Disparity map

Estimated disparity map
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Conclusion

AND REFERENCE IMPLEMENTATION




Conclusion

Fundamentals and
Applications

100

Transmission in %
s ]

®

0 250 500 750 1000
Wavelength A in nm
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Conclusion

Fundamentals and
Applications

Prototype system

100

Transmission in %
s ]

®
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Conclusion

Fundamentals and
Applications

Prototype system

Proposed training
algorithm

Transmission in %
3 3 g

®

0 250 500 750 1000
Wavelength X in nm

Arbitrary RGB srereo datasets T

Extraction

Ip, Ic. Ia

Synthetization
A

Fa

fuc s | B e

Noise
modeling

Fra. Fop l Tre, Tron

Random
selection

Pral8). P81
| Pty

Random processes |
Prl) '

R

o \
il " Random processes |
pal®) 1

Cross-spectral stereo datasets T~
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Conclusion

Fundamentals and
Applications

Prototype system

Proposed training
algorithm

Objective and visual evaluation

100

Transmission in %
s ]

®

0 250 500 750 1000
Wavelength X in nm

Arbitrary RGB stereo datasets T

Extraction

I
Ip, Ic. Ia

Synthetization |p,.(8), p.(8)1 !
A f+—————"— Random processes ,
Pl prg(6) ! |

fuc s | B e

Noise wi0) .

n f+——————— Random processes |

modeling pe(d) |
L

Fra. Fop l Tre, Tron

Random pel6]
. I —
selection

Cross-spectral stereo datasets T~
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Reference Implementation

CSDL framework :
» Cross-Spectral training for Deep Learning (CSDL)
» https://qgitlab.Ims.tf.fau.de/Ims/csdl
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