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THE PROBLEM

Given two rectified stereo images...

AustraliaP / Left view

... compute a depth map from corresponding pixels.
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THE PROBLEM

Given two rectified stereo images...

AustraliaP / Right view

... compute a depth map from corresponding pixels.
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STEREO IMAGE GEOMETRY

Relations between depth and disparity in the rectified case:

LEFT VIEW

RIGHT VIEW




Correspondence Establishment
& Superimpositions of Stereo Images

ANALYSIS OF IMAGE SUPERIMPOSITIONS

Symbol ‘ Description Symbol | Description
Stereo images Structure encoding the superimpositions
I, |Image associated to the left view D |Disparity Space Volume (DSV) based on lightness differences
I, : (x,y) = Li[x,y], the intensity of pixel (x,y) in I; D:(x,y,d) — D[x,y,d] = Ti[x,y] — I [x — d,yll

I, [Image associated to the right view

L, : (x,y) — L.[x,yl, the intensity of pixel (x,y) in I,

Left view

Right view




ANALYSIS OF IMAGE SUPERIMPOSITIONS

D [x,60,30] = |I,[x,60]-L[x~30,60|

D [x,60,80] = |I,[x,60]-L[x~80,60|

Left view
Right view
ANALYSIS OF IMAGE SUPERIMPOSITIONS
% e k]
Il o R it ‘ DSV cut along the plane of equation
________ | " y=60
Left view

Right view




THE OccLusioN PHENOMENON

LEFT VIEW

RIGHT VIEW

THeE CROSS-CHECKING CRITERION

The initial disparity map must take the occlusion phenomenon into account.

Symbol|Description

x1 | Pixel abscissa with respect to the left view
x| Pixel abscissa with respect to the right view

W |Volume encoding the superimpositions between Iy and I, such that

W: [xl.y xr)y] = W[xlpxryy} = ‘Il[xlyy} * Ir[xr)y” = D[X[,U,X[ *xr]

Cross-checking ensures that disparity measures are synchronised between left and right views

d = x3—x,

crossChecking[x, y, d] Xy = argmin W(xy, x, yl § A | x1 = arg min W(x, x., y]

2 Among all the pixels belonging to the right view's scanline of ordinate vy, it is (x,, y) which is
best superimposed with (x, y) in the left view and among all the pixels belonging to the left
view's scanline of ordinate y, it is (x;, y) which is best superimposed with (x,, y) in the right

view.

= Points occluded in one of the images of the stereo pair should not satisfy « cross-checking »

-10 - [Fua, 1993]



INITIAL DISPARITY MAP DEDUCED FROM RAW DSV

argming D[x,y,d] if crossChecking(x,y, d] is true.

1 otherwise
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DSV FILTERING WITH A GAUSSIAN FILTER

1 d2+ag

Z D[x + dx,y + dy,d] - e 22

ey dy€{=5,...,+5}
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DSV FILTERING CONTROLLED BY SEGMENTATION

DSV cut along the plane of equation
y=60

Left view

Right view

A FIRST EXAMPLE OF REGIONAL AGGREGATION
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Suppose we wish to determine which voxels may be used, so that their costs are aggregated to the

voxel of coordinates (x,y,d). If (x,y) belongs to region R;in the left view, and (x-d,y) belongs to region

Rj in the right view, then :

Sixya) =

D[x,y,d] «

LZ

S
1S (x,y,al Or= S

-14 -

{(dx,dy) [ (x +dxyy +dy) € Re A (X +dx —dyy+dy) € Ry}
D[x +dy,y + dy, d]



A FIRST EXAMPLE OF REGIONAL AGGREGATION

DSV cut along the plane of equation
y=60

Left view

FILTERED DSV cut
along the plane y=60
with |d, |d,| <5

Dimensions
Patch : 11 x 11 pixels
Image : 1434 x 984 pixels

An initial disparity map with
Aggregation constrained by left and right image segmentations
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TOWARDS A MORE ELABORATE AGGREGATION SYSTEM

Up to now, the aggregation is controlled by a patch of limited scope.
x Insufficient in texture-less areas

x Induces errors and intra-regional inconsistencies

Furthermore, the filtering operates independently on each disparity plane. Therefore, we
assumed that the image areas covered by the patches are fronto-parallel to the cameras.
x Little imprecisions as long as patch size is small

x  Problematic for tilted regions

-17 -

Cost Aggregation



CosT AGGREGATION (FRONTO-PARALLEL)

Consider the horizontal moving average, in the left direction :

1 = .
DPx,y,d] = — ;D[x— i,y,d]

We split the summation term as follows :

DV, y,dl = (D[x y,d]—i-ZD[x—L,y, ])
i=1
1 n—1
I set i ji1 = — 1(D ,y,d]+j_ZOD[(x1)—j,y,d])
- H] (Dxy,dl+n- DY, x—1,y,dl)
I express the shift as 1 ~
aneﬁosion f = L4 (D[x,y,d]+n E€BL (D )[x,y, ])
- 1
wm _ ' [L
e R EBL( n- ‘)
With structuring element : Br ={(—1,0,0)}
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CoSsT AGGREGATION & STOPPING CRITERION

Aggregation constrained by segmentation

We must interrupt the aggregation if we observe a change of region.

How to proceed?

Data :
L1 (xyy) = Lilxyyl =1 iff (x,y) € Ry Left image partition
L. (xyy)—= Lix,yl=j iff (x,y) € R; Right image partition

Superimposition volume of partitions : Lv

Lvix,y,d] = Li[x,y] + Lr[x — d, Y] 'I'Eag(ﬁl[qu]
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CoSsT AGGREGATION & STOPPING CRITERION

Aggregation constrained by segmentation

We must interrupt the aggregation if we observe a change of region.

How to proceed?

<—
F | =
egly
D 7 7 8 4 3 1 1 0
Dy 18 19 20 0 1 2 3 4
Doyt @ t=0 7 7 8 4 3 1 1 0
Dgyr @ t=1 ? 14 15 4 7 4 2 1
Doyt @ t=2 ? ? 22 4 7 8 5 2
Dgy7 @ t=3 ? ? ? 4 7 8 9 5
Dqyr @ t=4 ? ? ? 4 7 8 9 9
Doyt + (min{4, Dg} + 1) ? ? ? 4 35 | 27 | 23 | 1.8
Update law : Duyp — D+ eg(Dout)

Dsp +  Binary volume indicating the voxels where Dg = t

DOl_IT t DUPD : DSEL + DOUT : [1 - DSELJ
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CoST AGGREGATION WITH DISPARITY VARIATION

Directional aggregation (fronto-parallel)
X
T e e @ € @ @ @ O O O
© ©0 0 @ @6 @ @86 @ O O
o0 >0 >0 >O0>0>0>0>0 >0

©O O O O O 0 06 @ 0 o
Directional aggregation (shortest path)
’Xl
b
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CoST AGGREGATION WITH DISPARITY VARIATION

Directional aggregation (shortest path)

l regularisation term

~ 1 ) ~ -
Dild'] = o (D +n - min {EBO (Df:ﬂ] ) y €B, (Difﬂ ) + E,}) , Vn =1
Notation : d = [ds dyl Image plane direction of diffusion
D éd ) — D Initialisation
By = {(d, dy, 0)} Fronto-parallel structuring element
B: = {(d«,dy,—1),(dx,dy,+1)} Structuring element handling tilted
regions
X
[ ® @ @ 0 O O

© 06 @ ©
© 0 0 606 O 0 ¢
© O OO0 00 6 6 0 ©
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COMBINING DIRECTIONAL AGGREGATIONS

Aggregation directions are expressed with respect to the image plane.
The following directions are considered :

* Horizontal (left and right)

 Vertical (up and down)

The algorithm combines the directional aggregations as follows:

LEFT aggregation UP aggregation

RIGHT aggregation DOWN aggregation

Note :

If there is no disparity variation along the aggregation paths,

then this algorithm implements a 2D moving average (constrained by segmentations),
by exploiting the linear separability of the filter.
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BEHAVIOUR OF THE DIFFUSION BLOCK FOR DIFFERENT PARAMETERS

Adirondack (Middlebury 2014 database)
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BEHAVIOUR OF THE DIFFUSION BLOCK FOR DIFFERENT PARAMETERS

5




BEHAVIOUR OF THE DIFFUSION BLOCK FOR DIFFERENT PARAMETERS

Motorcycle (Middlebury 2014 database)
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BEHAVIOUR OF THE DIFFUSION BLOCK FOR DIFFERENT PARAMETERS




Multi-scale extension to the aggregation system
& Filtering of sparse disparity maps

DisPARITY MAP CLUSTERING

AustraliaP - Initial image
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DisPARITY MAP CLUSTERING

AustraliaP - Initial disparity map (half resolution)
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DisPARITY MAP CLUSTERING

AustraliaP - Disparity clusters
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DisPARITY MAP CLUSTERING

AustraliaP - Large area opening on disparity clusters
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DisPARITY MAP CLUSTERING

g A ) e
v S0 it P

AustraliaP — Smaller area opening on clusters
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DisPARITY MAP CLUSTERING

AustraliaP - Bad clusters cover low gradient areas
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FILTERING WITH DisPARITY MAP CLUSTERS

3 —_—
85y,

AustraliaP - Large clusters, and small clusters holding
sufficient gradient information
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FILTERING WITH DisPARITY MAP CLUSTERS

RESULT AFTER CLUSTER-BASED FILTERING

INITIAL RESULT

-37 -

FATTENING EFFECT REMOVAL

Algorithm's main principles

1. Compute the following elements :
(a) Disparity clusters on a regional basis
(b) The first percentiles of the disparity measures available in each region.
In our experiments, we go up to the 30" percentile.
2. In each region, mark the pixels having a disparity measure equal to one of the percentiles
computed for the considered region.

3. Reconstruct clusters holding marked pixels, with their disparities.

BEFORE



MULTI-SCALE AGGREGATION

Some observations :
* We now have filtered disparity maps, but relatively sparse.
* The density of measures found in these disparity maps is about 45 % on average.
» Above n=25 pixels, augmenting the aggregation scope neither increases the density of the
measures, nor improves the results.
* A small aggregation scope leads to precise measures, but also very gross errors.
* A large aggregation scope reduces the number of gross errors, but yields more approximate

disparity measures.

We propose a multi-scale extension in two steps :
* A « coarse-to-fine » refinement, which yields precise disparity measures, while preserving the
regional consistency observed at the coarse level of aggregation.
* A « fine-to-coarse » densification, which leaves only the pixels found in occluded areas,

without a disparity measure.

-39 -

MULTI-SCALE AGGREGATION

The « coarse-to-fine » refinement D
\ i A L
i Enveloped Enveloped Enveloped Enveloped
Diffusion ™ Diffusion ®  Diffusion Diffusion ™ Diffusion
n=25 n=20 n=15 n=10 n=5
L Y v v L
Filtering Filtering Filtering Filtering Filtering
I L |  — ] i
=" =" i—3 i=4 D

We impose a constraint on the filtered disparity space volume

which, at iteration i+1, is:

Dourlx, Y, d]

Doutlx,y, d] <

“+00

if DV [x,y] —d| < AV

otherwise
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MULTI-SCALE AGGREGATION

The« fine-to-coarse » densification

@]

(5]

D
Y Y Y Y
Constrained Constrained Constrained Constrained
Diffusion Diffusion Diffusion ™ Diffusion
n=10 n=15 n=20 n=25
Y Y Y Y
Filtering Filtering Filtering Filtering
i=6 =T i=8 'I).ql

We impose a constraint on the filtered disparity space volume

which, at iteration i+1, is:

Doutlx,y, d] +

Dourlx,y, d]
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it D V[x,y] #d

otherwise

MuULTI-SCALE AGGREGATION

Adirondack (Standard diffusion, n=25)
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MULTI-SCALE AGGREGATION

Adirondack (Refinement, n=20)
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MuULTI-SCALE AGGREGATION

Adirondack (Refinement, n=15)
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MULTI-SCALE AGGREGATION

Adirondack (Refinement, n=10)
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MuULTI-SCALE AGGREGATION

Adirondack (Refinement, n=5)
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MULTI-SCALE AGGREGATION

Adirondack (Densification, n=10)
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MuULTI-SCALE AGGREGATION

Adirondack (Densification, n=15)
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MULTI-SCALE AGGREGATION

v

ol e
i i

Adirondack (Densification, n=20)
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MULTI-SCALE AGGREGATION

INITIAL DIFFUSION MULTI-SCALE DIFFUSION
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MULTI-SCALE AGGREGATION

OCCLUSION MASKS MULTI-SCALE DIFFUSION

f

’
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MULTI-SCALE AGGREGATION

INITIAL DIFFUSION MULTI-SCALE DIFFUSION
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Hole filling and Finishing

INTERPOLATION, DISTANCE FUNCTIONS, AND WATERSHED TRANSFORMATION

» X
l_—

d —\\\\\ 1 marker
: \/
’ 4
minima
' marker

1
¥

Configuration Binary distance function Watershed of the inverted
obtained by successive distance function,
erosions on minima controlled by the red and

blue markers
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INTERPOLATION, DISTANCE FUNCTIONS, AND WATERSHED TRANSFORMATION

AustraliaP (Interpolation based on distance functions, per cell)
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INTERPOLATION, DISTANCE FUNCTIONS, AND WATERSHED TRANSFORMATION

Adirondack (Interpolation based on distance functions, per cell)
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INTERPOLATION, DISTANCE FUNCTIONS, AND WATERSHED TRANSFORMATION

.

Adirondack (Finishing)
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INTERPOLATION, DISTANCE FUNCTIONS, AND WATERSHED TRANSFORMATION

REFERENCE VIEW FULL DISPARITY MAP
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Evaluation
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MIDDLEBURY 2014 BENCHMARK

Online evaluation system : http://vision.middlebury.edu/stereo

* 30 evaluated stereo pairs, with resolution choice :
2 Full [F] - 2872 x 1984 pixels
2 Half [H] - 1436 x 992 pixels
2 Quarter [Q] - 718 x 496 pixels (chosen)

* Wide-baseline (200 levels of disparity for resolution [Q], 800 levels for resolution [F])

* Accuracy measures (examples) :

> « Bad pixels 4 » : percentage of pixels with a disparity measure differing from 4 pixels or more, with
respect to the ground truth at full resolution. At quarter resolution, the maximum disparity error
threshold equals 1 pixel.

2 « Average error » : the mean average error compared to the ground truth.
(expressed according to resolution [F])

2 « RMS error » : the root-mean-square error compared to the ground truth.
(expressed according to resolution [F])

* Evaluation performed for our sparse and full disparity maps.
* Important: the level of densification must be taken into account for the sparse evaluation.
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MIDDLEBURY 2014 BENCHMARK

Sparse results (compared to 44 methods)

MPSYV = Diffusion + Filtering, MPSVe1 = Multi-scale diffusion + Filtering

Set: training dense training sparse
Metric: bad 0.5 bad 1.0 bad 2.0 bad 4.0 avgerr rms A50 A90 A95 A99 time time/MP time/GD
Mask: nonocc all
| plot selected show invalid @1
bad 4.0 (%) Weight | I | ) ( ) | ) | ) | | ) (| ] || ) | | | ]
Date Name Res| Avg [Adiron| ArtL (Jadepl(Motor MotorE| Piano PianoL| Pipes Playrm| Playt |PlaytP| Recyc(Shelvs(Teddy Vintg
MP: 5.7 | MP: L5 | MP: 5.2 [MP: 5.9 | MP: 5.9 | MP: 5.4 | MP: 5.4 [MP:5.7 | MP: 53  MP:5 | MP:5 | MP:56  MP: 59| MP: 2.7 | MP: 5.5
nd: 290 | nd: 256 | nd: 640 | nd: 280 | nd: 280 | nd: 260 | nd: 260 | nd: 300 | nd: 330 ( nd: 290 | nd: 290 | nd: 260 | nd: 240 | nd: 256 | nd: 760
im0 im1[im0im1)im0 im1{im0 im1|im0 im1|{im0im1l/im0 im1{im0im1|im0 im1{im0imLl{im0im1/im0im1l{im0im1|im0iml/im0iml|
GT GT GT GT GT GT GT GT GT GT GT GT GT GT GT
Nenecc | NenoCC | NONCCC | NeNOCC | NONGCC | NONOCC | NONOCC | NONOCC | NONOCC | NONOCC | NONGCC | NCNCCC | MONOCC | NONGCC | NONOCC
44 Ly Q4| 84 | O | 04 | 0dF | 04 | O | D4 | 04 | 84 | 84 | B4 | D4 | 04 | 04 | O | O
09/28/15 || R-NCC 5::) F 0.19! 0.041 0.231 0.051 0.481 0.511 0.201 0.251 0.10! 0.161 0.121 0.141 0.071 0.321 0.031 0.091
04/03/16 [ | ICSG 5:.:’ F 2.352 2.689 1.864 2.805 2.112 1.883 2.313 2.826 2.364 2.453 4.662 1.632 2.475 3.252 1.605 2.153
07/28/14 || SGM 4:2 F 2.463 1.755 1.593 1.152 2,504 2.004 2162 1.753 2.173 2402 13.01£41.793 1.222 7.624 1.384 1.332
10/07/14 || IDR <:I:'.:|> H 2.544 1654 2.235 1.313 2313 1.642 3.846 1.292 2.36¢4 2.464 6.354 2.654 2.053 8.955 0.822 2.754
03/15/16 |[& MPSV 5::) Q 3.465 2.2506 1.342 1.43¢ 47810437 103,325 2304 1.792 4,706 155184279 2,977 5303 1.113 3.44¢
12/18/15 [ | INTS 5:.:’ H 3.956 2.437 2.867 4.038 2,555 2.406 538104328 3.106 4495 6.575 3.485 2.886 14.5122.067 6.5810
09/18/14 || SNCC 4'::3. H 4.177 350124.99113.377 4.358 3.708 3.054 2,685 3.969 5.018 10.38 3.968 2998 9696 2.97103.015
07/28/14 || SGM <:I:'.:|> H 4.438 3.65133.118 3.126 3.877 3.317 4.217 3.447 3.908 4.887 16.6233.817 3.199 12.99 2.448 3.707
04/17/15 [_| TMAP <)E::>| H 4.439 1512 3.17% 5.24102,636 2.365 5.05%9 5.22104,03105.289 11.9113.546 2,334 13.9114,52145,77¢
07/28/14 [ | Cens5 5::) H 5.85105.05175.65135.60116.0816 5.44 14 4,498 4369 5.66116.41 1016.3214.70104.481112.68 3.93114.348
11/12/14 || LCU 4'::3. Q 6.91112628 £.52147.39144.709 4.871210.2147.77116.45138.731210.39 £.77133.8410245192.759 9.0613
02/18/16 | | LS-ELAS ch F 7.0212582202.856 4589 555134.72118.971210.2133.787 8.131112.8126.31119.792720.0142.006 16.120
07/25/14 || SGM <)E::>| Q 7.67134.72167.42166.62136.24175.721590.64138.18127.02169.26 1315.3178.24166.121318.9134,27138.1411
07/25/14 [ | SGBM1 5::) F 9.09148.66277.45176.09126.721910.3 20 12.71910.9 14 8,2917 9.53 14 20.9277,7914 $.871613.1 10 5.471612.315
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MIDDLEBURY 2014 BENCHMARK

Sparse results (compared to 44 methods)

Set:

MPSYV = Diffusion + Filtering, MPSVe1 = Multi-scale diffusion + Filtering

training dense training sparse
Metric: bad 0.5 bad 1.0 bad 2.0 bad 4.0 avgerr rms AS50 AS0 AS5 A99 time time/MP time/GD

Mask: nonocc all
| plot selected show invalid | Reset sort
TSt S— S— S— SE—
avgerr (pixels) Weight | ) | | ) | ( ) || | ) ||| || ]
Date Name IRes| Avg |Adiron| ArtL Jadepl Motor|MotorE| Piano Pianol| Pipes Playrm| Playt [PlaytP| Recyc|ShelvsTeddy|
MP:5.7 | MP: 1.5 | MP: 5.2 | MP: 5.9 | MP:5.9 | MP: 5.4 | MP:5.4 [ MP:5.7 | MP:5.3 | MP:5 | MP:5 | MP:5.6 | MP:5.9 MP: 2.7 [ MP: 5.5
nd: 290 | nd: 256 | nd: 640 | nd: 280 | nd: 280 | nd: 260 | nd: 260 | nd: 300 | nd: 330 | nd: 290 | nd: 290 | nd: 260 | nd: 240 | nd: 256 | nd: 760
im0 im1[im0 im1{im0im1/im0iml{im0 im1{im0im1|im® im1|im0im1|im0 im1|im0im1|im0iml/im0im1/im0im1|im0iml{im0iml
GT GT GT GT GT GT GT GT GT GT GT GT GT GT GT
NoNoCC | NONoCC | Nonoce | NoNoCe | NONGCC | NENoCC | Nonocc | Nonocc | nonocc | nonocc | nonocc | nonocc | nonocc | nonocc | nonocc
iy i) Rt I R O R T R
09/28/15 [ | R-NCC <)I::|:> F 0.591 0.411 0.661 0.621 0.761 0.891 0.51! 0.60! 0.651 0.681 0.411 0.421 0.501 0.781 0.451 0.461
10/07/14 | | IDR <)I::|:> H 1.742 1.053 1.45% 2,152 1.162 1.052 1.414 1.062 2.033 1.302 10.5201.163 0.953 2.703 0.712 1.803
12/18/15 || INTS <)I::|:> H 1.993 1.115 1.935 4.715 1.494 1554 1555 1.695 2.524 1.664 3.173 1.344 1.034 4.188 1.014 2.587
07/28/14 || SGM <)I::|:> F 2.064 1.79101.292 2984 1.383 1.273 1.282 1.604 1.752 1573 15.4311.022 0942 2482 0.913 1.192
07/28/14 | | SGM CE:D H 2.735 1.66% 2.077 5.246 1905 1.785 1.586 1.896 2,766 2.035 17.1371.505 1.225 3.786 1.155 1.723
03/15/16 [ MPSV QE:D Q 2.836 1.86111.714 2.683 2.187 2.087 250112.739 2535 2.638 16.4352.028 1.92134.087 1.57122.73¢
11712714 [ | LCU QE:D Q 3.057 1.356 3.17116.817 2.67102.81 10251132417 479142879 3.464 2.07111.479 6.58161.166 3.361]
09/18/14 | | SNCC <)I::|:> H 3.268 2.52192.78107.208 2298 2198 1403 1543 3.017 2.607 20.0382.16121.317 3.284 1.237 1.75¢
04/17/15 || TMAP <)I::|:> H 3.519 1.084 1.946 10.5122.056 2.056 2.048 516193.859 2.346 15.2301.556 1.225 6.54151.48102.87 10
07/25/14 | | SGM <)I::|:> Q 3.88102.01124.10158.94103.22163.02 122.86143.51105,15153.261011.9222.43131.77115.67131.50112.72¢8
07/28/14 | | Cens5 <)I::|:> H 4.33113.02213.921411.4133.14143.06141.937 2508 4.52123.351123.5412,059 1.81124.289 1.479 2.03¢
02/18/16 | | LS-ELAS <)I::|:> F 4.35123.95252.359 11.9142.99132.8]1 10 295164.8016 3,128 3.78139.94192.059 3.49276.93201.388 9.16 26
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MIDDLEBURY 2014 BENCHMARK

Sparse results (compared to 44 methods)
MPSV = Diffusion + Filtering, MPSVe1 = Multi-scale diffusion + Filtering

Set: training dense training sparse
Metric: bad 0.5 bad 1.0 bad 2.0 bad 4.0 avgerr rms AS50 AS0 A95 A99 time time/MP time/GD

Mask: nonocc all

plot selected show invalid |
rms (pixels) Weight | (|| || | || ]
Date Name Res| Avg [Adiron| ArtL Jadepl MotorMotorE Piano Pianol| Pipes Playrm| Playt PlaytP|Recyc|Shelvs Teddy -]
MP:5.7( MP: 15| MP: 5.2 | MP: 5.9 | MP:5.9 | MP: 5.4 | MP. 5.4 (MP: 5.7 | MP:53 | MP:5 | MP:5 [ MP:5.6| MP: 5.9 ( MP: 2.7 | MP:5.5
nd: 290 | nd: 256 | nd: 640 | nd: 280 | nd: 280 | nd: 260 | nd: 260 | nd: 300 | nd: 330 | nd: 290 | nd: 290 | nd: 260 | nd: 240 | nd: 256 | nd: 760
im0 im1|im0 im1/im0im1/im0 im1)im0 im1|im0 im1/im0 im1|im0im1 im0 im1|im0im1/im0im1)im0im1/im0im1|im0im1/im0im1
GT GT GT GT GT GT GT GT GT GT GT GT GT GT GT
NONOCE | NONGCC | NONOCC | NENDCC [ nonocc | nonocc [ nonocc  nonocc | nonocc | nonocc | nenocc | nonocc [ nonocc | nonocc | nonocc

44 {44 D) 84 | Ddr | Dfr | BAr ) 84 ) B4 | 04 | B4 | O | Odr | OAr ) Bdr ) B4 | Ddr | O4r | 04

09/28/15 || R-NCC 2.911 0.981 3.851 6.731 4.331 5.111 1.241 1.681 5.461 2.401 1.691 1.981 1.141 2.641 0.841 0.931

10/07/14 || IDR

B8.412 5855 6.713 18.83 5822 6.002 5483 4992 1254 5782 37.6204.512 4213 7.593 2992 B.563

03/15/16 [ MPSV 8.703 6.397 5.762 17.72 6.133 6.243 8.38159.799 10.42 6.684 27.7194,793 5,509 12.0115.158 B.706

12/18/15 | | INTS 9.094 5472 8.566 29.65 8.105 8.895 5.082 6.103 13.35 6.273 10.6¢ 5.563 3.632 10.46 3.824 9.95°0

07/28/14 [ | SGM 9.845 10.6166.894 24.14 7.344 7444 $.317 7.876 10.83 8505 38.4306.027 4.846 7.002 4135 7.182

11/12/14 [ | LCU 11.16 5593 10.6% 32.07 1251112.8116.246 7.525 183129458 9593 §398 5167 14.7163.053 11.111

T G 0 B 40 40 4
T O M T O£ T M

07/28/14 | | SGM 11.87 8.43128.927 32.98 9.766 9.736 6.388 8.007 14.16 8.857 44538734105308 9.593 5199 7.703
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Full results (compared to 44 methods)

MPSVe1 = Multi-scale diffusion + Filtering

Training dense ; bad 4.0 ; all pixels

~sPs F 22.02613.22723.03032.02414.23213.82822.43131.92824.13432.33723.31521.43618.73642.03111.61732.720

C JEM 22.3279.602126.73537.63215.435 16.4 33 20.726 34.630 20.119 30.1 29 26.62022.03713.026 38.4 22 14.63435.025

07/28/14 | | Cens5 22.62016.4 32 20,721 31.92312.627 11.5 24 22,230 31.8 27 22.330 31.1 34 49,741 16.024 14,930 41.8 30 14.132 45.2 41

09/14/15 [ | ELAS H 23.63014.82020.82442.33714.532 14,0 20 23,133 37.332 21.323 31.2 35 44.33415.62219.038 42.8 34 14.73535.2 27
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Full results (compared to 44 methods)

MPSVe1 = Multi-scale diffusion + Filtering

Set: training dense training sparse
Metric: bad 0.5 bad 1.0 bad 2.0 bad 4.0 avgerr rms AS50 90 AS95 A99 time time/MP time/GD

Mask: nonocc all

: Reset sol
et

i plot selected | show invalid

avgerr (pixels) Wizight | | ] | ) ] | ] | | ] | ]| ) | e | ] |
Date Name Res| Avg |Adiron| ArtL (Jadepl MotorMotorE|Piano [Pianol| Pipes |Playrm| Playt |PlaytP|Recyc|Shelvs|Teddy|Vintg
MP: 5.7 | MP: 1.5| MP: 5.2 | MP: 59| MP:59 |MP:54  MP:5.4 | MP:5.7 | MP:5.3 | MP:5 | MP:5 [MP:56| MP:5.9 | MP:2.7| MP: 5.5
nd: 290 | nd: 256 | nd: 640 | nd: 280 | nd: 280 | nd: 260 | nd: 260 | nd: 300 | nd: 330 | nd: 290 | nd: 290 | nd: 260 | nd: 240 | nd: 256 | nd: 760
im0 im1[im0 im1/im0 im1{im0 im1)imD im1{im0 im1}im0 im1|im0 im1fim0 im1|im0im1l{im0 im1/im0 im1{im0im1|im0im1llim0im1
GT GT GT GT GT GT GT GT GT GT GT GT GT GT GT
nonocc | nenocc | nenocc | nonece | nonecc | nonoce | Renoce | nonocc [ nonoce | nenoce | nonoce [ nonoce | nenocc | nonoce | nonocc
o4 i D) i | B4 | BAr | Ddr | DA | Ofr | Bfr | Dar ) B | DA | D | O ) OF | 0 | O | O

05/12/16 || PMSC 4.901 1.021 4884 2477 2,981 2,941 2503 4.391 6.271 4182 1.811 2.001 1.341 5444 1.883 5784

01/19/16 || NTDE 5232 1.382 4.743 25.89 3.262 3.352 2.291 4602 7.172 4.131 3.632 2.683 1.582 5.063 2.165 4.671
11/12/14 [ | LCU 5.003 1.754 5.508 19.71 3.924 4.06% 3.268 5.809 8.584 4.854 4.744 2.996 2,268 6.858 1.852 17.431
12/18/15 [ | INTS

11/03/15 | | MC-CNN+RBS &

ALISTIURTIREL

5014 1.905 5427 22.75 4.216¢ 4339 3.03°¢ 6.08118.695 4.653 6598 3.21% 1.723 7.47102.56127.478

i

6.675 2,227 842232224 3955 3.873 2342 474+ 13.9320.76254.805 3.66152.389 4.632 5.90305132

ol

04/12/16 | MeshStereoExt & 7.226 2.278 11.22721.42 5.07165.,56 18 3.38104.935 11.41712.3295.167 4.80252.104 6.015 5.34297.006

04/19/15 || MeshStereo 7.597 2.399 6.441336.4245.40225.71203.257 5457 11.6186.34 114,926 2.734 2,257 11.1281.904 5621
07/28/14 || SGM
05/28/16 || APAP-Stereo 7.829 4.90275.707 44.5343.863 3.985 3.025 4.643 B.023 9.01234.563 4.04183.12173.361 2.58136.525
04/17/15 || TMAP 7.88102.44115.881030.9144.7211 4.41 10 3.861413.7209.257 6.12 8 16.6263.137 2.226 10.9262.731510.524
11/05/15 || GCSVR
04/08/15 || REAF
07/25/14 | | SGM

07/28/14 || SGM

819112136 9.752633.3204.40% 458122874 6.071010.7125.867 13.4183.198 2,215 11.1291.671 18.838
8.40124.073217.201932. 4174761247013 5.002211.7 27 10.913 8.61 20 15.1224.0418 2.54119.72 21 3.30219.2013
8.51152.46127.842232.1165.1718 4,05 155,12248.421711.3166.159 185303.50132.841£48.35122.549 15524
85314400274.651 30.3134.70104.328 377135768 1049 7.0412254374.2721436269.34192.338 17.734

H
H
Q
H
H
H
H
M 7.638 249135045 259104388 4157 3.56126.62120.478 5335 26.8303.40112.84148.82142.307 16.127
H
H
H
H
Q
F
H

T 60 4 G 00 00 60 00 60

10/07/14 IDR

8.57152.601£45971230.0124267 3.904 4391710.82510.4106.30 10 39.6432.,612 2.421010.2 222,549 9.0911

i
)
=
i
o
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Full results (compared to 44 methods)

MPSVe1 = Multi-scale diffusion + Filtering

Set: training dense training sparse
Metric: bad 0.5 bad 1.0 bad 2.0 bad 4.0 avgerr rms AS50 AS0 AS5 A99 time

Mask: nonocc all

| plot selected ' show invalid |
rms (pixels) Weight s | s —
Date Name Res| Avg [Adiron| ArtL |Jadepl|Motor|MotorE| Piano Pianol| Pipes Playrm| Playt PlaytP RecycShelvs Teddy

=
yadep
MP: 5.7 [ MP: 1.5 | MP: 5.2 | MP: 5.9  MP: 5.9 | MP: 5.4 | MP: 5.4 | MP: 5.7 | MP: 5.3 | MP:5 | MP:5 | MP:5.6 | MP:5.9|MP:2.7 [ MP: 5.5
nd: 290 | nd: 256 | nd: 640 | nd: 280 | nd: 280 | nd: 260 | nd: 260 | nd: 300 | nd: 330 | nd: 290 | nd: 290 | nd: 260 | nd: 240 | nd: 256 | nd: 760
imQim1fim0im1/im0 im1[im0 im1|im0Q im1|im0im1{im0 im1/im0im1|im0 im1|im0 im1/im®iml/im0iml/im0im1l{im0iml)im0iml
GT GT GT GT GT GT GT GT GT GT GT GT GT
NoNoCC | NEnoce | nonoce | nonocc | nonecc | nonocc | NONDCC | NONBCC | NENGCC | nonecc | nonecc | nonocc | nonocc | nonocc | nonocc
Ly

N4 N4 R R O o o a1 (B

11/12/14 | LCU 16.81 7.013 1463 57.22 16.12 16.22 7.333 155102443 12.91 1212 8.993 7.724 1466 5.121 36.224

05/12/16 || PMSC 17.42 6.701 19.11772.6° 15.51 15.41 8498 13.76 21.01 16.05 7.051 8.482 4.831 12.94 8.391325.411
01/19/16 | | NTDE
12/18/15 | | INTS
11/03/15 || MC-CNN+RBS
07/28/14 || SGM
04/19/15 [ | MeshStereo 21.47 10.71218.71686.72421.722 23.0 21 8.969 12.52 30.31817.59 14.5¢ 9.225 8.449 25.2366.113 16.81

17.73 7.61¢ 14.64 73.61016.63 17.04 6.081 12.53 23.82 13.12 13.93 9.747 6.163 11.33 9.981620.95
18.44 8.846 16.37 66.26 18.51110.3148.127 14.27 26.37 13.84 1957 10.6115.852 1599 9.161518.83
20.95 10.18 21.12356.91 16.84 16.73 6.492 13.34 39.13636.02718.85 13.9209.551311.22 21.83017.12
21.26 10.11014.52 68.37 17.86 17.58 10.51316.21125.96 16.66 55.94011.01511.01818.6177.859 34.119

AGUREPREUR RUREVRELR Y
I I T I T T O
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CONCLUSION

Main aspects of the proposed method

v Geometrical constraints such as low baseline, fronto-parallelism for segmented

objects, and ordering constraint, are not required.

We distinguish disparity measurement from disparity estimation.

The method is quite robust to occlusions.

The cost aggregation takes into account the segmentations of the left and right
images of the stereo pair.

v The multi-scale extension improves the regional consistency of the disparity
function, without affecting its precision.

v A morphological filter detects and prunes bad measures, by using the concept of
disparity clusters and by analysing disparity distributions on a regional basis.
Results are comparable to the state-of-the-art.

The RMSE remains quite low compared to the ground truth, for both sparse and
full results.

v Disparity maps are visually appealing.

- 67 -

CONCLUSION

Perspectives

2 The algorithm will be optimised and applied to higher image resolutions. An
increase in performance is expected.

2 Disparity function should be better regularised across homogeneous regions.

2 It would be interesting to ameliorate the multi-scale extension so as to take
several hierarchies of segmentations into account during the aggregation phase,

rather than relying on a single segmentation.
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Thank you for your attention
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