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Abstract comparison to correlation, DP incorporates some remark-

able advantages, thus encouraging the descision to choose
A Dynamic Programming (DP) based algorithm that DP for the real-time implementation presented here. DP
achieves real-time, high quality stereo-matching is pre- implementations appeared at times in history. In this con-
sented. A special coarse to fine approach as well as thetext, the work of Kanade [1] is mentioned here as one of the
MMX based assembler implementation mainly contribute to fundamental. As for real-time applications, mostly carel
the reached computation speed. A novel vertical smoothingtion was chosen to be employed. In opposition to this, DP
approach by re-integrating paths inside the DP matching al- has been very uncommon in these approaches; [10] might
lows the avoidance of noisy horizontal strokes, so that high be one of the rare examples. Hence, the opportunity to de-
guality stereo-matching is achieved. The currentimplemen velop improvements seemed to be promising.
tation capable of running at about 30 FPS on an 2.2GHz The organization of this paper is as follows. Section 2 out-

PC, which is sufficient for the utilization in real-time appl  lines the proposed method. Sections 3 contains the steps ap-

cations. plied to increase speed. Section 4 shows quality depending
improvements and Section 5 demonstrates in experimental

1. Introduction results the effectiveness of the proposed method. Section 6

summarizes this paper.
3D-Reconstruction from Stereo-Vision has a long history
and is a topic of computer-based research for longer than
20 years. Usually, this technology is targetted to machine
vision [12], but is also common in 3D reconstruction [8,9] 2 Proposed Method
or driving aid [10]. This paper proposes an algorithm that
achieves real-time, high quality stereo matching, based onThis paper proposes a 2-step-DP based method for
Dynamic Programming (DP). Firstly, the descision for the real-time, high-quality stereo matching. For efficient eom
choice of the method will be explained, by comparing DP putation, the proposed system consists of a novel coarse
to existing alternatives like window-based correlatiom an to fine approach in combination with MMX, to achieve
graphcut. As for the sophisticated graphcut method whichreal-time performance. The coarse-to-fine configuration
is computationally demanding and therefore is not applica- mainly contributes to computation efficiency as in table 3
ble in real-time stereo. One as successful implementationbut also to quality as table 1 demonstrates. As shown in fig.2
here emphasized work is Layered Stereo [7], for leading and 3, both, the coarse and the fine version, fully integrate
the ranking in [4]. Correlation on the other hand, is capable the two common DP steps for evaluating the DP matrix and
of real-time and has already proved its feasibility in vari- finding the path. The coarse step evaluates a stencil array
ous software [5,6] and hardware [2,3] applications. In casethat is used to reduce the DP matrix of the fine version. For
of a little vertical displacement between both input images achieving horizontal and mainly vertical smoothness, many
correlation has the advantage, of finding correct disgaiti  modules had to be integrated, as table 1 reveals. They form
whereas DP cannot. However, unlike DP, traditional corre- a combination of novel and traditional ways to achieve over-
lation has the drawback of lacking in global horizontal op- all smoothness. To handle vertical smoothness, especially
timization, as well as having difficulties inside low texddr the two following ideas deserve closer attention in regard
areas, and furthermore, its basic computational complexit to the final result. The first reintegrates already calcdlate
is far above DP. An examination of the resulting depthmaps DP-paths from earlier lines weighted into DP-matrices of
reveals inaccuracies of both algorithms. As for an inves- the current scan line.The second applies smoothing by ver-
tigation of DP, errorous horizontal strokes often arisej an tically blending the color difference values, which are in-
in case of correlation, the result often emerges blurry. In volved in the evaluation of the DP matrix.



2.1 Dynamic Programming y

This section explains the basic steps for evaluating the DP
matrix, also described in fig.5. As first step, it is neces-
sary to obtain the elements of the matrix. The instructions
for accomplishing this are described in pseudocode below,
whereas i as well as j have to be counted from 0 to n-1 seper-
ately, in order to cover all elements of matrix A. The value
n is representing firstly the width of the input images but
also stands for the dimension of the whole DP matrix. The
connectivity between can be seen best in fig.1.

Minimum = Min( A[i-1,j], Ali,j-1], A[i-1,j-1])
ColorL = Leftimageli,y]

ColorR = Rightimage]j,y] . . o .
Ali]] = Minimum + Dif(ColorR,ColorL) Figure 1: 3D View of the DP matching view, with axes.

At the total beginning, A[0,0] has to be initialized with O.
Afterwards, all others elements are evaluated in the order

from the upper left to the lower right corner, as in fig.5. The most relevant optimizations of this paper are of course

Itis gbsolutely necessary ju_st to inclgde alrgady in!ziadi focused on speed, because the algorithm aims on real-time.
matrix elements for performing the Min function inside the The contribution of each of the following steps to the final
pseudocode above. Once the matrix has been filled, a paﬂ?esult is referenced in table 3

of minimal cost can be calculated by tracing back through
the DP matrix beginning from A[n-1,n-1], and ending in . L
A[0,0]. This step can be seen in fig.6 as well as in the fol- 3-1 ~Reduction of the Matrix Size

lowing pseudocode below. The horizontal difference be- 1 first applied optimization was the reduction of the the
tween path- and diagonal-elements will return the left dis- pp mayrix to absolutely necessary portions, as fig.7 shows.
pgrlty map, and the vertical difference will return the tigh 1o amount of these portions can be bound by the maxi-
disparity map. The chosen path always follows the smallest,y, | expected disparity. The average speedup factor for this
values inside A, wereas three directions are allowed t0 beqyimization is estimated to be approximately image width
chosen in each position: up, upleft and left. In case of an yjiged by the maximal allowed disparity range. It is rec-
unclear descision, upleft will be chosen as default. ommended to append all used parts of the matrix to obtain
the smallest memory block possible and improve cache-

3 Speed Optimizations

DisparityMapL [i,y] = j-i

! ! L o performance.
DisparityMapR [j,y] = i-j
Egﬂ - 2[[:111J]] 3.2 Assembly Language
Upl__eft :A[_i‘l’j'l] The main parts of the algorithm were ported to assem-
Minimum = Min( Up,Left,UpLeft) bly language by integrating the multimedia extension com-
case Minimum of mands, MMX, available on any recent CPU. By exploiting
UpLeft :i=i-1;j=j-1 these extensions, only 4 assembly commands are necessary
Left HFL for calculating the color difference of 2 pixel (i.e. 6 color
Up Hi=l values). It is recommended to consult [14], page 78, for fur-
end ther information. Finally, assembler brought a speedup of

o o o approximately 30% in comparison to C. In the past, MMX
As for the code above, it will be initialized by setting i=0 54 aiready been used in real-time stereo, but there, it was

and j=0, then repeated until i==0 and j==0. The variables ;jieq to correlation and used for parallel adding instead
i and j are representing the current path-position insigée th evaluating differences [17].

matrix, as well as the horizontal position inside the digpar

map. The difference of choosing i or j for addressing the
depth-map, is equal to choosing the left or right disparity
map. The variable y defines the vertical position inside the
displarity-map and remains constant during the upper loop.
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Figure 2: This graph shows the overview above the generateda fine DP process
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Figure 3: Detailed overview of the coarse to fine DP approatdth, both DP steps and the DP matrices

DP Step 1 : calculate Matrix DP Step 2 : find Path
Color input DP matrix read DP matrix read
lal la2 b1 [b2 1b3 gl | c2 c3
Difference Minimum Minimum
a3=dif(al,a2) b4=min(b1,b2,b3) c4=min(c1,c2,c3)
la3 Tba Weight Pathdirection (4.6)
Denocise (4.5) clfc1+we!ght1
a4 =a3*scale+weight]] Reusing Paths(4.1) c2—c2+we!ght2
1 y b5=b4-pathl[i,j] c3=c3+WE|ght_3_
a path[i,jl=path[i,j1*0.875 Choose ng-w. Po_5|_t|0n
Smoothing (4.2) If( ¢4 <=cl1){ j=j-1;i=i-1 } else

If{ c4 <= c2 ){ j=]-1 }else

If( c4 <= ¢3){ i=i-1}
Remember paths (4.1)

| as> | path[i,j]=const

: . Write Disparity Map

Write DP matrix disparity[i,y]=j

a5="f(a4,smooth[i,j]) b5
smoothl[i,j]=a5

Ali,jl=a5+b5

Figure 4: This figure shows the two DP steps with all necessamgulas
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Figure 7: This figure shows an effective way to speed up the
matching process. The left matrix represents the common
DP matrix. In the middle, just absolutely necessary space is
calculated. As this figure reveals, there is only a small por-
tion required to be calculated around the diagonal line. The
right matrix represents the final memory and cache optimal
version. The values inside these matrices have similaritie

to the values calculated in fig.5 and 6 (brightness is propor-
tional to values) The white line inside the matrices points

out the found path.

Figure 5: This figure is a simple example for the construc-
tion of a basic DP matrix. Two strings shall be matched
here, STEREO and STREOE, instead of color values. The
formula for the evaluation is the basic one of section 2.1:
A[iLjl=min(A[i-1,j-1],A[i-1,j],Ali,j-1])+dif(left[i ],right[j]).

To simplify the difference function, the return values
were reduced to 0 and 1. Dif returns O for equal inputs
(e.g. dif(T,T)) and 1 for unequal inputs (e.g. dif(S,T) ).
Before the evaluation is started, A[0,0] is initialized wA.

Right
S |T R |[E o
s L |2 [3 [a |5 be imagined best as 3D bounding boxes, whereas the depth
LN ¢ 2 |3 |4 is determined by expected disparity space. As for the vari-
5oL ables, x and y are the coordinates inside the disparity map,
o la 3 12 12 12 a and b are temporary counting variables to calculate the
E |5 |4 |2 |3 |2 bounding box and the variable “up” temporary holds the

upper bound, until it is stored inside the upperbound table.
Figure 6: The path inside the DP matrix is evaluated by For evaluating the lower bound, the pseudocode is identical
starting at the lower right corner of the matrix and tracing except the replacements of -infinity by +infinity and max by

back along the smallest numbers to the upper left corner. min which have to be made. By this novel coarse to fine op-
timization, speed could have been doubled in experimental

) results as table 3 proves. The idea, to calculate only half of
3.3 Coarse to Fine the horizontal resolution in the preview, brought even a bet
In this algorithm, the preview for coarse to fine is calcu- ter speedup, but was dropped *?ec‘_"‘use lots of Qetalls were
lated by line skipping. At first, every n'th horizontal lingi ~ MISSINg gfterwards. Coarse to flne is also_ used in other_pa-
calculated to find bounding space for possible disparitiesi PErS: s in [5,16] eg., but there it was applied on corretatio
between. The DP matrices of these lines between are nowAd the image was scaled in width and height instead of
reduced to this space, which is spanned between a certair;caing the height only.
upper and lower boundary. The upper boundary is calcu-

lated as following: 3.4 Compiler Optimizations
Function to evaluate alignments By all improvement, also standard compiler optimizations
g(x,m) =x - (x mod m) shouldn’t be forgotten; for the basic implementation, tBe o
compiler switch already brought twice the speed. Newer
Pseudocode to evaluate the upper bound compiler even support 03. Also code and data alignments
up=-infinity to 16,32, etc. might be helpful. For variables in general,
for(a=0;a!=16;a+=1) there can also be a different speed between local-, class- or
for(b=0;b!=8;b+=8) global program variables.

up = max( up , disparitymap[ g(x,16)-a, g(y,8)-b 1)
upperbound[x,y]=up; )
4 Quality Improvements
In the pseudocode above, g represents the function which
is necessary to snap the x and y coordinate to a grid withBecause common DP can not optimize vertically, which
cellsize 16x8. At these gridpoints, bounding positions are causes the typical horizontal strokes, the next optinonasti
calculated in the coarse version so that they are able to bewill focus on the quality aspect. An overview of the ef-
applied as stencil to the fine version. These 16x8 cells canfectivity can be seen in table 1. The interconnection of the



following modules can be seenin fig.4. This figure also con- handled more accurately. It has not been implemented for
tains all used formulas and references to the sections belowthe final version, because this version is targetted fordpee
However, there is much potential for future usage.

4.1 Reusing Calculated Paths

This optimization provides vertical smoothness by trying 4.5 Noise Reduction

to keep the current path close to the path of the former Often, images tend to be a little noisy after being captured
scan line. This is done memorizing the current path inside from camera. To reduce this noise, either filter can be ap-
a seperate matrix, called pathl[i,j] inside fig.4. Afterward plied in advance, but it's also possible to "weight” the ¢olo
this seperate matrix is subtracted from the general DP ma-difference. This is done by adding a weight to the calculated
trix of the following scan line. This causes the path of the color difference between the pixels. In fig.4, this module is
following scan line to be sightly attracted by the path of the refereced as "Denoise”. The advantage is a fast noise re-
current scan line. To achieve a wider smoothness, the sepamoval without loosing accuracy inside the depthmap. The
rate matrix is multiplied by a factor less than 1 each line, to optimal weight is image dependent. This is the most impor-
maintain also the paths of previous scan lines. In fig.4ghes tant quality improvement as table 1 reveals.

steps are called “reusing paths” (left side) and “remember
paths” (right side). 4.6 Weights for Pathdirections

4.2 Smoothing of Difference Values Another image dependent option for improvement is, to

influence the possible path-directions when tracing back
The next optimization to achieve vertical smoothness,@sth thought the DP matrix. This can be done easily, by
weighted vertial smoothing of color differences. On the assigning three different weights to the three available

left side in fig.4, this procedure is referenced as smoothing path-directions. In fig.4, the weights are represented by
The idea is, to blend current color difference values with weight1, 2 and 3.

ones of the former scan line via matrix smooth[i,j]. The

matrix smooth is hereby used for the temporary storage of

the former difference values. In fig.4, f(a,b) evaluates the 5 Results

smoothed value, bound by a and b, whereas a stands for the

current difference value and b for the former scan lines dif- For calculating the qualitative results of table 1, grovutt
ference. Whether the tendency is closer to a or b dependdmages provided by [15] were taken as reference. Com-
on the difference between a and b. In case of a small dif- Pared to other methods that pursue real-time, the achieved
ference, the tendency would be to b and a in case of a bigresults, shown in fig.9 and fig.8 as well as the ones sub-
difference. Inside the final implementation, the function f mitted to [15], show promising results for REAL SCENES
rough|y approximates the We|ght|ng by providing 3 differ- (See also table 2 ) The method discussed here is one of
entweight steps. The weighting is extremely important here the rare DP based methods that runs at real-time speed. As
in order to preserve sharp object boundaries. demonstrated in table 4, we can prove to present one of
the fastest methods in stereo vision. The middlebury stereo
database [15] includes two other algorithms that focus on
real-time/fast stereo matching, as Hirschmueller's mgtho
The calculation on subpixel can be advantageous if applied[18] and Sun’s [16]. Hirschmueller utilized a correlation
to the presented real-time implementation, as fig.10 demon-based method for stereo matching, but he didn’'t provide
strates. However, because of the speed-loss, it has not bee@ny benchmark result about the algorithm’s computation
integrated as preprocessing step. The easiest way to apspeed inside [18]. As for a comparison to his other paper
ply this is, to stretch the input images x-times and apply [20], where speeds have been delivered, the presented im-
blurring across x pixel afterwards. The resulting depthmap plemetation would be approx. 60% faster, by taking the test-
now consists of x-times as many depth steps as the originalsystems speed difference in terms of bogomips into account.
Horizontal stretching is most effective here, because-vert The benchmark in bogomips is more accurate than the com-
cal stretching has no effect on the amount of depth-steps. parison of megahertz, also its results [21] are equal torothe
CPU benchmarks [23] in regard to the speed factor between
different CPUs. Sun’s paper on fast stereo matching is more
informative. Their actual paper can claim real-time perfor

In this case, the DP has to be applied twice. At first, the mance, but it is currently ranked last in [15]. The presented
horizontal lines are matched from left to right, and after- method demonstrates the capability of achieving high qual-
wards right to left. The advantage is, that occlusions areity 3D reconstructions as well as the real-time capability.

4.3 Subpixel Accuracy

4.4 Two Pass Evaluation



Table 1: This table shows the efficientcy of the quality . ) i
implementations; if one optimization was disregarded, the TaPle 3: This table shows an overview of the applied speed

configuration was adjusted to the optimal result. The cho- OPtimizations and their effectiveness
sen bad pixel threshold is 0, so the percentages are higher
as in [4] and [15]. In brackets (left side) are references to
the sections in this paper.

Speed Optimizations applied
8fps  Nothing

18 fps Compiler Optimizations
25fps Assember with MMX

Optimizations used Measured Error v

All optimizations (normal)  11.44 % 421ps 8 Step Preview

no noise reduction (4.5) 19.69 % (+8.25 %) 55fps 8 Step Preview and MMX
no path reusing (4.1) 14.55 % (+3.11 %)

no weighted paths (4.6) 13.56 % (+2.44 %)

no dif smoothing (4.2) 12.54 % (+1.10 %)

no coarse to fine (3.3) 12.43 % (+0.99 %)

Table 2: This table shows the result table of [4],page 31,
fixed settings, extended by the algorithm of this paper(RT).
These results are also included in [15]

Image SSD DP RT GC

Tsukuba 5.23 4.12 285 1.94
Sawtooth 2.21 484 6.25 1.30
Venus 3.74 1010 6.42 1.79
Map 066 333 645 0.31

It can even reach graphcut level in comparison with Max
flow [19] applied to the Tsukuba image. In [15], Max flow

is ranked at the 17th place for quality, while the presented
algorithm is ranked at place 14. The next better Graphcut
can be found at place 12. Tsukuba might be also the most
representative image in the survey of [4] and [15]. It con-
tains only one real scene, while all the others were comuter-
generated images. The standard Tsukuba images, obtained
from [15], also used for building table 4,could have been
matched in only 18 Milliseconds (55 fps) on the test sys-
tem. This is sufficient for real-time usage, as camera sys-
tems have about 30 fps. The speed of the algorithm is also
sufficient for pre- and postprocessing. The whole process-
ing consisted of correcting the camera distortion, smooth-
ing, stereo matching and vizualizing the depth-map.

Figure 8: These images show example scenes, generated
from a live-video stream. In this case, the version with dy-
namic parameter setting (DP parameters were adjustable on
the fly) and optional backgound extraction was used, which
has been about 50% slower as the reference version with
constants. The resolution was 256x256 pixels with 27 dis-
parity levels. The speed was about 15 fps for the whole
system, starting from capturing over matching and finally
rendering the depth-map as textured mesh.



Table 4: This table contains the benchmarks, taken on an AMoAXP 2800+ CPU (4456 bogomips). The results
from other researcher’s were scaled according to the oelati bogomips for being comparable, according to data df, [21
however, Yang03 and Parts97 weren't able to be scaled bespesial hardware was used. The results are shown in frames
per second, depending on resolution and disparity. As fopthsented algorithm, the faster version with constartrpaters

was employed. The number in brackets, which is sometimesewrehind the fps, represents the originally used digpari

in case of a difference to the columns one. As for Hirschneugivo versions were provided, whereas v1 has been the faste
and v2 the more accurate one.

Method Resolution 16 disp.levels| 20 disp.levels| 32 disp.levels| 50 disp.levels| 100 disp.levels
this paper 256x256 93,8 fps 87.5 fps 69.0 fps 53.1fps 30.4 fps
320x240 77.0 fps 71.8 fps 58.5 fps 46.0 fps 26.7 fps
384x288 55.0 fps 50.0 fps 40.5 fps 33.11fps 18.9 fps
240x700 37,9 fps 35.0 fps 28.2 fps 21.2 fps 11.8fps
512x512 25.0 fps 21.6 fps 17.7 fps 14.7 fps 8.28 fps
640x480 20.7 fps 18.4 fps 15.2 fps 12.3 fps 7.23 fps
1024x1024 6.14 fps 5.62 fps 4.71 fps 3.45 fps 2.20 fps
YangO03 [5] 256x256 61.7 fps 24.8 fps 12.4 fps
512x512 24.5 fps 9.40 fps 4.80 fps
Sun01 [16] 256x256 15.5 fps (26)
512x512 3.56 fps 3.11 fps (44)
1000x1000 0.66 fps (54)
Hirschm02 [20] 320x240 (v1) 35.0 fps
320x240 (v2) 23.5fps
Depthfinder00 [10]| 240x700 2.81 fps
VIDETOO [17] 320x240 72.49 fps 45.6 fps
Triclops(tm) [22] | 320x240 26.0 fps
640x480 4.5 fps
Parts97 [3] 320x240 42.0 fps (24)

Figure 9: Here the different results from the most commorhods applied to the Tsukuba image pair, shown from left to
right as follows: Graphcut [13], the presented method, €lation based stereo [6] and Dynamic Programming [4].

|

Figure 10: These images demonstrate the effectivenesdopb®liaccuracy. The left side shows the input image (64050
the middle the disparity map from direct evaluation and thktrside the result of subpixel accuracy. For subpixel eacy)

the input image had to be streched in advance horizontaiiydstto a resolution of 2560x500. As can be seen, the depthmap
from the stretched image pair has a much higher depth rémoloy containing more details too.
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Summary

The presented algorithm is one of the few DP approaches,
targeted for real-time, because often correlation is used

[2,3,5,6,8,9].

The achieved results showed gqualitatively

good disparity maps for real scenes, also by providing high
performance, which is very important for real-time applica
tion usage. The achieved speed was sufficient, to match, fil-
ter and display 2 video streams on an AMD XP 2800+ PC in
real-time; furthermore, generation of textured 3D-geaynet

in real-time was also possible. The motivation for this pa-
per was to make stereo vision technologies more practical; [12]
i.e. we are interested in applying stereo vision to prattica
systems such as commercial products. As described earlier,
main parts of the presented method are a combination of
existing processing modules, but we propose new modules
also. As a matter of fact, we are confident about the exper-
imental results that show better performance than the other
relevant works.
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