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Motivation

Recent progress inAugmented Reality (AR) /
Virtual Reality (VR) .

. . ] Micfosoft HoloLens HTC Vive
Requirement of high-quality 3D content for AR, V _
UQ+ F I hmf w

Usually: manual modelling (e.g. Maya)

Wide availability of commodity RGB-D sensors:
efficient methods for 3D reconstruction

Challenge: how toreconstruct high-quality 3D
models with best-possible geometry and color
from low-cost depth sensors?

sus Xtion
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RGB-D based 3D Reconstruction

Goal: stream of RGBD frames of a scenel 3D shapethat maximizes the geometric
consistency

Reaktime, robust, fairly accurate geometric reconstructions

DynamicFusion, 2015

XinectFusion: Reakime Dense DynamicFusion: Reconstruction and Tracking of BundleFusion: Reatti_me Globally Consistent
Surface Mapping and Tracking] + Non-rigid Scenesin Reaktime| Newcombe et al., 3D Reconstructlon_usmg Onthe-fly Surface
Newcombe et al., ISMAR 2011. CVPR 2015. Re-h ms d f gDaisttainToG 2017, 12
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initial camera poses

sparse SDF reconstruction

Challenges:
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State-of-the-art

Voxel Hashing

/. BaselineRGBD based3D reconstruction
framework

/A initial camera poses

/\ sparse SDF reconstruction

/" Challenges:

/A (Slightly) inaccurate and over-smoothed geometry
/" Bad colors
/" Inaccurate camera pose estimation

/" Input data quality (e.g. motion blur, sensor noise)

/" Goal:High-Quality Reconstruction of
Geometry and Color

SQdtim&2C Qdbnmrsqgt bshnm -~ s RNeRBRedetal. TdGR0L3. Unwdk G r ghmf { + 19
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State-of-the-art

High-Quality Colors [Zhou2014]

Optimize camera poses and image deformations
to optimally fit initial (maybe wrong)
reconstruction

But: HQ images required, no geometry refinement
involved

Bnkng L o Noshlhy shnm enqg Regh Qd!
B | dg r fandKoltunnroG 2014

nmrsgtbshnm vhsg

Bnmrtl dq
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State-of-the-art

High-Quality Colors [Zhou2014]

High-Quality Geometry [Zollh6fer2015]

Optimize camera poses and image deformations
to optimally fit initial (maybe wrong)
reconstruction

But: HQ images required, no geometry refinement
involved
Bnkng L o Noshlhy shnm enqg Regh Qd!

B | dg r fandKoltunnroG 2014

§53,§ =

Adjust camera posesin advance (bundle
adjustment) to improve color

Use shading cues (RGB) torefine geometry
(shading basedrefinement of surface & albedo)

But: RGB is fixed (no color refinement basedn
refined geometry)

r>sRia b@hhmfinc vQd gh Bhimd ms dgqm Unkt | dsqgh
Zollhofer et al., ToG 2015
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State-of-the-art

High-Quality Colors [Zhou2014]

Optimize camera poses and image deformations
to optimally fit initial (maybe wrong)
reconstruction

But: HQ images required, no geometry refinement
involved
Bnkng L o Noshlhy shnm enqg Regh Qd!

B | dg r fandKoltunnroG 2014

2N
)
:

%)

Adjust camera poses in advance (bundle
adjustment) to improve color

Use shading cues (RGB) torefine geometry
(shading basedrefinement of surface & albedo)

But: RGB is fixed (no color refinement basedn
refined geometry)

r>sRia b@hhmfinc vQd gh Bhimd ms dgqm Unkt | dsqgh
Zollhofer et al., ToG 2015

ldea:

jointly optimize for geometry, albedo and image formation model to

simultaneously obtain high-quality geometry and appearance!

b

Rhf
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Our Method

Temporal view sampling & filtering
techniques (input frames)

Joint optimization of

surface & albedo(Signed Distance
Field)

image formation model

Lighting estimation using Spatially-
Varying Spherical Harmonics (SVSH)

Optimized colors (by-product)
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RGBD Data

Example: Fountain dataset

S
/1086 RGBD frames b nl et

-\ BEN
 fun néiﬁg,‘%".ﬂb'

/" Sensor:
/. Depth 640x480px
/. Color 1280x1024px
A ~10 Hz

A Primesense

/. Poses estimated using Voxel Hashing

Source:http:// gianyi.info/scenedata.html

L]
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Signed Distance Fields

Volumetric 3D model representation

Voxel grid: dense(e.g.KinectFusion) or sparse (e.g. Voxel Hashing)

> @ un k méthbdfor buiding complex models fromrange h | ~ f @urldssand Levoy, SIGGRAPH 1996.
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Volumetric 3D model representation

Voxel grid: dense(e.g.KinectFusion) or sparse (e.g. Voxel Hashing)

A Each voxel stores:
A Signed Distance Function (SDF): signed distance to closest surface
A Color values &
A Weights

D(x) <0
D(x) =0
D(x) >0

2 @ un k métlbdfor building complex models fromrange h | ~ f @urlgssand Levoy, SIGGRAPH 1996. 42



Signed Distance Fields

Fusion of depth maps

Integrate depth maps into SDF with their
estimated camera poses

9

43



Signed Distance Fields

Fusion of depth maps

Integrate depth maps into SDF with their
estimated camera poses

Voxel updates using weighted average

9

44



Signed Distance Fields

Fusion of depth maps

Integrate depth maps into SDF with their
estimated camera poses

Voxel updates using weighted average

9

o
00% 00

45



Signed Distance Fields

Fusion of depth maps

Integrate depth maps into SDF with their
estimated camera poses

Voxel updates using weighted average

9

=

46



Signed Distance Fields

Fusion of depth maps

Integrate depth maps into SDF with their
estimated camera poses

Voxel updates using weighted average

9

47



Signed Distance Fields

Fusion of depth maps

Integrate depth maps into SDF with their
estimated camera poses

Voxel updates using weighted average

Extract ISOsurface with Marching Cubes
(triangle mesh)

1 L g baulesnA high resolution 3D surface construction™ k f n q bosegskenjand Cline, SIGGRAPH 1987.
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Overview

SDF Fusion
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Keyframe Selection © TI.ITI

/. Compute per-frame blur score (for color image)

Frame 81 Frame 84

/. Select frame with best score within a fixed size window askeyframe

> S dldr effect: perception and estimation with a new no-reference perceptual blurl d s g h b etal., BPtEA097 50
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Sampling / Filtering < TUTI

Sampling of voxel observations

Input keyframes

Sample from selected keyframes only g

Collect observations for voxel in input views:
-1
C;) = C; (71'(7; viso))-

Reconstruction
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Sampling / Filtering < TUTI

Sampling of voxel observations

Input keyframes

Sample from selected keyframes only e

Collect observations for voxel in input views:
v ’ -1

Observation weights:view-dependent on
normal and depth cos(6)

v _¥ ‘h
Vi T T i
Filter observations: keep onlybest 5

observations by weight

Reconstruction
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Overview

Double-hierarchical
(coarse-to-fine: SDFVolume / RGBD)

SDF Fusion Shading-based Refinement
(Shape-from-Shading)

Spatially-Varying
Lighting Estimation

Joint Appearance and

Geometry Optimization
A surface
A albedo
A image formation model

Temporal view sampling / filtering

High-Quality 3D
Reconstruction
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Shading equation: B(v) =
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b2 surface normal

Shading equation: B(v) = a(v) Z linHup 7
m=1
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b2 surface normal

L Hu[n(v)}

"Jighting

Shading equation:

U.'J
=
||
Q
=
]
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2 surface normal

Shading equation: B(v) = a(v) Z lm mMJ

"Tighting
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Shading equation: B(v) £ a(v) Z L mm,
"Tighting
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Shading b2 surface normal
Shading equation: B(v) £ a(v) Z L mm,
"Tighting

Shading-based refinement:

Intuition: high-frequency changes in surface geometryl shading cues in input images
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Shading b2 surface normal
Shading equation: B(v) £ a(v) Z L mm,
"Tighting

Shading-based refinement:

Intuition: high-frequency changes in surface geometryl shading cues in input images

Estimate lighting given surface and (intrinsic material properties)
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Shape-from-Shading < TUTI

Shading b2 surface normal
Shading equation: B(v) £ a(v) Z L Hom, ,
"Tighting

Shading-based refinement:

Intuition: high-frequency changes in surface geometryl shading cues in input images
Estimate lighting given surface and (intrinsic material properties)

Estimate surface and given the lighting: minimize difference between estimated
shading and input luminance 62



Approach

Overview

SDF Fusion Shading-based Refinement
(Shape-from-Shading)

Spatially-Varying
Lighting Estimation

Joint Appearance and
Geometry Optimization
« surface
» albedo
« image formation model

Temporal view sampling / filtering

@ LTI

High-Quality 3D
Reconstruction
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Lighting Estimation
Spherical Harmonics (SH)

Encodeincident lighting for a given surface point

Smooth for Lambertian surfaces

9
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Lighting Estimation

Spherical Harmonics (SH)
Encodeincident lighting for a given surface point
Smooth for Lambertian surfaces

SH Basis functions H,, parametrized by unit normal n

b2
B(v) = a(v) 3 luHu(n(v))

m=1

9
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Lighting Estimation

Spherical Harmonics (SH) i
Encodeincident lighting for a given surface point
Smooth for Lambertian surfaces

SH Basis functions H,, parametrized by unitnormal n -

b2
B(v) = a(v) 3 luHu(n(v))

m=1

Good approx.using only 9 SH basis functions (2nd order)
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Spherical Harmonics (SH) i
Encodeincident lighting for a given surface point
Smooth for Lambertian surfaces

SH Basis functions H,, parametrized by unitnormal n -

b2
B(v) = a(v) 3 luHu(n(v))

m=1

Good approx.using only 9 SH basis functions (2nd order)

Estimate SH coefficients:  Eygu(l) = )~ (B(v) — I(v))”
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Lighting Estimation

Spherical Harmonics (SH) i
Encodeincident lighting for a given surface point
Smooth for Lambertian surfaces

SH Basis functions H,, parametrized by unitnormal n -

b2
B(v) = a(v) Z lynHp, (n(v))

m=1

Good approx.using only 9 SH basis functions (2nd order)

Estimate SH coefficients:  Eygu(l) = )~ (B(v) — I(v))”

veDg

A Shortcoming: purely directionall cannot represent scene lighting for all surface
points simultaneously 63



Spatially-Varying Lighting

Subvolume Partitioning
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Spatially-Varying Lighting

Subvolume Partitioning

/A Partition SDFvolume into
subvolumes

L]
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Spatially-Varying Lighting

Subvolume Partitioning

/A Partition SDFvolume into
subvolumes

/. Estimate independent SH
coefficients for each
subvolume

71



Py
Spatially-Varying Lighting © TI.ITI

Subvolume Partitioning

/A Partition SDFvolume into
subvolumes

/. Estimate independent SH
coefficients for each
subvolume

/" Obtain per-voxel SH
coefficients through tri-linear
interpolation




Spatially-Varying Lighting

Joint Optimization

9
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Joint Optimization

Estimate SVSH coefficients for all subvolumes jointly:

Elighting(lla R lK ) — Eappearance -+ )\diffuseEdiffuse-
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Joint Optimization

Estimate SVSH coefficients for all subvolumes jointly:

Elighting(lla Tt lK ) — Eappearance -+ )\diffuseEdiffuse-

Data term: Bappearance = Z (B(v) — I(v))*.

veDg
Similarity between estimated shading and input luminance
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Joint Optimization

Estimate SVSH coefficients for all subvolumes jointly:

Elighting(lla R lK ) — Eappearance -+ )\diffusleEdiffuse-

Data term: Bappearance = Z (B(v) — I(v))*.

Similarity between estimated shading and input luminance

Laplacian regularizer: Editruse = SJ SJ (l8 — l,,,n)z.
seS reN,
Smooth illumination changes
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Approach

Overview

SDF Fusion Shading-based Refinement

r‘—-"‘
- A t

y B2 'al Spatially-Varying
W

¢ y

(Shape-from-Shading)

Lighting Estimation

. , -
Joint Appearance and
Geometry Optimization
A surface

. A albedo
¢ n A image formation model

Temporal view sampling / filtering

@ LTI

High-Quality 3D
Reconstruction
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Joint Optimization e TI.ITI
Shading-based SDF optimization

Joint optimization of geometry, albedo andimage formation model (camera poses
and camera intrinsics):

Escene(')() — Z /\gEg + /\'UEU + )\SES =+ )\aEa

’06130 . =
with X' = (T:Daaaf:rzafyacmacyalilaﬁQ’pl)

/8
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Joint Optimization @ TI.ITI
Shading-based SDF optimization

Joint optimization of geometry, albedo andimage formation model (camera poses
and camera intrinsics):

Escene(')() — Z /\glEQ + /\'UEU + )\SES + )\aEa
'v€]~30

with X = (7,D,a, fz, fy, Ca\ Cy, K1, K2, P1)

Gradient-based shading constraint (data term)
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Joint Optimization @ TI.ITI
Shading-based SDF optimization

Joint optimization of geometry, albedo andimage formation model (camera poses
and camera intrinsics):

Egene(X) = Y MEg+ MEy|+ A Es + Ao Es

UE]j()

with X = (7,D,a, fz, fy, Ca\ Cy, K1, K2, P1)

Gradient-based shading constraint (data term)
Volumetric regularizer. smoothness in distance values (Laplacian)

E,(v) = (AD(v))’
80
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Joint Optimization @ TI.ITI
Shading-based SDF optimization

Joint optimization of geometry, albedo andimage formation model (camera poses
and camera intrinsics):

Egene(X) = Y MEg+ ME |+ MEJ+ M E.

vEf)o

with X' = (T:Daaaf:mf’yacaf:acyaﬁzla’{Q:pl)

Gradient-based shading constraint (data term)

Volumetric regularizer. smoothness in distance values (Laplacian)
Surface Stabilization constraint: stay close to initial distance values

Es(v) = (D(v) — D(v))’
81
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Joint Optimization @ TI.ITI
Shading-based SDF optimization

Joint optimization of geometry, albedo andimage formation model (camera poses
and camera intrinsics):

Ewene(X) = 3 AEght MEJ+ MEH AEa

’UEDO

with X' = (T D a, f:{:afyacmacyﬂ{l)’{Q:pl)

Gradient-based shading constraint (data term)
Volumetric regularizer. smoothness in distance values (Laplacian)
Surface Stabilization constraint: stay close to initial distance values
Albedoregularizer. constrain albedo changes basedon chromaticity (Laplacian)
2
= > ¢(T(v) = T(w)) - (a(v) — a(u))

N
"e 82
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Joint Optimization e TI.ITI
Shading Constraint (data term)

|dea: maximize consistency between estimated voxel shading and sampled
intensities in input luminance images (gradient for robustness)

Eg(v)= ) wl||[VB(v) = VIi(m(v))|3
ZLi € Viest
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Shading Constraint (data term)

|dea: maximize consistency between estimated voxel shading and sampled
intensities in input luminance images (gradient for robustness)

Ey(v)=_» | wi|VB(v) = VZi(m(v))|3
L; € Viest

Best views for voxel and respective viewdependent weights
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Shading Constraint (data term)

|dea: maximize consistency between estimated voxel shading and sampled
intensities in input luminance images (gradient for robustness)

Ey(v) = | wi[VB(v)|~ VZi(n(v:)ll3
Iz'evbest

Best views for voxel and respective viewdependent weights
Shading: allows for optimization of surface (through normal) and albedo
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Shading Constraint (data term)

|dea: maximize consistency between estimated voxel shading and sampled
intensities in input luminance images (gradient for robustness)

Ey(v) = Y| wf|VB(w)~ VZi(r(v:)]I3

Iz' S Vbest

Best views for voxel and respective viewdependent weights
Shading: allows for optimization of surface (through normal) and albedo
Voxel center transformed and projected into input view
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Joint Optimization © TI.ITI

Shading Constraint (data term)

|dea: maximize consistency between estimated voxel shading and sampled
intensities in input luminance images (gradient for robustness)

Ey(v) = Y [ w|VBw)— VI (v))|2

Ii S Vbest

Best views for voxel and respective viewdependent weights
Shading: allows for optimization of surface (through normal) and albedo

Voxel center transformed and projected into input view
Sampling: allows for optimization of camera poses and cameraintrinsics
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Recolorization

Optimal colors

Recompute voxel colors after optimization at each level

9
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Recolorization

Optimal colors

Recompute voxel colors after optimization at each level
Sampling
Sample from keyframes only

Collect, weight and filter observations

9

89



Recolorization

Optimal colors

Recompute voxel colors after optimization at each level
Sampling

Sample from keyframes only

Collect, weight and filter observations

Weighted averageof observations:

*

C

Co

(c¥ w?)e0,

(A 2

» = argmin Z WY (€ — ¥)°.
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Ground Truth: Geometry
Frog (synthetic)

Ours

Fusion

L]

Ground truth
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Ground Truth: Geometry
Frog (synthetic)

Ours

Fusion

Zollhofer et al. 15

L]

Ground truth
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Ground Truth: Geometry
Frog (synthetic)

Ours

L 4

Fusion

’0-

Zollhofer et al. 15

(Oh

[

Ground truth

Ours
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Ground Truth: Quantitative Results
Frog (synthetic) Zollnofer et al. 15

Generated synthetic RGBD dataset (noise on
depth and camera poses)

Quantitative surface accuracy evaluation
Color coding: absolute distances (ground truth)
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Frog (synthetic) Zollnofer et al. 15

Generated synthetic RGBD dataset (noise on
depth and camera poses)
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Ground Truth: Quantitative Results © TI.ITI

Frog (synthetic) Zollnofer et al. 15

Generated synthetic RGBD dataset (noise on
depth and camera poses)

Quantitative surface accuracy evaluation
Color coding: absolute distances (ground truth)

Ours

Mean absolute deviation:
Ours: 0.222mm (std.dev. 0.269mm)
Zollhofer et al: 0.278mm (std.dev. 0.299mm)

Y 20.14% more accurate
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Qualitative Results
Relief (geometry)

Fusion

Input Color



Qualitative Results Fusion
Fountain (appearance)

Input Color
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Qualitative Results
Tomb Statuary

Input Color

Geometry (ours)

Fusion Ours Fusion Ours
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Qualitative Results © TI.ITI
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Qualitative Results
Hieroglyphics

Input Color
Appearance (ours)

Geometry (ours)
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Qualitative Results
Bricks

Input Color Geometry (ours)

Ours
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Shading: Global SH vs. SVSH < [UTI

Fountain

Luminance
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Shading: Global SH vs. SVSH

Fountain

Global SH

Luminance Shading Difference
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Shading: Global SH vs. SVSH
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Global SH
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Conclusion

High-Quality 3D Reconstruction of Geometry
and Appearance

Temporal view sampling & filtering techniques
Spatially-Varying Lighting estimation

Joint optimization of surface & albedo(SDF) and
image formation model

Optimized texture as by-product
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Thank you!

Questions?

Robert Maier

Technical University of Munich
Computer Vision Group

robert.maier@in.tum.de
https:// vision.in.tum.de/members/maierr
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