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Abstract: In this paper, we propose a new refinement filter for depth maps. The filter convolutes a depth map by a
jointly computed kernel on a natural image with a weight map. We call the filter weighted joint bilateral filter.
The filter fits an outline of an object in the depth map to the outline of the object in the natural image, and it
reduces noises. An additional filter of slope depth compensation filter removes blur across object boundary.
The filter set's computational cost is low and is independent of depth ranges. Thus we can refine depth maps
to generate accurate depth map with lower cost. In addition, we can apply the filters for various types of
depth map, such as computed by simple block matching, Markov random field based optimization, and Depth
sensors. Experimental results show that the proposed filter has the best performance of improvement of depth
map accuracy, and the proposed filter can perform real-time refinement.

1 INTRODUCTION of the depth map.

The optimization methods based on Markov ran-

Recently, image processing with depth maps (e.g. dom field/conditional random field (e.g. dynamic pro-
pose estimation, object detection, point cloud pro- gramming (Ohta and Kanade, 1985), multi-pass dy-
cessing and free viewpoint video rendering) attracts namic programming (Fukushima et al., 2010), semi-
attentions, and releases of consumer-level depth senglobal block matching (Hirschmuller, 2008), belief
sors (e.g. Microsoft Kinect and ASUS Xtion) ac- propagation (Sunetal., 2003) and graph cuts (Boykov
celerate the boom. In these applications, accurateéet al., 2001), generate accurate depth maps, while
depth maps are required. Especially, the free view- these complex optimizations consume much time.
point image rendering requires more accurate depthThe computational cost depends on search range of
maps (Fukushima and Ishibashi, 2011). The free depths or disparities. The computational order is usu-
viewpoint images are often synthesized by depth im- ally O(d), O(dlogd) or O(d?), whered is search
age based rendering (DIBR) (Mori et al., 2009) that range of disparities/depths. In addition, the strong
demands input images and depth maps. constrains of the smoothness consistency in the op-

Depth maps are usually computed by stereo timizations tend to obscure local edges of the depth
matching with stereo image pair. The stereo matching map. (Wildeboer et al., 2010) solves the problem by
finds corresponding pixels between left and right im- using manual user inputs which indicate object edges.
ages. The depth values are computed disparities To make real-time stereo matching, we can se-
of the correspondence. The stereo matching consistslect light weight algorithms, but its accuradpesnot
of four steps that are matching cost computation, cost reach well optimized approaches, so depth map at ob-
aggregation, depth map computation/optimization ject boundaries will be invalid and large noises will
and depth map refinement (Scharstein and Szeliski,appear. Thus, computational cost and accuracy are
2002). trade-off problem,

Depth maps computed by stereo matching meth-  Depth sensotsncluding IR signal pattern projec-
ods tend to have invalid depth value around object tion based and Time of Flight (ToF) based sensors,
edges and contain spike/speckle noise. To obtain ac-also generate depth maps. Thelvicescan cap-
curate depth maps, most of the stereo matching meth-ture more accurate depth maps, but they cannot cap-
ods perform an optimization to improve the accuracy ture natural RGB images. To capture RGB images,
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Signal Intensity Depth ing becomes low to remove the noisesn addi-
A tion, only Gaussian noise can be removed by the fil-
Stereo ) ter, although depth map contains spike, speckle/blob
matching . ‘ and non-Gaussian noises. Moreover, the inaccuracy

around object boundaries cannot be correct well.

After / . Now, a variant called joint bilateral filter (or cross

filtering bilateral filter) (Pestschnigg et al., 2004; Eisemann
and Durand, 2004; Kopf et al., 2007) relaxes bilat-
eral filter’s problem well by adding additional infor-
‘ mation. The information is an original RGB im-
age used in depth estimation. This method regards
the depth map as a filtering target, and the original
RGB image as a kernel computation target. The fil-
ter makes the kernel by color or intensity values of

an additional CCD sensor is required. -In addition 1o RGB image instead of depth values. The filter
depth map-image registration is required because sentan smooth small non-Gaussian noises. In addition

sors’ position.s are differeljt. However, .the registration ihe filter can fit edges in the depth map around an
tends to be violated at object boundaries. object to edges in the natural image’s object. How-
In the real-time stereo matching and the depth sen-eyer the joint depth and image processing make a
sor acquisition, both methods require noise reduction, nay problem. The joint bilateral filter spreads blur-
object boundaries recovering are required. Therefore,ring to the outside of the depth map due to mixed
to correct the depth at object boundary, and to remove pixe|s. and outliers. Mixed pixels in natural images
noise on depth maps, we propose a refinement filter gccyr on foreground and background boundaries and
for depth maps from stereo image pair or depth sen- they arecaused by CCD sensor’s aliasing and optical
sors. For real-time applications, we keep the compu- iens blur. The joint bilateral filter transfers the blur
tational cost of the filter low. to the depth map. In addition, impulse outliers and

The rest of this paper is organized as follows. |arge size noises on the depth map are diffused by the
Sec. 2 describes related works of refinement filters. fjjtering,

Proposed methods are presented in Sec. 3, and exper-

. tal It h in Sec. 4. Sec. 5 lud Some methods can reduce this type of the blur
'tmgré:pzsu S aré shownin Sec. 4. Sec. > Concludes;, some degree. Multilateral filter (Lai et al., 2010)

has three weights which are space, color and addi-
tional depth weight. The depth weight wants to keep
the shape of the edge of the depth map so that the

2 RELATED WORKS weight suspends blurring. Unfortunately, the weight
also loses an ability of the object boundary recover-

Ground
truth

Figure 1: Effect of depth map refinement

Recently, depth map refinement filters are focused. "9

Requirements for the refinement filter are; capability ~ Cost volume based refinement filter (Yang et al.,
of edge correction, noise reduction, and edge keeping.2007) and its speedup approximation (Yang et al.,
Figure 1 shows the effect of depth map refinement. 2010) have better performance. The methods can cor-
Input depth signals are noisy and edge at boundaryl’ect depth edge and can remove spike noise and small
is not correct. After refinement filter, noise on depth Size speckle noise without diffusion. In addition the
signal is removed and depth at boundary is corrected. method hardly generaélur at object boundaries. In
However unwanted slope blur at the boundary occurs. the processing of the cost volume filter, cost slices
The slope means that object boundary is smoothly Which indicate every possibility of a depth value at

connected, but this is a fake signal. Thus keeping the €ach pixel is computed, and all slices of each depth
blur size small or removing the blur is important for level are stacked. The set of stacked slices are called

the refinement. cost volume. Then, each slice is filtered by the joint
The depth map refinement filters are often edge- bilateral filter slice by slice at each depth level. The

preserving filter, e.g. median filter. Bilateral fil- Possibility is computed by a difference between an
ter (Tomasi and Manduchi, 1998) is an early approach initial depth and each depth level values. The method
of them. The bilateral filter can remove noise while Performsd (depth search range) times bilateral filters,

preserving edges, but the performance of edge keepand also iterates the multiple bilateral filtering pro-

ing and noise reduction is trade-ofi¥hen the im- cess. Thus the method consumes a lot of time.

age has large noises, the performance of edge keep- The refinementfilter which meets all requirements
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is only cost volume refinement, but it is cost consum-
ing. Thus a fast filter which meets all requirements is

an open question. Therefore, we present a new refine-

ment filter to remove impulse/speckle noises, recover
object shapes and suppress the blurs with low com-
putational cost. The refinement contains two filters;
one is weighted joint bilateral filter which is a variant
of joint bilateral filter and can reduce the boundary’s

blurs size, and the other is the slope depth compensa- -,

tion filter which eliminates depth slopes or blurs be-
tween a foreground and background objects.

3 PROPOSED FILTER

3.1 Weighted Joint Bilateral Filter

Ouir filter can reduce noises and correct object bound-
aries without large blur by using an input natural im-
age and a depth map. The filter is a variant of the joint
bilateral filter, and we call the filteweighted joint bi-
lateral filter (WJBF)

We add a weight factor to the joint bilateral filter.
The filter is defined by the followintprmula:

_ z NW(va)C(IPaIS)Rst
Pe= ;ESGNW(paS)C(Ipa's)Rs ’ @)

wixy) = e tCm) cxy) = e H
wherep = coordinate of current pixe§ = coordinate

of support pixel centered around pixgll = input nat-
ural image,D = input/output depth map\l = aggre-
gating set of support pixal w = spatialkernel weight
function,c = color/range kernel weight function, and
each weight function is Gaussian distributian,©¢:
const.). || -], is L2 norm function, andRs = weight
map. This filter is an equivalent joint bilateral filter
exceptfor the weight mapR. If the weight map is
uniform, for example all values of the weighted map
are set to 1, the weighted joint bilateral filter becomes
the joint bilateral filter.

The Eq. (1) is separated into 2 parts; one is a ker-
nel weighting part and the other is a weighting of val-
ues of filtering target part. The formenisandc, and
the latter isR. The value’s weighR controls amount
of influence of depth value on a pixel and is fixed over
the image filtering. Thus we should set high weight at
a pixel which has a reliable depth value.

We want to set the joint bilateral kernel weight of
support pixels on another object to no weight. In the
joint bilateral filter case, the kernel weight between a
current pixel locates on an object boundary and sup-
port pixel on another object tend to have medium ker-
nel weight due to a mixed pixel on the object bound-
ary.

[x-yll2 )
ac ,
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(d) Weight map

(c) Speckle mask

Figure 2: Example of weight map.

The unwanted weight causes blurs on the depth
map near the object boundary. The depth values
around the object discontinuities are unreliable, so we
should set the weight of the depth vale¢o low.

In addition, impulse outliers or outliers in speck-
les/blobs are unreliable. Small speckles may be miss
estimated regions. The region should be set to no
weight. Figure 2(b) shows an example of impulse or
speckles/blobs in a depth map. If we cannot ignore
these regions, the regions of speckle noise are diffused
by a smoothing filter. Basically, the object bound-
ary and the speckle region adversely affect depth map
refinement. Thus we make a weight value for every
pixel, which is a weight majR, in advance to softly
ignore the ambiguous regions of the object boundary
and the speckle region.

In the weight map computation process clas-
sify pixels into located around object boundaries or
not, and speckle noise or not pixel3.he result of
the soft classification is represented by weighting val-
ues. In the classification process, we have two as-
sumptions: First, if there is no boundary between the
current pixel and the support pixdboth pixels are
located at the same objectn this case, the depth
value and the intensity/color of the current pixel are
similar to these of the support pixels. Second, if
size of a connected component is small, the region
is specklenoised In the connected component, dif-
ference among depth values is low.

Under the assumptions, the weight vaRiatsis:

Ds—D
Re= 3 Ms-w(s q)c(lslq)e 2o 2),

seN’

2

whereq = coordinate of support pixel centered around
pixel s, N’ = aggregating set of support pixe,
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w(s,q) andc(ls,lq) are same functions as (1). How-
ever,equation (2) has an additional term of the dif-
ference of the depth values between the current and
the support pixelMs is a speckle region mask. The
speckle mask has two weight values which is 0 and 1.
The areas of weight value 0 are the speckle regions,
and the areas of weight value 1 are non-speckle re-
gions.

The first assumption is calculated by distance
of the intensity and the depth value of between
the current pixel and the support pixels. The sec-
ond assumption of the speckle regions is represented
by the speckle mask. This mask is made by the
initial depth map using the speckle detection fil-
ter. The speckle detection filter has two parameters.
They are upper threshold of speckle component size =77 =NNEEE L
(speckleWindowSiyand allowable difference range (c) Teddy (d) Cones
in the specklegpeckleRangeThe speckle detection Figure 3: Middlebury’s data sets
filter judges region to be a speckle by whether or not
the region size is smaller than the speckle window ground and background depths. They do eist
size and the region value is larger than the specklein the real environment. Consequently, these slopes
range. If some areas judged the speckle regions byshould be removed. We propose a new filter called
the speckle detection filter in the initial depth map, Slope depth compensation filter (SDCF)

the weight of the speckle region is set to 0. The filter is defined by the following formula:
Figure 2 shows examples @in input image a

noisy depth map, a speckle mask and a weight map. If DR = DYIITIA 3)

regions are speckled pixels, the speckle regions have gt v _ argsrgvi\p”D\{)VJBF_ DISNITIALHZ,

no weight. If not, all value oMs is set to 1, so the
weight map has some weight values. As a result
boundary regionsn the images and the depth map
have small weight. We can softly ignore boundary’s
depth values and speckle’s depth values, therefore, . : L ; : L
) . ; . . is target pixel positions is support pixel position,
the weighted bilateral filter with the weight map can gndv is a pigel p(fsition which pgﬁﬂts tﬁe miﬁimum of
suppress boundary blur, can correct image boundary,[he function
Wel:’ a?]d c;n retlzcluce the specklg nmiei. filteri This filter replaces the values blurred by the
_In the brute force computation of the filtering a \eighted joint bilateral filter as the nearest values
pixel has the fourfold loops (vertical and horizon- in the support region on the no filtered version of
tal filtering kernel and vertical and horizontal weight iNiTIAL There are not mixed values in no filtered
map kernel loops), but the we|ght. map Is constant In o qjon 5o that the filter completely removes blended
Eqg. (1). Thus we compute the weight map before the

: N S i values.
weighted joint bilateral filtering for effective compu- At first, the depth map'N'T'AL s obtained by a
tation. '

stereo matching method, and then the depth map is

) ] filtered by the weighted joint bilateral filter (output is

3.2 Slope Depth Compensation Filter written asDW7BF), and finally the depth map is com-
pensated by depth slope compensation filEESCF).

The weighted joint bilateral filter refines accuracy

around boundaries and smoothness on flat regions,

but subtle blurs still remain in such cases, e.g. dif- 4 EXPERIMENTAL RESULTS

ference between foreground and background color

is small, and/or difference between foreground and .

background depth value is large. The depth values4.1 EXxperimental Setups

around the boundary are usually almost binary (fore-

ground/background); thus averaged depth values areWe evaluate the weighted joint bilateral filter (WJBF)

not suitable. The blurs make slopes between the fore-with the slope depth compensation filter (SDCF). The

 whereD* is the depth map estimated by a method
X € {INITIAL,WJBF,SDCF}, W is theaggregation
set of a support pixel,- |2 means L2 norm function,
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Table 1:Error Rate (%) of depth maps: Results of various stereo rimggechethods (block matching (BM), dynamic program-
ming (DP), semi-global block matching (SGBM), efficientdarscale stereo (ELAS), and double belief propagation (PBP)
with proposed filter or refinement filters (median filter (MBiJateral filter (BF), joint bilateral filter (JBF), multi teral filter
(MLF), and filter in constant space belief propagation (CHBP

Tsukuba Venus Teddy Cones
nonocc all disc | nonocc all disc | nonocc all disc | nonocc all disc
BMn 10.78 12.22 20.03 1258 13.79 23.06 16.17 2425 29.89 7.76 17.19 20.01
BMn & WIBF 3.39 421 1395 1.69 260 13.66 12.18 20.63 24.04 3.94 12.38 11.78
BMhn & Proposed 3.25 404 13.1§ 1.36 2.07 9.51| 9.20 17.55 20.2Q9 3.03 11.38 9.04
BMm 7.50 8.75 18.84 5.01 596 16.49 12.36 18.10 24.94 5.56 11.54 15.47

BMm & WIBF 3.14 3.78 1459 2.62 3.17 852| 10.09 1584 21.84 457 10.43 13.67
BMm & Proposed | 2.89 3.45 1329 1.49 1.94 422| 879 1424 19.27 3.13 8.53 921

BMi 4.60 593 1799 2.08 291 16.11 10.63 1551 26.43 4.97 1046 14.31

BMi & WIBF 2.69 3.20 1257 151 2.14 9.55| 9.41 1441 2256 4.61 10.08 13.52
BM: & Proposed 2.54 3.25 1153 1.03 150 5.11] 890 13.71 21.0§8 3.25 8.43 9.62

DP 4.12 504 119§ 10.10 11.03 21.03 14.00 21.58 20.56 10.54 19.10 21.10

DP & WIBF 2.63 340 11.12 6.77 7.17 20.65 9.81 17.12 18.44 798 1592 18.49
DP & Proposed 2.49 3.22 10.74 6.01 6.36 18.12 9.22 16.53 16.9§ 7.12 15.64 16.05
SGBM 3.98 556 1547 1.33 259 1523 7.60 14.83 20.9Q 455 11.33 12.81

SGBM & WJIBF 2.42 3.09 9.83| 0.46 0.97 5.02| 6.33 1341 1753 3.89 10.22 11.58
SGBM & Proposed 2.34 259 942| 0.36 0.83 3.73| 5.68 1243 15427 258 8.62 7.68
ELAS 3.99 545 18.14 184 255 20.28§ 7.99 14,69 2233 6.85 1455 17.30
ELAS & WJIBF 2.96 3.68 13.33 0.71 1.18 7.82| 655 13.23 17.60 5.35 12.80 13.90
ELAS & Proposed| 2.87 3.54 12.84 0.55 0.81 5.65| 6.07 1248 15.67 4.58 12.04 11.69
DBP 0.88 129 . 4.76| 0.13 0.45.. 1.87| 3.53 8.30. 9.63| 2.90 SIS

DBP & WJIBF 0.88 131 478 0.15 0.39 2.04| 357 8.37 9.80| 297 8.74 8.05
DBP & Proposed | 0.83 119 4.78| 0.10 0.32 1.44| 3.56 831 9.69| 2.87 8.62 7.74

BMi & MF 3.54 472 16.99 1.50 2.32 16.12 10.35 15.41 25.96 4.52 9.99 13.16
BM: & BF 3.92 529 16.73 1.77 2.63 16.90 10.51 1542 26.21 4.76 10.24 13.91
BM: & JBF 4.57 5.82 19.37 214 298 16.64 1150 17.17 29.37 6.77 12.37 19.59
BMi & MLF 4.25 5.34 18.02 2.73 3.74 26.0§ 11.45 17.15 29.17 6.54 12.04 18.93
BM: & CSBP 4.79 6.56 17.6§ 2.42 340 21.17 1131 16.08 28.8] 549 11.31 15.55

combination of WJBF and the SDCF is called pro- Table 2: Comparing proposed method with cost volume re-
posed method (in short Proposed). In our experi- finement (Teddy)
ments, we evaluate accuracy improvement of the pro-

posed filter for various types of depth map. In ad- BMn nfgcl)gc 2:"25 g;;g
dition, we reveal advantage of its computational cost. BMn & CVR 815 16.25 20.49
Moreover we show an example of refinement of depth BMh & Proposed | 9.20  17.55 20.20
map from Microsoft Kinect. BMi 10.63 1551 26.43

We use the Middlebury’s data sets (Scharstein and BMi & CVR 8.98  13.58 21.58
Szeliski, 2002) are used for our stereo evaluation BM:i & Proposed | 8.90 13.71 21.05
in the experiments. Data sets are Tsukuba, Venus, SG;\(/?E'\ACVR Z'gg ggg ig'gg
Teddy and ConesHg. 3. The image resolution SGBM & Proposed| 5.68 12.43 15.42

and depth search range of each image are Tsukuba
(384x 288 16), Venus (434« 38332), Teddy and  (BMi) (See Figs. 6(a), 6(d), 6(g)). The characteris-

Cones (45( 375 64), respectively. tics of the other depth maps are as follows. The DP,

We evaluate the proposed refinement filter for var- SGBM and ELAS are computed by stereo method

ious depth inputs. Stereo matching methods for the which has near real-time performance, whose depth
input depth maps are block matching (BM), dynamic maps are middle accuracy (See Figs. 7(a), 8(a), 9(a)).
programming (DP) (Ohta and Kanade, 1985), semi- The DBP (10(a))) is the most accurate method but it

global block matching (SGBM) (Hirschmuller, 2008), takes much time (several minutes).

efficient large-scale stereo (ELAS) (Geiger et al., In addition, the effect of the proposed refine-
2010) and double belief propagation (DBP) (Yang ment filter is verified by following competitive re-
etal., 2008). finement filters. These are the low noise BM'’s

We prepared three patterns of the BM’s depth depth map with median filter (MF), bilateral filter
map according to the amount of noises. They are (BF) (Tomasi and Manduchi, 1998), joint bilateral
high (BMn), middle (BMm) and low noise depth maps filter (JBF) (Pestschnigg et al., 2004; Eisemann and
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Durand, 2004; Kopf et al., 2007), multilateral filter 6000

(MLF) (Laietal., 2010) and speedup version of (Yang sool— o /
etal., 2007) used in constant space belief propagation ool /
(CSBP) (Yang et al., 2010) are used as refinement fil- Z ool ELAS /
ters. Furthermore, we compare our proposed method 2 / e
with a cost volume refinement method (Yang et al., = 2000 e
2007). In the cost volume refinement, we use joint bi- 1000 - .

lateral filter for cost slice filtering, and we use inputs 0% 384 640 69 1152 1408 1664 1920

depth maps with BM BMi and SGBM. magesize (nxn) pixel
(a) Y axis is until 6000 ms

400

4.2 Results —om _f /
B | 4
300 +Filter
. . < SGBM l /

The resulting depth maps are shown kig. 6 to 2ol ELAS y/A yays
Fig. 11 (only Teddy’s results are shown due to the 2 £/ yayd
room of the space at the end of the pgpefrhere 100 /L ~ L
are five parameters at weighted image generation %Z/;L
and two parameters at filtering. The parameters 1% 381 640 896 1152 1408 1664 1020

Image size (n x n) [pixel]

of proposed method at weighted image generation
are(0s,O¢, Or, sSpeckleWindowSizepeckleRange= (b) Y axis is until 400ms
(154,5.1,1.4,38/1), and those at filtering are

(0s,0¢) = (15.3,10.7) using BM» depth map. There

parameters areexperimentally determined -in all
cases. The results of error rate are showfiab. 1.  Put the SDCF compensate ortyurrededge. Thus,

We use the error rate defined in (Scharstein and these methods differ in the effect range greatly.

Szeliski, 2002). It is calculated by a percentage of the  In addition, our proposed refinement filter has the
error pixe| of input depth map. Difference between best performance among all competitive refinement
the input depth map and the ground truth depth map filters (cost volume refinement is discussed later).
in the error pixel has over a threshold value (set to 1 This is because that the MF and the BF can reduce

in these experimentsin Tab. 1 and Tab. 2, “nonocc”,  NOise, but, cannot correct object edges. The JBF and
“all” and “disc” locate different region, respectively. the MLF can reduce noise and correct object edges,
The header row “nonocc” evaluates in non-occluded but cannot correct all blur on edgeS aCCOfding to mix-

regions. The header row “all” evaluates in all regions. ing some depth values. On the other hands, proposed
The header row “disc” evaluates in regions near depth method can reduce noise, correct object edges and

Figure 4: Computational time of each method

discontinuities. control edge blurring.
In Table 1, our proposed method can improve Here, the effect of the proposed method is consid-
accuracy in all competitive stereo matchingeth- ered fromFig. 6 to Fig. 10. In Fig. 6, depth maps

odsand in any data sets, except for DBP. Especially, of (a), (d) and (g) is input depth map with BM. Each
amount of the improvement is bigger when accuracy depth map is low accuracy which has many noise and
of depth maps is low. Such roughly estimated depth incorrect object edges. Depth maps of (b), (e) and (h)
maps contain a lot of region of estimation error and are refined by WIBF. These depth maps are reduced
obscure edges. Thus, the proposed method worksnhoise and corrected object edges through the WJBF.
well for these depth maps because of noise reductionBut, blur edges occur in object boundary. Whereat us-
and correcting object boundary ability. But, as for ing SDCF, the blur of boundary edges is compensated
an accurate depth map, such as DBP, the proposedn depth maps of (c), (f) and (i). The same effect is
method has almost no effect. This is because thatshown byFig. 7 to Fig. 9.In Fig. 7(a) the effect of
there is no region which is possible to be improved. noise reduction is shown. A noise of estimation error
Instead, in some cases, the error rate is increasing acusing the DP is reduced by the WJBF. Also, the effect
cording to generated invalid depth value by mixing of edge correction is shown fRig. 8 and Fig. 9.An
some depth values. irregularity of boundary edges is corrected by SDCF.
Moreover, Table 1shows that the effect of using On the other hands, the effect of our proposed method
only WJBF and using the proposed method (WJBF is not shown inFig. 10(a).A depth map of (a) using
+ SDCF). The effect of the WJBF becomes higher DBP has almost no noise and correct edges. Thus, our
when the accuracy of input depth map is low. This Proposed method hardly makes an effect.
is because that the WJBF removes the whole noise, Here, we consider our proposed method and the
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Table 3:Comparing running time (ms) of BM plus proposed filter withested stereo methods. Kernel size is 7.

Data Set BM Proposed BM+Proposed SGBM | ELAS
tsukuba 5.7 4.1 9.8 28.8 61.1
venus 8.4 6.1 145 459 | 110.0
teddy and cones 10.5 7.4 17.9 71.4 168.2

cost volume refinement method (CVRJable 2 and
Fig. 12 show performance of CVR. The input depth
maps are BM BMi and SGBM and we use Teddy
data set (Other data sets have the almost same ten- &
dency). Comparing the CVR with the proposed j"
method with each depth map inputs, the performance
of the proposed method is the same or better than
CVR with BMi and SGBM. In the highest noise case,
CVR has the better performance than the proposed
filter. Thus CVR has strong noise reduction perfor-
mance but reduce some detail.

The notable factor of CVR is computational cost.
The cost volume is calculated by stacking the cost
slice of the each depth value which is difference be-
tween an input depth and each depth values, and,
filters every stack. Thus, this method is expensive.
For example, 64 times bilateral filtering is required in
Teddy case, and about 32 times slower than the pro-
posed method. Our proposed method has real-time
capability. Therefore, if the accuracy of an acquired
depth maps is comparable, our proposed method is
more effective than CVR.

1

1

(a) Kinectimage } (b) Kinect's depth

=

(c) JBF refined (b)

(d) Prop. refined (b)
t‘ £

Table 3 and Fig. 4how the result of the running
time with Intel Core i7-920 2.93GHz. Here, compet-
itive methods are SGBM and ELAS which are near
real-time methods in optimized methods. The BM
with the proposed method is faster than the SGBM
and the ELAS for any data set. In addition, refinement
filters depend only on the image resolution, while op- (g) rendering using (c)
timization processes (e.g. SGBM) depend also on the : B
depth search range; thus the gap of the running time - .
between the proposed method and optimized method
like the SGBM more increase as the image resolu-
tion and the search range become larger. Recently,
image and display resolution are rapidly improved, i
thus the proposed method is favorable. Figure 4 (i) rendering using (d)
shows computational time of various size of simu-
late image data. The lowest size of the input image
is 128x 128 and its search range is 8. The input im-

ages are generated by multiplying the minimum size e sequence is uploaded by (Lai et al., 2011). In this

image, such a$256x 256,16), (384x 38424), ..., experiment, we refine the depth map from the Kinect
(1920x192Q120). The results show that BMis quite  genth sensor and synthesis a free viewpoint image.
faster than the SGBM and ELAS, and the computa-  '1hg free viewpoint image synthesis is performed

tional cost of the proposed refinement filter is quite by the depth image based rendering (Mori et al.
low. 2009). The non-filtered depth map of getting the
We can also use the proposed filter for depth maps Kinect has rough edge&ig. 5(b). Thus, the edge
from Microsoft Kinect. Figure 5 shows experimental of a composite image which uses non filtered depth
results of a depth map from Kinect depth sensor, and map is defectiveness (See the chair regioRigf 5(e,

_(h) zoomed image (g)

(i) zoomed image (i)

Figure 5. Results of refined depth map and warped view
from Kinect depth map
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v

(b) BMh & WJIBF (c) BMh & Proposed

(e) BMm & WIBF () BMm & Proposed

(9) BMI (h) BMI & WIBF (i) BMI & Proposed
Figure 6: Results: block matching

(a) DP (b) DP & WJIBF (c) DP & Proposed
Figure 7: Results: dynamic programming

(a) SGBM (b) SGBM & WJBF (c) SGBM & Proposed
Figure 8: Results: semi-global block matching
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(a) ELAS (b) ELAS & WJIBF (c) ELAS & Proposed
Figure 9: Results: efficient large-scale

(a) DBP (b) DBP & WJIBF (c) DBP & Proposed
Figure 10: Results: double belief propagation

() MF (b) BF (c) JBF

(d) MLF (e) CSBP
Figure 11: Results: competitive refinement filters

(2) BMh& CVR (b) BMI & CVR (c) SGBM & CVR
Figure 12: Results: cost volume refinement
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f)). The depth filtered by joint bilateral filter has Eisemann, E. and Durand, F. (2004). Flash photography
blurs around the boundary (Fig. 5(c)), the render- enhancement via intrinsic relightindhACM Trans. on

ing images are scattered around the object boundaryFukuggﬁ‘Tﬁ’zicl\stiﬁi)i:6T7. 3|_§h7i§éshi v Yendo. T. and Tan.

(Fig. 5(g, h)). l_n contrast, the depth map filtered by imoto, M. (2010). Real-time free viewpoint image
the proposed filter has corrected edges and no blurs rendering by using fast multi-pass dynamic program-
(Fig. 5(d)). As a result, the edge of the composite ming. INn3DTV-Conference: The True Vision-Capture,
image Fig. 5(i), (j)) is more corrective then the non- Transmission and Display of 3D Video (3DTV-CON)

pages 1-4.

Fukushima, N. and Ishibashi, Y. (2011). Client driven sys-
tem of depth image based renderie= T Trans. CIT
5(2):15-23.

Geiger, A., Roser, M., and Urtasun, R. (2010). Efficient

5 CONCLUSIONS large-scale stereo matching. Asian Conference of

Computer Visionvolume 6492, pages 25-38.

In this paper, we proposed a refinement filter set for Hirschmuller, H. (2008). Stereo processing by semiglobal

depth map improvement—called weight joint bilat- matching and mutual informatiofEEE Trans. PAM

eral filter and slope depth compensation filter. The 3P(2)- 520341

d opf, J., Lischinski, M. F. C. D., and Uyttendaele, M.
proposed method can reduce depth noise and correct (2007). Joint bilateral upsamplingACM Trans. on

object boundary edge without boundary blurring, and Graphics 26(3):96.

it has real-time performance. Experimental results Laj, K., Bo, L., Ren, X., and Fox, D. (2011). A large-scale
showed that our proposed filter can improve accuracy hierarchical multi-view rgb-d object dataset. IlREE

filtered or joint bilateral filtered it.

of depth maps from various stereo matching methods International Conference on Robotics and Automation
’ (ICRA), pages 1817-1824.

e_md ha_ls the be.St performarlce among the_ compara-Lai' P. L., Tian, D., and Lopez, P. (2010). Depth map pro-
tive refinementfilters. Especially, amountofimprove- cessing with iterative joint multilateral filtering. In
ment s large when an input depth map is not accurate. Picture Coding Symposiumages 9-12.

In such case, computational time of a stereo matchingMori, Y., Fukushima, N., Yendo, T., Fujii, T., and Tanimoto,
method is low. Exception case is using fairly opti- i'\r/:f'o(rzn?gtsiac))h }gf‘;‘{vgesr‘igg:ogrgge‘gg%F‘?n?asgég ggr%th
mized depth map, such as double belief propagation. munication 24(1_2‘):65_72_ '

Howgver the met_hOd takes a lot of time. In addi- Ohta, Y. and Kanade, T. (1985). Stereo by intra - and inter-
tion, its computational speed is faster than the fastest scanline search using dynamic programmin&EE
Markov random field optimization algorithm of semi- Trans. PAM| 7(2):139-154.

global block matching. Moreover, the filter can apply Pestschnigg, G., Szeliski, R., Agrawala, M., Cohen, M.,

: ; Hoppe, H., and Toyama, K. (2004). Digital photogra-
the depth map from Kinect, and then the quality of the phy with fiash and no-flash image paiCM Trans,

synthesized image isup. _ on Graphics 23(3):664—672.

In our futurework, we will investigate dependen-  Scharstein, D. and Szeliski, R. (2002). A taxonomy and
cies of input natural images and depth maps, and ver- e}/aIU_artllon of depth twol-frame Istefrce:o corresRc/)n_dence
i i ’ algorithms.International Journal of Computer Vision
ify the proposed filter’'s parameters. A7(1):742.

Sun, J., Zheng, N. N., and Shum, H. Y. (2003). Stereo
matching using belief propagation. |[EEE Trans.
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