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Abstract. A novel disparity estimation method is presented that increases the robustness of the estimator by
replacing the classical approach of dynamic programming with finding the maximum flow in a graph. Once
solved, the minimum cut associated to the maximum flow yields a disparity surface for the whole image
at once. The results show improved depth estimations as well as better handling of depth discontinuities.
Although the running time for solving the maximum flow problem is higher than dynamic programming,
experiments have shown that the special topology of the graph, the position of the source and sink and the
capacity structure of the edges tend to make the problem easier to solve. However, the main drawback of
this approach is the large amount of memory resources required by the classical implementations of the
maximum flow algorithm, which make impossible in practice to apply this approach even for the small
stereo images with small disparity resolution. Taking advantage of the special topology of the graph and the
position of the source and sink we propose an efficient data structure for drastically reducing the amount of
memory resources used.
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1 Introduction ity. The solutions obtained on consecutive epipolar lines

The determination of homologous image points betweeff V&Y sig_nificantly qnd create artifacts.across epipolar
the left and right image views, is a crucially importantl'nes' especially affecting object boundaries that are per-

step in stereoscopic image analysis. Perspective eﬁec‘?f,nd_l'_c;]war :}0 thebeplpolar Ilntlas. i h h
occlusions, photometric variation and inherent ambigui-h _fere ave egn severa <Iea(rj|er applro_ac isto slmpot
ties make disparity estimation a difficult task. The d Ihe artifacts created at vertical edges relating the solution

namic programming approach casts the problem of matdff-consecutive epipolar lines matched with dynamic pro-

ing a pair of stereo images as an optimization problen?r""mmIng [1, 2]. These approaches in practice do not

which is solved by making the following assumptionsperform well in every case and in general are not very

[1, 2, 3]. The first assumption is the well known epipo-eﬁ'C'thand not optimal. h based

lar constraint. According to this constraint the depth re- n thISdpf;pse r \;VG E_roposr\: a(ljnre]zw apdpr_oacl ?jse_ on
lated displacements in stereo pairs always occur along t emet_ odo [5]. In this method the traditional ordering
epipolar lines. This constraint reduces the stereo corrgOnstraintis replaced by the more general local coherence
spondence problem to one dimension. The second a(‘sc_)nstraint and the stereo correspondence problem is cast
sumption made is the ordering constraint. According t§'s @ maximum flow probl_em in a graph. The minimum
this, a set of points on an epipolar line of the left imag&Ut _asso_C|ated to the maximum ﬂO.W can be mterpreted_as
and their corresponding points in the right image appe&_d'spamy surface _for the whole image. A rOb.USt opt-

in the same order. These constraints along with other d@‘-‘za?“‘?” cost fungtlon for th? th? stereo mat_chmg prob-
tails of the camera geometry regarding stereo imagery all,eem IS introduced m p;mt/)mg 'T this Xvoaoyo/the disparity es-
fully covered in the particularly readble textbook of [4].t|ma'§|_|on accuraﬁy in [ _] y at esSt_ f°' hi
However the reduction to one dimensional space is aﬂ dowev_er, tfehmaln”clt()ntrl u:[‘ll(_)'?t ° I(zur aE)pI’O(;] ('js
over-simplification of the problem and is made primar:[ e adaptation of the well known "Lift-to-Front” metho

ily for reducing significantly the computational com Iex-Of [6] for solving the maximurm flow problem in a random
y gsig y P PIeX graph to the specific case of the disparity 3D graph. This

*This work was supported by the EU projects ACTS 092method belongs to the “Preflow-Push” methods which are

PANORAMA (Package for New Autostereoscopic Multiview Systemsthea fastest up to date methods for solving the maximum
and Applications).
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2 I. THOMO, S. MALASIOTIS AND M. G. STRINTZIS

flow problem in a graph with significant improvementordering constraint. However, local coherence occurs in
over the running time of the Ford-Fulkerson method. Thall directions. By putting all epipolar lines together and
main drawback of the “Lift-to-Front” method is the largesolving globally for a disparity surface, it becomes pos-
amount of memory resources required by the classicaible to take full advantage of local coherence and to im-
implementations, which make impossible in practice tprove the resulting depth map.
apply this approach even for the small stereo images with
small disparity resolution. Taking advantage of the spe M
cial topology of the graph and the position of the sourc
and sink we use an efficient data structure reducing dra
tically the amount of memory resources used.

This paper is organized as follows. Section 2 de
scribes the geometry of a general stereo scene and its
sociated epipolar constraint. In Section 3 a robust opt
mization cost function is defined. In Section 4, details o
casting the stereo matching problem as a maximum flo
problem are presented. Also the possibilities of grap
degeneration and the method used to eliminate them are
discussed there. The class of the fastest to date preflow- Figure 1: Epipolar geometry
push algorithms and a variant of them, the lift-to-front
algorithm are described in Section 5. The analysis of the
lift-to-front algorithm for the specific 3D input graphs is
done in Section 6. In this section it is shown that using a /
efficient data structure, appropriate for the specific topo
ogy of the graph a significant memory reduction can b —
achieved. Experiments and results are presented and ¢ - 7 "1 s ]d
cussed in Section 7.

epipolar line in
the second image
=
|

/

epipolar line in " epipolar line in
the first image the first image

2 Epipolar Geometry and Matching

As can be seen from Figure 1, givem, in the image Figure 2: Epipolar matching
planel;, all possible physical pointd/ that may have
producedn; are on the infinite half lingm,,C;). As a
direct consequence, all possible matchgsof m; in the
planel; are located on the projection, through the secon
imaging system, of this infinite half line. t
In the traditional approach to stereo matching, a sir
gle epipolar line in the first image is matched with its
corresponding epipolar line in the second image. The e -
tablished matching between two lines is a path in the gri disparity surface
of all possible matches (Figure 2). The matching grid be
tween the epipolar line in the first image and the epipole
line in the second can be transformed into the equivalein
formulation on the right where only the line in the first
image appears directly. In this case each potential mat
has the form(m, d), wherem is the position along the
epipolar line andl is its associated disparity. In Figure 3
all minimum cost paths defining the matching of epipo-
lar lines are now assembled into a single minimum cost L i
surface. The goal of this construction is to take advar?— Definition of a Useful Cost Function
tage of one very important property of disparity fieldsln order to perform the actual stereo matching, the defi-
which is local coherence, by which is meant that dispanition of a matching cost function is needed. It should be
ities tend to be locally very similar, in any and all di- small for a likely match and large for an unlikely one.
rections. This property is exploited in dynamic program- By assuming that the surfaces are Lambertian (i.e.
ming based methods along epipolar lines by enforcing thtbeir intensity is independent of viewing direction) the

giilgure 3: Putting all epipolar lines together and casting
the problem of finding the disparity surface in a maxi-
mum flow problem in a graph
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OPTIMIZED MAXIMUM -FLOW DISPARITY ESTIMATION 3

intensity values of the projections of oBé& point M Being six-connected instead of four connected, each
on the camera planes should be identical and thus thegertex of the new problem is not only connected to its
projection are a valid match. Therefore, we can define theeighbors along the epipolar line, but also across adja-
matching cost as the variance of the pixel intensities ascent epipolar lines. We can compute the maximum flow
L _ ) between the source and the sink. The set of edges that
cost(m, d) = 3((Ir (mz_ I(m, d))*+ (1) are saturated by the maximum flow represent the mini-
(I2(m +d) = I(m,d))%) mum cut of the graph. This cut separates the source and
the sink and effectively represents the disparity surface.
The edge capacities are defined in a straightforward way.

the luminance values of pixek in image planel, and The matching cost is used directly as a capacity. Sin(?e a
pixel m + d in image pland,. However, as can be SeenIlkely match_ has_a low matching cost, the _correspondmg
also from the experimental results, the disparity estim&d9€ capacity will be low and that edge is likely to be sat-
tion based on this cost function is not stable and produc&&ated by the maximum flow. Conversely, a high match-
many outlier disparity values. A natural alternative wouldnd COSt yields a high capacity edge, which is unlikely to
be to use as cost function the Displace Frame Differen&$ Saturated. Since a vertex in the graph corresponds to

where I;(m) is the luminace value of pixek: in the
image planely, £ = 1,2 and I(m,d) is the mean of

(DFD): a potential match, we can derive its matching cost by the
above cost equation. The capacity of an edge is derived
DFD(m,d) =32, yew [H1(me +z,my +y) from the matching cost of the two vertices that it links:
—Iy(mg +dy +2,my +dy +y)|
2) cost(my, dm,, ) + cost(my, dp, )
whereW is a square window centered at pixel c(u,v) = 2 (6)

The value of the cost function is considered reliabl
only if the pixelm is located over highly textured regions.
Fpr the detection of teXt“Te we used a variant of the tef: ies. We can write the above equation in the following
nique proposed in [7] which is based on the observatlogquivalent form:
that the highly textured regions present high local vari-
ation of the luminance in all directions, while on edges c(u,v) = cost(u) + cost(v) o
the variation of the luminance is higher in the edge di- ’ 2
rection. The cost function is computed for every diSparwherecost(u) is used for simplicity instead abst (m.,,
ity layer and the corresponding cost image is low pasg,,, ) andcost(v) instead ofcost(m,, dy,, ) sinceu and
filtered. The low pass filtering replaces each unreliablg are matches and defined by their associated point and
value with a weighted mean of neighboring reliable pixefiisparity.
values. Sometimes there can be edges with zero capacity

along which no flow passes. These cases can frequently
4  Casting the Stereo Matching Function as a Maxi- occur in the homogeneous regions or in the ideal case of a
mum Flow Problem perfect match. As no flow pass through these edges, they

We solve globally for the disparity surface by adding ago r?Ot belong to the_set O.f saturated edges and so they are
source and a sink as in Figure 3, and treat it as flow proB-Ot included in the disparity surface. This problem can be

lem in a graph. The vertex set is defined as sqlved b}/ a WeII_—known method used in _Iinear program-
ming which avoids the graph degeneration. Namely in-
V =V*U{s,t} (3) stead of zero capacitiesedge capacities are used where
¢ is a small number near zero but not zero. In this way
wheres is the source, is the sink and’* is the3D mesh:  the undesired possibility of non passing flow through the
V*={(z,y,d): 2 €0...Tmas], “very gooQ“ matching edges is eliminated. These edges
Y E0.. Ymas), d €O .. dmas]} (4) now, are Il_kely to be ;aturated py the flow and the result-
ing disparity surface is more reliable.
where(Tmas + 1, Ymaz + 1) is the base image size and The cut obtained by solving the maximum flow prob-
the d,,.. + 1 is the disparity resolution. Internally the lem is the optimal way to separate the source and the sink
mesh is six-connected and the sousceonnects to the for the particular cost function. As it is known, any cut
front plane while the back plane is connected to the sinkiust break each path connecting the source with the sink.

Svhere them(, . are the corresponding reference image
oints and thely,,, ,,,} are their hypothetical dispari-

t. We have: From the graph structure for arfy, y), there is a path
(w,0) € VEx V* |lu—v|| =1 s ~ t of the form:
E=< (s,(z,vy,0)) z €[0... Tmaz) (5) s = (z,y,0) = (z,y,1) = ... = (2,9, ddmaz) — ¢
((w,y,dmm),t) y € [0---ymax] (8)

Anais do X SIBGRAPI, outubro de 1997



4 I. THOMO, S. MALASIOTIS AND M. G. STRINTZIS

Since the capacities of the edges that connect the soureg v) to be the difference; = c(u,v) — f(u,v). The
and sink with other vertices are infinity, it follows that flow satisfies the following well known properties:

the cut will break this path in at least one edgey,d) — Capacity constraint: For all, v € V, we require
(x,y,d + 1) whered € [0,dpq — 1]. According to the
above, a disparity map can be constructed from the mini- Flu;v) < cu;v) ©)

mum cut as follow. For each poift, y), the disparity is  Skew symmetry: For alk, v € V, we require
the largest such that the edgér,y,d) — (z,y,d + 1)

belongs to the minimum cut. fo,u) = =f(u,v) (10)
Flow conservation: For ali € V' — s, ¢, we require

: : ey flu,0) =0 (11)
In this section, we present the “preflow-push” approach to
computing maximum flows. The fastest maximum-flons 1 The basic operations

algorithms to date are preflow-push algorithms. This sec- ) . .
tion describes a refinement of the Goldberg’s “genericl’:rom the preceding discussion, we see that there are two

maximum-flow algorithm, the “Lift to Front” approach basig operations performed by a preflow- pugh algorithm:
which has a running time @ (V). The intuition behind pushing flow excess from a vertex to one of its neighbors

the preflow-push methods is best understood in terms gpd lifting a ve_rt(_ex. The basu_: operatidtl/ S H (u, v)
fluid flows. We consider a flow netwotk = (V, E) tobe ~ ¢an be applied it is an overflowing vertex;y (u, v) > 0,
a system of interconnected pipes of given capacities. Ve?—ndh(") = h(v) + 1.
tices which are pipe junctions, have two properties. FirgysH(u,v)
to accommodate excess flow, each vertex has an outflegmp = min(e[u],cf(u,v))
pipe leading to an arbitrary large reservoir that can accyy v) = f(u,v)+temp
mulate fluid. Second, each vertex, its reservoir, and alfy,u) = -f(u,v)
its pipe connections are on a platform whose height ins[u] = e[u] - temp
creases as the algorithm progresses. e[v] = e[v] + temp

Vertex heights determine how flow is pushed: we ) ] o .
only push flow downhill, that is from a higher vertex to The basic operatioBI F'T'(u) applies ifu is overflowing
a lower vertex. There may be positive net flow from &nd if and ifcy(u,v) > 0 implies h[u] < h[v] for all
lower vertex to a higher vertex, but operations that puskerticesv. In other words, we can lift an overflowing
flow always push it downhill. The height of the sourceVerteXP if for every vertexv for which there is residual
is fixed at|V|, and the height of the sink is at 0. All capacity fromu to v, flow cannot be pushed fromto v
other vertex heights start at 0 and increase with time. THcause is not downhill from u.
algorithm first sends as much flow as possible downhi|1”:-|-(u)
from the source toward the smk._ The_ amount it sends Wu] = 1+min{h[v] : cf(u,v)>0}
exactly enough to fill each outgoing pipe from the source
to the capacity. When flow first enters an intermediat&he generic preflow-push algorithm uses the following
vertex, it collects in the vertex’s reservoir. From there, isubroutine to create an initial preflow in the flow network.

is eventually pushed downhill. NITIALIZE-PREFLOW(G,s)
It may eventually happen that the only pipes th or each vertex U in V[ES]

leave a vertex, and are not already saturated with flow do h[u] = 0
connect to vertices that are on the same level ase up- e[u] = 0
hill from «. In this case, to rid an overflowing vertexof for each edge (uyv) in E[G]
its excess flow, we must increase its heights. This opera- do f(u,v) '
tion is called “lifting” vertexu. Its height is increased to f(v’u)
one unit more than the height of the lowest of its neighﬁ[s] _ |V[(’3]|
bors to which it has an unsaturated pipe. After a Vel each vertex U adjacent to s
tex is lifted, therefore, there is at least one outgoing pipe do f(us) = c(s.u)
through which more flow can be pushed. f(s’u) _ —c(é )

A capacity edge usually is considered equivalent with e[u,] = ¢(s u)’
two arcs inverse to each other with the same capacity '
equal to the edge capacity. We ndie:, v) for the current  After initializing the flow, the generic algorithm repeat-
net flow over the arc¢u, v), h[u] for the height of vertex edly applies, in any order, the basic operations wherever
u, ande[u] for the excess accumulated at the reservoir ahey are applicable. Itis shown that the generic algorithm
vertexu. Also we define the residual capacity of an arauns inO(V2E) time.

5 Preflow-push Algorithms

0
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OPTIMIZED MAXIMUM -FLOW DISPARITY ESTIMATION 5

5.2 The lift-to-front algorithm L = V[G]{s,1}
g)r each vertex u in V[G]{s,t}

The generic preflow-push method allows us to apply th
I P P e do current = head[N[u]]

basic operations in any order at all. By choosing the or-
der carefully and managing the network data structure ey_:head[L]

ficiently, we can solve the maximum-flow problem fastetVhile u <> N_“-

thanO(V2E) bound. The lift-to-front algorithm main- do old-height = hiu]

tains a list of the vertices in the network. Beginning at DISCHARGE(U)_

the front, the algorithm scans the list, repeatedly selecting if h[u] > old-height

an overflowing vertex, and then “discharging” it, that is, move u to the front of L
performing push and lift operations untilno longer has u = nextu]

a positive excess. Whenever a vertex is lifted, it is move

to the front of the list and the algorithm begins its scar& should be note that, & was moved to the front of the

anew. It is shown [6] that the lift-to-front algorithm has 'St the vertex used in the next iteration is the one follow-

running timeO(V3), which is asymptotically at least as INg v N Its new posmon n the list. It.'s Sh°W.” thgt th.e
2 lift-to-front algorithm terminates and its running time is
good a0 (V*E). V3
Edges, in classical implementations, are organizeg( )-
into “neighbor lists.” Given a flow network = (V, E),
the neighbor listV[u] for a vertexu € V is a singly 6 OnAnalyzing the Algorithm and the Specific Topol-
linked list of the neighbors ofi in G. The first vertex ogy of the Graph

in the Nlu] is pointed to byhead[N[u]]. The vertex analyzing an algorithm has come to mean estimating the
following v in & neighbor list is pointed t0 byezt —  ragoyrces that the algorithm requires. Usually, resources
neighbor(v]; this pointer iSNIL if v is the last vertex such as computational time and memory are of primary
in the neighbor list. The lift to front algorithm cycles -gncern. The dynamic programming approach on sep-

through each neighbor list in an arbitrary order that i$, ate epipolar lines requires a total running time which
fixed throughout the execution of the algorithm. ForeaCFhight seem much better than the maximum-flow algo-

vertexu, the field currentlu] points to the vertex cur- yim However, the computational time required for solv-
rently under consideration iv[u]. Initially, current[u] g the maximum-flow problem depends heavily in the
is set tohead[N[u]]. An overflowing vertexu is dis-  jnnut graph. After experiments with various stereo pairs
charged by pushing all of its excess flow through edg€ge opserved that the topology of the graph, the position
(arcs) with non-zero residual capacity to neighbors veg¢ 1o source and sink, and the structure of edge capac-
tices, lifting u as necessary. The pseudocode is as fOffieg || tend to make the problem easier to solve, mak-

lows. ing the average running time much better than the worst
DISCHARGE(u) case analys_is._ In p_ractice, the average running time of
while e[u] > 0 the fully qpt|m|zed Ilft-tq-front algorlt_hm compares fa-
do v = current[u] vorgbly Wlth_ the_ dynamic programming approach. The
it v = NIL typical running tlme_for256 x 256 images is anywhere
LIFT(u) between 0.5 to 5 minutes, on an Indigo 2 SGI worksta-
tion, depending on the depth resolution used.
But, as can be easily observed the main drawback of
if cf(uv)>0 and h[u]=h[v]+1 f[he classical implementation of the Iift?to-fror_]t algorithm
PUéH(u) is the large amount of memory that it requires. Let us
else eﬁtlmatebhow Ia&ge th_|s akllm?l;tnt off memlory 'IT{ As were
_ . shown above, edges in the lift-to-front algorithm are or-
currentiu] = next-neighbor(v] ganized into “neighbor lists.” The best solution for an
As we said above, in the lift-to-front algorithm, we arbitrary graph would be a singly linked list of the neigh-
maintain a linked listZ, consisting of all vertices iy —  bors for each vertex. Because in our graph the vertices
s,t. The pseudocode for the lift-to-front algorithm as-are six-connected, their “neighbors lists” will have six el-
sumes thatext[u] points to the vertex that follows in ~ €ments. In these elements we have to store information

list L and that, as usuahezt[u] = NIL if u is the last @boutthe endpoint (an edge typically is considered equiv-

current[u] = head[N[u]]
else

vertex in the list. alent with two arcs inverse to each other, so can be used
the term endpoint), capacity and residual capacity of the

LIFT-TO-FRONT(G,s,t) corresponding edge along with the pointer to the next el-
ement of the list. However, we must note that in order

INITIALIZE-PREFLOW(G,s) to fully optimize the lift-to-front algorithm regarding the
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6 I. THOMO, S. MALASIOTIS AND M. G. STRINTZIS

need to store any information regarding the source, its

_ Bytes “neighbor list” etc. Regarding the sink, recall that the ca-
Endpoint 4 pacities of edges that link the end vertices to the sink are
Capacity + res. capacity 2 infinity. In this way if eventually there is excess to the
Pointer to inverse arc 4 reservoirs of the end vertices it all can be pushed to the
Pointer for linking the list 4 sink. Similarly, we do not perform in these cases a push
Total 14 operation but simply cancel the excess flow eliminating

in this way any information regarding the sink. Eliminat-
ing the source and sink we now have a 3D graph with six
connected vertices only. By taking advantage of this fact
we can use an array of

Table 1: Bytes required for neighbor list element.

running time, the line
Tmae * Ymae * Amae X 6

flv,u) = -f(u,v)

dimensions where each row corresponds to a vertex and
in the PUSH routine must be executed ifi(1) time. each element in the row corresponds to an edge. The el-
For this reason, usually in the classical implementatioremments of the array have a size of two bytes only, just
a pointer to the inverse arc is stored in each element édr storing the capacity and residual capacity of the cor-
the “neighbor lists.” responding edge. The key property of the array is the

In this way, 14 bytes are needed per list element arder in which the information for each vertex is placed
6 = 14 = 84 bytes in total per vertex, according to Tablein it. Namely theu!” row of the array corresponds to the
1. (i, 7,d) vertex by the following function:

Regarding the source and sink their “neighbor lists”
havezr, oz *Ymae €lements, that i8,, 4. *Ymae * 14 bytes  INDEX(u, i, j, d)
are needed. temp = u div dmax

We must note that an additional amount of eight bytés = u mod dmax
for each vertex for storing the excess flow and the height= temp div xmax
value and eight bytes for maintaining the vertex list in thé = temp mod xmax
LIFT-TO-FRONT routine is required.

So in this representation, which is the best for arbiOf course this function is one-to-one and its inverse is:
trary graphs, the lift-to-front algorithm neeé4 + 16 =
100 bytes for each vertex excluding the source and sin ,
and2 # 100 * Zmae * Ymaz Dytes for the source and sink, "€tUM J*n
Totally, the algorithm requires an amount of

INVERSE-INDEX(j, j, d)
x*dmax + i*dmax + d

100 * Tmae * Ymae * Amaz + 2 % 100 * Tppgq * Ymazx

bytes of memory resources.

This amount of memory is in many cases very large
prohibiting us to run the program for large images with
large disparity resolution. For example in in a stereo . .

air256 x 256 with disparity resolutior30 about210M b .
pmemory is needed. pHO\;(vyever, using the special struc- L=INYERSE-IMDEXI, j, of)
ture of the graph we can drastically reduce the memory
resources needed by the lift-to-front algorithm. Firstly,
we show how the second term in the above sum can b
eliminated. Eventually, all the flow that can possibly get
through to the sink has arrived there. No more can arrive, Figure 4: Array of hexades
because the pipes obey the capacity constraints. The al-
gorithm then sends the excess collected in the reservoirs We also have to define a specific order inside the
of overflowing vertices back to the source by continuindnexades of each row in the array. Namely we define the
to lift vertices to the above the fixed heighf| of the order of the six links of a vertex to be as in Figure 5.
source. Instead of performing a push operation from the  Inthis way, as we will show in the following, there is
front vertices back to the source we can simply cancelo need to store the endpointfields, pointers to the inverse
the excess of the front vertices. In this way there is narc, or pointers for linking the “neighbor list”.
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: Method Correct (%)
T/DE Roy S. and Cox J. I. [5] 22.26 %
Cox J. 1. [2] 36.19%
1o o3
Tzovaras D. [1] 44.21 %
5 Intille S. S. and Bobick F. A. [3] 45.12%
Proposed method 46.74 %
4
Table 2: Percentages of the well estimated disparity val-
Figure 5: Order inside the hexades ues for each method.

In fact, by taking advantage of the specific order of
the array, the endpoint of an arc whose capacity and resid-
ual capacity are stored in the array in the k) place and 28 * Tmag * Ymaw * dimas
the pointer to its inverse arc can be foundi(i) time by

. ; bytes only. This is a drastic reduction of memory re-
the following routines:

sources compared with the classical implementations. For
the previous example of tHE6 x 256 images with dis-

END-POINT(u, k) parity resolutior80 the memory used is 55Mb.

INDEX(u,i,j,d)
switch(k)
case 1: 7 Experiments and Results
return INVERSE-INDEX(i-1,j,d) A numerical comparison of the efficiency of various dis-
case 2 parity methods is made. For this the synthetic “Corridor”
return INVERSE-INDEX(i+1,j,d) stereo pair (courtesy of Thorsten Froehlinghaus, Univer-
case 3: sity of Bonn) with its ground truth disparity map was se-
return INVERSE-INDEX(i,j-1,d) lected. After estimating the disparity with the estimators
case 4: proposedin[1, 2, 3, 5] the percentages of the correctly es-
return INVERSE-INDEX(i,j+1,d) timated values for each method were compared (Table 2).
case 5: The increase in the percentage of the correct matches is
return INVERSE-INDEX(i,j,d-1) due to the cost function used, if we compare with [2]. Re-
case 6: garding the other methods, the increase in the percentage
return INVERSE-INDEX(i,j,d+1) of the correct matches is due to the new method of cast-
ing the stereo matching problem to the maximum flow
INVERSE(u, k) problem.
v = END-POINT(u,k); Results obtained in real stereo image pair “Aqua”
switch(k){ are shown in Figure 6. If we compare visually the results
case 1 obtained with the dynamic programming method as for
return adress(graph[v,2]) example in the case of [1] with the results obtained with
case 2 the proposed method we can see that the artifacts at the
return adress(graph[v,1]) vertical edges are reduced significantly using the present
case 3: method. As can be seen, the disparity edges in the right
return adress(graph[v,4]) side of the rock and at the top of image are sharper and
case 4: more accurate.
return adress(graph[v,5]) It should be noted that the disparity map images are
case S equalized in order to improve their contrast.
return adress(graph[v,6])
case 6:

return adress(graph[v,5]) 8 Conclusions

A novel method for disparity estimation in stereo images
Therefores x (4 + 44+ 4) = 72 bytes less per vertex was presented. The method is based on concepts similar
are used than in the classical implementations of lift-toto those in [5]. However it performs considerably better
front algorithm. In other words for each vertex there ar¢han [5], improving the disparity estimation accuracy in
needed twenty eight bytes, that is the algorithm will tof5] by at least 100%. Combining the method of maxi-
tally use: mum flow in a graph for solving the optimization prob-
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Figure 6: “Aqua”, disparity estimation (a) original image
(b) method in [1], (c) proposed method,

lem of disparity estimation with the power of a sound op-
timization cost function we achieve better results than the
well known methods in the literature. Further we reduce
the prohibitive memory cost of the classical implementa-
tion of the maximum flow method using an efficient data
structure that takes advantage of the special topology of
the graph reducing the memory resources required about
four times.
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