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Learning-based method for inverse rendering with multi-view images
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Virtual object insertion

L .

W Sl BEE . w d.al N de ANAS.
TN R ek e, AT
Y AT e gy e

W N G e A N AT
s SR ). (TT W TN T Y |
IO T W T4 O T Y e A il
o By o NS A W | AN | F[ V]
| & W™ W AR i) W W
PO O A ) P, T B e B AT

. PV A D e IS B IiWrE

C s da B N NTYINT TV Y ™

s s VL LN W e FF o e

0 P P T T s Y. S O
T o P IR PO ., T i O IV, e A
T T ™ e IO T R
T P P T B

4 N NNV Y s YN "W

o O oy W TN [ W

P I I PPV T i T (R e
[l Jd o N f PP W YW T

3D spatially-
varying Lighting

Chrome sphere Insertion with
off-the-shelf view synthesis



Previous works for inverse rendering

* Learning-based method with single-view images
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Previous works for inverse rendering

* Learning-based method with single-view images

Difficulty making accurate
and robust predictions
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Previous works for inverse rendering

* Learning-based method with single-view images
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Learning-based method with multi-view images

e Optimization-based method with multi-view images
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Multi-view HDR synthetic dataset creation

* OpenRooms FF, an extension of OpenRooms to a multi-view setup.

Commodity 3D sensor

Furniture CAD
model retrieval
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Scanned sparse and Room layout CAD models alignment Large-scale synthetic
\__ hoisy point cloud reconstruction dataset of indoor scenes

Creating Large-scale Photorealistic Indoor Scene Dataset

OpenRooms

Li et al. 2021, OpenRooms



i e

C(Confidence)

—p
> InDLNet nAE SpecNet [spec RefineNet
Incident Direct

Lighting Parameters

NormalNet

» ContextNet

fcontext

Vg
Viewing Direction

p—
ExDLNet .

Vp .. (Exitant Direct

| R(Roughness)

Lighting Volume) Multi-view RGB Stage 2

., SVLNet

Stage 1

Vsy1, (Spatially-Varying Lighting Volume) ~ Stage 3



Method — target view analysis stage
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Method — target view analysis stage
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Method — target view analysis stage
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Method — material estimation stage
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Method — material estimation stage
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Method — material estimation stage
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Method — material estimation stage
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Method - lighting estimation stage
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MAIR (Ours) Lietal 21

Gr_ound,T_ruth .

Evaluation — synthetic indoor scene

Albedo

Roughness Normal
MSE (x10~%) | Lietal. [19] MAIR (Ours)
Albedo | 0.569 0.368 (—0.201)
Normal | 2.71 1.36 (—1.35)
Roughness | 3.66 2.70 (—0.96 )
Lighting | 13.74 12.04 (—1.70)
Re-rendering | 0.554 0.633 (+0.079)
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Re-rendering
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Evaluation — object insertion in synthetic indoor scene
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Evaluation — object insertion in unseen real-world scene
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Additional object insertion results in unseen real-world scene
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