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Abstract This paper presents a fast approach for match-
ing stereoscopic images acquired by stereo cameras
mounted aboard a moving car. The proposed approach
exploits the spatio-temporal consistency between consecu-
tive frames in stereo sequences to improve matching results.
This means that the matching process at current frame uses
the matching results obtained at its preceding one. The
preceding frame allows to compute an Initial Disparity Map
for the current frame. The initial disparity map is used to
derive disparity ranges for each scanline as well as what we
call Matching Control Edge Points. Dynamic programming
is performed for matching edge points in stereo pairs. The
matching control edge points are used to drive the search for
an optimal solution in the search plane. This is accom-
plished by dividing the dynamic programming search space
into a number of subspaces depending on the number of the
matching control edge points. The proposed approach has
been tested both on virtual and real stereo images sequences
demonstrating satisfactory performance.
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1 Introduction

Stereo vision [2] is a well-known method for obtaining an
accurate and detailed 3D representation of the environment
around an intelligent vehicle (IV). The key problem in
stereo vision is finding correspondences between pixels of
stereo images taken from different viewpoints [1].
Exhaustive surveys on methods tackling the correspon-
dence problem can be found in [4, §]. A taxonomy of dense
stereo correspondence algorithms together with a testbed
for quantitative evaluation of stereo algorithms is provided
by Scharstein and Szeliski [18]. According to the taxon-
omy, graph-cuts-based methods [3] seem to outperform
other methods, but they are time consuming which makes
them not suitable for real-time applications (e.g., advanced
driver assistance systems (ADAS).

Although there is strong support that incorporating
temporal information in stereo matching can achieve better
results [7, 9, 12, 22], only a small amount of research has
been devoted to the reconstruction of dynamic scenes from
stereo images sequences. We believe that by considering
the temporal consistency between consecutive frames,
stereo matching results could be improved [10, 11]. This
paper presents a new stereo matching method which
exploits the similarity of edge curves in consecutive stereo
pairs of images captured by a stereo camera mounted
aboard an IV. The proposed method represents an exten-
sion of the one presented in [10]. Using temporal infor-
mation, the key question is “how to match stereo images in
the current frame using the matching results from the
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preceding frame?”. In addressing the above question, first
we have to think how to determine a link between the
current and preceding frames. Here, we use the approach
detailed in [10].

Specifically, edge points are extracted and significant
edge curves are selected in consecutive stereo image pairs.
The spatial correspondences between the curves of the
preceding frame are deduced from the pairs of matched
edge points in the same frame. Temporal matching of the
curves of the left and right consecutive images are com-
puted based on the so-called “association” [10]. As a
result, the spatial correspondences between the curves in
the current frame are inferred. Matched edge points,
belonging to the matched curves, are used as control points
to drive the dynamic programming search process [17] for
matching all edge points in the current stereo pair. The
proposed method has been tested on both virtual and real
stereo images sequences showing satisfactory performance.

The rest of the paper is organized as follows. Section 2
overviews stereo methods handling stereo sequences and
employing temporal consistency. The proposed stereo
method is detailed in Sect. 3 Our experimental results and
comparisons are presented in Sect. 4 Finally, Sect. 5 con-
cludes the paper.

2 Related work

In recent years, several techniques have been proposed to
obtain more accurate disparity maps from stereo sequences
by utilizing temporal consistency [7, 12, 20, 22]. Most of
these methods use either optical flow or a spatio-temporal
window for matching stereo sequences. In Tao et al. [20], a
dynamic depth recovery approach was proposed to incre-
mentally obtain a scene representation, consisting of
piecewise planar surface patches. Their method employs
color segmentation and models each segment as a 3D
plane. The motion of a plane is described using constant
velocity. A spatial match measure and a scene flow con-
straint [21] are employed in the matching process. The
processing speed of the method and the accuracy of the
results presented are limited by the image segmentation
algorithm used.

Vedula et al. [21] presented a linear algorithm to com-
pute 3D scene flow from 2D optical flow and estimate 3D
structure information from scene flow. In [14], the tem-
poral consistency was enforced by minimizing the differ-
ence between the disparity maps of consecutive frames.
That approach was designed for off-line processing only
(i.e. it takes pre-captured stereo sequences as input and
calculates the disparity maps for all frames at the same
time). In [12], an algorithm was developed to compute both
disparity maps and disparity flow maps in an integrated
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way. The disparity map generated for the current frame is
used to predict the disparity map for the next frame. The
estimated disparity map provides spatial correspondence
information which was used to cross-validate the disparity
flow maps estimated for different views. Programmable
graphics hardware was used for speeding up processing.

Zhang et al. [22], extended traditional methods by using
both spatial and temporal information. The spatial window
typically used to compute the sum of squared differences
(SSD) cost function was extended to a spatio-temporal
window for computing the sum of SSD (SSSD). Their
method could improve results when dealing with static
scenes and structured light. However, it fails to do so when
dealing with dynamic scenes. Davis et al. [7] have devel-
oped a similar framework as in [22]. However, their work
was focused on geometrically static scenes imaged under
varying illumination. Given an input sequence taken by a
freely moving camera, Zhang et al. [23] proposed a novel
approach to construct a view-dependent depth map for each
frame. The method takes a sequence as input and provides
the depth for different frame. That approach was also
designed for off-line processing, so it is not applicable in
an IV.

Recently, the so-called “association” was presented as a
technique to find a relationship between consecutive stereo
pairs [10]. Using the same technique to obtain a link
between adjacent frames, we proposed a spatio-temporal
approach to match edge curves in adjacent frames. The
edge points of the matched edge curves form a set of
control points which are used to drive dynamic program-
ming during matching.

3 Stereo matching algorithm

In this section, we describe the steps of the proposed
method for matching stereo images captured by a stereo
sensor mounted aboard an IV. It should be noted that the
stereoscopic sensor used in our experiments provides
rectified images (i.e., corresponding pixels have the same
y-coordinate). The key idea of the proposed approach is
exploiting the link between consecutive stereo pairs. In this
sense, the matching results from the preceding stereo pair
are used to obtain matching results in the current stereo
pair. The following notation will be used in the rest of the
paper: It_, and IX_, denote the left and right stereo images
of frame f;_,, acquired at time k — 1, and d;_, is the
corresponding disparity map. Ir and I} represent the left
and right stereo images of frame f;, acquired at time k. We
assume that frame f, = (It, IY) represents the current ste-
reo pair for which we want to compute the disparity map
di. fio1 = B represents the preceding frame for
which the disparity map d;_, is available. The matching
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problem is formulated as follows: compute d; by taking
into account d;_; and the relationship between frames f;_;
and f;. A summary of processing steps of the proposed
method is given in Fig. 1.

3.1 Edge detection

The first step consists of extracting significant features
from the stereo images to be matched. Here, we are
interested in employing edge points for matching. In [10],
the declivity operator [16] was used to detect edge points
from stereo sequences. This operator, however, is not able
to detect horizontal edge curves. Therefore, it misses an
interesting number of edge points and the resulting
disparity map is rather sparse. In this work, we use the
Canny edge detector [5] which provides continuous edge
curves, which are vital to the proposed matching method.
Using the Canny detector yields more edge points, leading
to richer 3D information. The following notation is

used throughout the paper: S§' = {C}”’}

1:17.“71\]/’?
the set of edge curves extracted from image I/ where
f € {k —1,k} represents the frame index and m € {L,R}
represents the index of the stereo image, (i.e. L for left
image and R for right image). Ny’ represents the number of
edge curves in I

denotes

3.2 Association between edge points in consecutive
images

As mentioned earlier, the main idea of the proposed
approach is exploiting the relationship between consecu-
tive stereo pairs. The so-called association technique, for
achieving this task, was proposed in [10]. In this subsec-
tion, we review the method used to find the association
between edge points in consecutive frames [i.e., the asso-
ciation between edge points in the images Ix_, and I} (resp.
I? | and D).

Fig. 2 I;_, and I} represent consecutive images of the left sequence.
Point Q% in image Ik constitutes the associate point of point Pk,l in
image I,

Let us assume that we want to find the association
between the left images in consecutive stereo pairs. For this,
let us consider two edge points Px_; and Qf_; belonging to
acurve Cr'; in It_, and their corresponding ones Pk and OF
belonging to a curve Ct/ in I (see Fig. 2). The “associate”
point to point Py_; is defined as the point belonging to the
curve Cr*' with the same y-coordinate as of Pi_, [10, 11].
From Fig. 2, we note that point Qf represents the associate
point of P;_,. Specific details of how to find the association
between consecutive images can be found in [10].

For each edge point in image I};_l (resp. If_l), we look
for its associate one, if it exists, in image I}; (resp. If).

3.3 Spatio-temporal matching of edge curves
of consecutive stereo images

Here, we illustrate how to find corresponding edge curves
in consecutive frames f;_; and f; based on their “associa-
tion” and the known disparity map d;_; from frame f;_;.

3.3.1 Temporal correspondence

This involves matching edge curves in image Iz, (resp.
I? ) with edge curves in image I (resp. ). We illustrate
the proposed method using images I;_; and I;. The same
process is used to match edge curves between images I}
and I}

Time k-1 Time k Time k+1_
I f—r delticigi.fou £ I= Association Temporal i
.| between edge —s matching of Sf
SR [ S ST " points edge curves SRAILTAE 3
R patia pal T :
d matching temporal  |[DM Dbparity |1, DE in d
2 4 # rangeand [—»| sub-search [+ d, +—>
of edge matching of -
»| curves edge curves MCHEs plane
k-1 | Association Temporal -
" | between edge —» matching of $ .
L Edge =1 .
I — e S:’r points edge curves

Fig. 1 Scheme of the proposed algorithm
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Temporal correspondence consists of finding for each
edge curve Cy’, in the set Sy, its corresponding edge
curve Cg” in the set Si, if it exists. Let ASS(C]I;ll)

{aen},—; ., be the set of edge points ae,, belonging to
image I%, which represent the associates of the edge points
of edge curve Cr',. N; is the number of associations found
for the edge curve Ci'y. If M; represents the number of
edge pomts in Ci”'y, N; < M, because there are edge points
in image It_, with no associates in image I%. If the asso-
ciation process is error-free, all the edge points belonging
to the set Ass(C 1) should belong to the same edge curve,
which is the curve corresponding to Cg”';. Unfortunately,
there might be some errors inherent to the association
process. Consequently, the edge points ae,, may belong to
different curves in Sy. We find the match of Ck, by
looking for the curve C%*i, which contains the maximum
number of edge points in Ass(Cy';). We apply the same
method to all the edge curves in S};_l to find their corre-
sponding ones in Sk.

3.3.2 Spatial correspondence

This step involves matching the edge curves between the
stereo images I5_; and I}, using the disparity map d;_;.
The same principle, as in the case of establishing the
temporal correspondences, is used to find the spatial
correspondences.

Let Match(C,E’jl) = {men}n:hm?
points me,, belonging to the image I5_;, which match the
edge points of CE',. N; is the number of matched edge
points belongmg to Ci'\. If M; represents the number of
edge points in Cg”'|, N; < M; because there is a number of
edge points in image It_, for which there is no match in
image I5_;. If there is no error in the matching process, all
edge points belonging to the set Match(Cg;) should
belong to a single edge curve, which is the corresponding
of the curve Cg”;. Unfortunately again, there might be
some errors inherent to the matching process. Conse-
quently, the edge points me,, may belong to different
curves in SX ;. We find the match of the curve Cy, by
looking for the curve Cfi 1, which contains the maximum
number of edge points in Match(C%’_il

At this point, we have established (1) the spatial corre-
spondence between the edge curves in the stereo images
IY and I, (2) the temporal correspondence between the
edge curves in images Iy, and It, and (3) the temporal

y, be the set of edge

correspondence between the edge curves in the images I},

and If. Given this information, we can deduce easily the
spatial correspondence between the edge curves It and I§
as depicted in Fig. 3. Let Cy' be an edge curve in Iy.
Finding the spatial match of Cy” is achieved in four steps.
First, we find the match of C;** in It_;, which we call C}¥,.
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Fig. 3 Spatial and temporal matching of the edge curves belonging to
consecutive frames

Second, the corresponding edge curve, CR™ of CHYy is
found in the image IR |. Third, we look for the match,

" of Cf in Ik Finally, we deduce that C}" represents
the match of Cy'. We repeat the same process for all the
edge curves in image /% to find their matches in image I%.

3.4 Initial disparity map

Here, we illustrate how to get an initial disparity map for
the stereo pair f; on the basis of matched pairs of edge
curves in the same frame. Let Ct and CX" be corre-
sponding edge curves belonging to images It and I%
respectively, and e, an edge point belonging to Ci'. Given
that the stereo images are rectified, the corresponding edge
points should have the same y-coordinate. The match of

ey, if it exists, should belongs to Cx™" and have the same y-
coordinate as el.. We repeat this process for all edge points
of C¥' to find their matches in CRX". The same method is
applied to all pairs of matched edge curves in the frame f;.
As a result, we get a number of pairs of matched edge
points in the stereo images of frame f;. These correspon-
dences allow us to generate an initial disparity map (IDM)
for the current frame.

The IDM used in this work is more accurate compared
to the pre-estimated disparity map computed in [10]. This
is because in this work, the IDM is derived from temporal
matched edge curves of consecutive images (i.e.,
Sect. 3.3.1). Using curves to compute the IDM avoids the
problems inherent to the association technique and
improves the quality of IDM. However in [10], the IDM
was computed directly from the associations found
between edge points of consecutive images. In this case,
false associations affect the quality of IDM. Having a good
IDM is crucial to the success of this and our previous
method [10]. In [10], the IDM was used to compute the
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disparity range. Here, it is being used to estimate the dis-
parity range as well as obtain the matched control edge
points (MCEPs) which drive the dynamic programming for
matching the remaining edge points in the current frame
(i.e., Sect. 3.5.3)

3.5 Stereo matching method of edge points
of the current frame

In Sect. 3.4, we described how to match the edge points
belonging to the edge curves in frame f;. This section
presents our method for matching the remaining edge
points of the current frame by considering the MCEPs.

3.5.1 Disparity range constraint

The accurate choice of the maximum disparity threshold
value is crucial to the quality of the output disparity map and
computation time [6, 18]. In [10, 11], a method to compute
the range of possible disparities was presented. The method
was based on analyzing the v-disparity [13] computed from
the IDM. This provides the disparity range for each scan-
line of the stereo images. We use the same idea here to
determine the disparity range for each image line in the
matched stereo pair. More details can be found in [10].

3.5.2 Cost function

As a similarity criterion between corresponding edge
points, we use a cost function based on the gradient mag-
nitude and orientation at the matched edge points. Let e~
and ¢® be two edge points belonging to images /& and
I}, respectively. We denote by m™ and m® (resp. 6 and 67)
their gradient magnitudes (resp. orientations). We assume
that corresponding edge points in stereo images should
have the same (or close) gradient magnitudes as well as the
same (or close) orientations. Therefore, we define the cost
function as follows:

Clet,e®) = { (I (") = IROR %) 4 ()
+ (mR)2 — 25 mb 5« m® « cos(0- — HR)}1/2

(1)

where (x", yL) and (x%, yR) are the coordinates of the edge
points " and €®, respectively.

3.5.3 Dynamic programming

Let {eksz}fll,...,N_sz (resp. {efsl}jlil,...,zv_sl) be the set of edge
points in scan-line s/ of image I (resp. I}). We assume that
these points are ordered according to their x-coordinate; N4
(resp. NR) is the number of points. We demonstrate how to

match these edge points for scan-line s/ using dynamic
programming. The same technique is used for all scan-lines
in the stereo images Ik and If.

The problem of obtaining correspondences between
edge points on right and left epipolar scan-lines can be
expressed as a path finding problem on the 2D plane [17].
We propose to subdivide the search space into several sub-
spaces, depending on the number of MCEPs found at scan-
line sl. Figure 4 shows an example of the 2D search plane,
which is divided into several sub-search planes. The ver-
tical lines show the positions of edge points on the left
scan-line while the horizontal ones show those on the right
scan-line. We refer to the intersections of these lines as
“nodes”. Nodes on this plane represent candidate matches
and correspond to stages of dynamic programming where a
decision should be made in order to select an optimal path
to that node. Optimal matches are obtained by choosing the
path which corresponds to a global minimum of the cost
function. For each sub-search plane, the optimal path must
go from the upper left corner to the lower right corner
monotonically due to the ordering condition. Because of
the non-reversal ordering constraint, starting from a node in
the search plane, a path can be extended towards only one
of the following three directions: east, south, or southeast.

As depicted in Fig. 4, each sub-search plane consists of
matching the edge points between consecutive MCEPs. As
an example, the second sub-search plane #2 is used to
match the edge points between ¢ and €5 in the left scan-
line s/ of image I* with the edge points located between ef
and €¥ in the right scan-line s/ of image I}. (e}, ) and
(5, eX) represent two pairs of matched edge points found
by the method described in Sect. 3.4 (i.e., two MCEPs).

L L

g &  Left edge points
g |- %

A S
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2 W \ %
e_’ '\:‘-/ ‘. ’;@
2 41 \/ ¥t
£ ,
O .
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0] 3
(=]
©
45
S
o i

Fig. 4 2D search plane subdivided into sub-search planes. The
horizontal axis corresponds to the left scan-line and the vertical one
corresponds to the right scan-line. Vertical and horizontal lines are
the edge point positions and path selection is performed at their
intersections
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First, the disparity range is used to select the valid nodes
for the sub-search plane #2. Second, the cost function
(Eq. 1) is used to find additional matches between the valid
nodes. After the optimal path has been found, the pairs of
corresponding edge points between ef and e} in the left
scan-line and those between ef and €% in the right scan-line
are determined. The same process is repeated for all the
sub-search planes. The same method is applied to all other
scan-lines for matching the edge points of the whole image.

As we detailed above, for each scan-line the dynamic
programming space is divided into a number of subspaces
depending on the number of MCEPs found. We are con-
fident of the correctness of the matched edge points used as
MCEPs. MCEPs force the dynamic programming search
process to follow the correct path. Therefore, the proposed
method provides less mismatches than our previous method
reported in [10] which uses a single search space only.

3.6 Algorithm of the proposed method

The algorithm of the proposed matching approach can be
described as follows:

4 Experimental results

To evaluate the performance of the proposed approach, we
experimented with different stereo sequences. Let us refer
to the new method as Spatio-Temporal Matching (STM)
method. The STM method is developed based on the TCM
(Temporal Consistent Matching) method [10]. Comparison
results between the two methods are presented to show the
improvements brought by STM.

4.1 Virtual stereo image sequences

First, we used the MARS/PRESCAN virtual stereo images
available from [19]. The size of the images is 512 x 512.
The left stereo image of frame #293 of the virtual stereo
sequences is shown on the left side of Fig. 5. The edge
image, obtained by the Canny edge detector, is shown on
the right side of Fig. 5. The corresponding disparity maps
computed by STM and TCM are shown in Fig. 6. For
clarity, we use false colors for represent the disparity map.
Table 1 summarizes the matching results obtained from the
two methods. It shows the number of matched edge points
(NME), the number of correct matches (NCM), and the
percentage of correct matches (PCM) obtained for frame
#293. It is clear that STM yields more correct matches
compared to TCM (i.e., almost twice as many). Of course
this is due to using the Canny edge detector which provides
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Step 1: Initialization of the algorithm
— Step 1.1: Edge detection of Ié and I(’f using canny edge detector
- Step 1.2: Compute the disparity map dy using an old method
— Step1.3: k=1

Step 2: Edge detection of I- and I¥ using canny edge detector

Step 3: Spatial correspondence between edge curves of the stereo images I- | and IF |

For each curve C,{f;’l in SL] we look for its corresponding one in Sﬁl

Step 4: Temporal correspondence between edge curves of the images IF and IF |
— Step 4.1: Association between edge points using the method proposed in [10]. For
each edge point in the image I, we search its associate one in I- |.

— Step 4.2: For each curve C,f'i in S, we look for its corresponding one in S,

Step 5: Temporal correspondence between edge curves of the images IAR and 1571 using

the same method as in step 4.

Step 6: Spatial correspondence between edge curves of the stereo images IkL and I,f

for i = 1 to sizeOf(SE) do
if TemporalMatchOf(C,:“i) exists then
ij] = TemporalMatchOf(Cl“i)
if SpatialMalchOf(Cf;/l) exists then
C&"= SpatialMatchOf(Cr) )

if TemporalMalchOf(Cf;”]') exists then

C,’f M= TemporalMalchOf(Cf;”l7 )
SpatialMatchOf(C)=CR"
end if
end if
end if

end for
e Step 7: Initial disparity map (IDM) computation
for i =1 to sizeOf(SE) do
G =SpatialMatchOf(C{")
for each ¢, in C;* do
ef=MatchOf(ek)
if ek exists in C,I:‘” then
add ef to Match(C")
end if
end foreach

end for

Step 8: Disparity range computation
The same technique proposed in [10] is used. This technique can determine the range of
the possible disparities for each scan-line of f; = {IL,I,f} by analyzing the v-disparity

computed from IDM.

Step 9: Dynamic programming in sub-search space
MCEP{s/}: Set of matching control Edge point in scan-line s/.
for s! =1 to HeightOf(I*) do
for i =1 to sizeOf(MCEP{s/})—1 do
e; = MCEP{s{}(i);
eip1 = MCEP{sl}(i+1);
Select an optimal path between ¢; and ¢;,| using dynamic programming.
end for
end for
o step 10: the disparity map dj, is deduced from the dynamic programming path
o stepll: k=k+1

e step 12: repeat steps 2 to 10 for the next stereo pair
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Fig. 5 (left) Left stereo image #293 of the virtual stereo sequences
and (right) the edge image extracted by the canny detector

Fig. 6 The disparity map computed using (leff) STM and (right)
TCM on frame #293

a richer set of edges. On the other hand, the percentage of
false matches is much lower using STM than TCM. Similar
performance was obtained on other frames of the virtual
sequence.

The improvements inherent to the new method, com-
pared to the one in [10], is coming from two factors: (1) the
Canny operator used to detect edge points and (2) the
spatio-temporal matching of the edge curves of the con-
secutive stereo pairs. In order to see the impact of the two
factors on the proposed method, we propose to compare the
STM method with TCM-Canny method, which is the TCM
method applied on edge points extracted by Canny operator
instead of declivity operator. The results obtained at the
frame #293 are summarized in Table 2. Compared to TCM
method, we remark that the NCM is increased by 9,758 and
20,981 when using TCM-Canny and STM, respectively.
The STM (resp. TCM-Canny) succeeds to match correctly
149 % (resp. 38 %) more pairs of edge points. The
percentages of correct matches provided by STM and
TCM-Canny are 94.43 and 89.13 %, respectively. The

Table 1 Summary of the results obtained using STM and TCM

Method NME NCM PCM
TCM 15,934 14,021 88.03
STM 37,237 35,002 94.43

Table 2 Summary of the results obtained by STM and TCM using
Canny edge detector

Method NME NCM PCM
TCM 15,934 14,021 88.03
TCM-Canny 28,321 25,244 89.13
STM 37,237 35,002 94.43

STM method increases both the NME and the PCM,
however, the TCM-Canny method increases only the NME.
Therefore, the large improvement of STM is coming from
the use of the spatio-temporal of the edge curves.

4.2 Real images sequences

The proposed method has also been tested on two real
sequences acquired by a stereo vision sensor mounted
aboard a moving car. The velocity of the vehicle was
90 km per hour. The stereo vision sensor used provides 10
frames per second.

Figure 7 depicts the left image #4183 from real
sequence # 1, used to test the proposed method, as well as
its corresponding edge image. The disparity maps com-
puted by STM and TCM are shown in Fig. 8.

According to the disparity smoothness constraint, edge
points belonging to the same contour (i.e., object) should
have similar disparity values. We use this constraint as a
reference to assess the performance of the proposed
method. We focus our attention on the disparities computed
at the two cars (i.e., left and right) as shown in Fig. 9.
Figures 10 and 11 show the detailed disparity maps

Fig. 7 (left) Left image #4183 from a real stereo sequences and
(right) the corresponding edge image obtained using the Canny edge
detector

Fig. 8 Disparity maps computed using (left) STM and (right) TCM
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Fig. 9 Sub-images corresponding to the left and right cars

Fig. 11 Disparity map for left car and right car using TCM

computed by STM and TCM. Clearly, the disparities
computed by STM are smoother than those computed by
TCM. For a quantitative comparison, we have manually
analyzed the computed disparities using the two methods.

Tables 3 and 4 show approximately the number of
matched edge points (NME), the number of correct mat-
ches (NCM), and the percentage of correct matches (PCM)
using the two methods. Again, STM is more successful in
matching more edge points with a greater percentage of
correct matches. The percentage of correct matches found
for the right car (Table 3) using STM and TCM are 89.79
and 71.31 %, respectively. The number of correct matches
are 1,108 and 179, respectively. A similar comparison has
been done for the left car (see Table 4). Overall, STM
outperforms TCM both in terms of number of matches and
percentage of false matches.

Next, STM and TCM were applied on real sequence #2;
Fig. 12 shows the left image of frame #1983 and its
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Table 3 Summary of the results obtained using STM and TCM for
the right car

Method NME NCM PCM
STM 1,234 1,108 89.79
TCM 251 179 71.31

Table 4 Summary of the results obtained by STM and TCM for the
left car

Method NME NCM PCM
STM 710 621 87.46
TCM 348 296 85.06

corresponding edge image. The disparity maps computed
by STM and TCM are shown in Fig. 13. We have focused
our analysis to the disparities computed at the two closest
cars of the sequence. Figures 15 and 16 show the detailed
disparity maps computed by STM and TCM. The dispari-
ties were computed using the same principles again as for
sequence #1. We remark from the Figs. 15 and 16 that the
disparities computed by TCM and more noisy and sparse.
Those obtained by STM are smoother and denser. As it can
be observed from Tables 5 and 6, STM is more successful
in finding more correct matches compared to TCM.

To see the impacts of the Canny operator and the spatio-
temporal matching on the new method, we compare the
results obtained by the STM and TCM-Canny methods.
Table 7 depicts the results reached when we apply the
methods TCM, TCM-Canny and STM to the real sequen-
ces #1 and #2. As in synthesized sequence, we can con-
clude that both the PCM and the NME provided by STM
are greater than those provided by TCM-Canny. Conse-
quently, the large part of the improvement of the STM
method is caused by the spatio-temporal matching factor.

In summary, the improved performances of STM can be
justified by the following reasons:

e We have replaced the declivity operator, used in [10],
with the Canny edge detector. This allows to get more
edge points as the declivity operator is not able to

Fig. 12 (left) Left image #1983 of the real stereo sequence #2 and
(right) the corresponding edge image obtained using the Canny edge
detector
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Fig. 13 Disparity maps computed using (leff) STM and (right) TCM

Fig. 15 Disparity maps for left car and right car using STM

Table 5 Summary of results obtained using STM and TCM when
applied to the left car of real sequence #2

Method NME NCM PCM
STM 2,148 1,322 61.54
TCM 1,476 734 49.72

Table 6 Summary of results obtained using STM and TCM when
applied to the right car of real sequence #2

Method NME NCM PCM
STM 682 441 64.66
TCM 395 132 33.41

detect horizontal edge curves. Therefore, the STM
method provides more matched pairs of edge points.

e The IDM is a crucial component both in STM and TCM
since the disparity range is derived from the IDM both
for STM and TCM. In [10], the IDM was computed

Fig. 16 Disparity map for left car and right car using TCM

from the association between edge points of consecu-
tive images together with the correspondences between
edge points of preceding frames. However, in the
proposed approach, the IDM is computed from the
spatio-temporal matching of the edge curves in con-
secutive frames. Consequently, the IDM computed by
STM is more accurate than the one computed by TCM.

e In TCM, a single search space is used to find the
correspondences between edge points of corresponding
scan-lines. In the proposed approach, MCEPs are used
to divide the search space into subspaces. This forces
the search path to cross the pairs of matched edge
points derived from the IDM. Therefore, the matching
results found by STM are improved.

4.3 Running time

The hardware used in our experiments is a HP
Intel(R) Core(TM)2 Duo CPU 2.09GHZ running under
Windows XP. The running time, for each processing step
of the proposed matching approach, is shown in Table 8.
Matching one frame of the virtual, real #1, and real #2
takes 188.4554, 123.7622 and 103.9962 ms, respectively.
This means that the STM can match between 8 and 9.6
frame per second of the real sequences. The time consumed
by the Canny detector is about 6 % of the whole running
time when the STM is applied to real sequences. Here, we
have acquired the stereo images by a stereo sensor, which
provides 10 frames per second. We have used the acquired
video off-line to test our algorithms. The running time need
to be reduced by 3-23 ms to allow the proposed method to
be able to match 10 frames per second. Given that the
matching process is performed independently for each
image line, the running time can be reduced by using
multiple processors.

4.4 Uncertainty of edge localization

Here, we investigate the effect of edge localization
uncertainty on the matching results. We propose to add
zero-mean Gaussian white noise with variance ¢ to the
sequences before performing edge detection. This will
effect the accuracy of the edges positions. The noise
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Table 7 Comparison results

between TCM, TCM-Canny and NME NCM PCM

STM methods TCM TCM-Canny STM TCM TCM-Canny STM TCM TCM-Canny STM
LC. #1 348 752 710 296 617 621 85.06 82.04 87.46
RC. #1 251 1,053 1,234 179 792 1,108 7131 7521 89.79
LC.#2 1476 1,957 2,148 734 992 1,322 49.72  50.69 61.54
RC. #2 395 645 682 132 312 441 3341 48.37 64.66

Table 8 Running time of each step of the STM algorithm (ms)

Virtual Real #2  Real #1
Edge detection 15.6508 7.0194 6.8880
Temporal association of edge 16.8200 7.9992 72114
points
Temporal matching of edge 3.5608 1.2002 0.9592
curves
IDM generation 0.0208 0.0118 0.0132
Disparity range computation 10.3600 7.2340 8.1362
Final disparity map d; 142.0430 100.2976  80.7882
Total 188.4554 123.7622 103.9962

modifies the positions of some edge points and generates
false edge points. Table 9 illustrates the results obtained
when the sequences are noised with a Gaussian noise with
different ¢ values. It depicts the percentage of unchanged
edge points (PUEP) and the percentage of correct matches.
We have illustrated only the results obtained at the virtual
sequence, the LC of the real sequence #2 and the RC of the
real sequence #1. We can remark:

1. The Canny edge detector is not vulnerable to the noise,
e.g., the percentage of edge points which kept their
positions unmodified is 98.6 % at the LC of sequence
#2. We need to add a Gaussian noise with important ¢
value to influence the position accuracy of a big
number of edge points.

2. The PCM is reduced slowly even if the & value
increases strongly.

The same remarks are valid for the other sequences. The
second remark mean that the number of false matches
increases slowly as the ¢ value decreases strongly. The
mismatches are caused by the false edge created by the

Table 9 The results provided when a Gaussian noise is added to the
sequences

=3 =35 =10 og=15
PUEP PCM PUEP PCM PUEP PCM PUEP PCM
#293 99.04 93.19 9841 91.12 96.52 8879 93.39 87.90

#1983 (LC) 98.89 6094 98.10 59.74 96.24 5735 9298 5345
#4183 (RC) 99.53 8857 99.15 8734 9828 8382 95.19 79.79

@ Springer

noise in the stereo images. However, the mis-localized
edge points has little effect on the matching process.

5 Conclusion

In this paper, we have presented a fast spatio-temporal
matching method, which is useful in ADAS applications.
The method employs the temporal relationship between
consecutive frames. This allows using the matching results
obtained from preceding frames in the matching process
for the current frame. An initial set of matched edge points
is computed and used to drive the dynamic programming in
finding the correspondences between the remaining edge
points in the current frame. The new method has been
tested on different stereo image sequences showing satis-
factory performance. For future work, we plan to further
improve the method by employing more powerful features,
for example, SIFT features [15]. We wish also to use the
matching results to tackle the problems of obstacle detec-
tion and tracking.

In its current implementation, the proposed method
could not be applied in real-time. We note that the temporal
association and final disparity computation steps of the
proposed approach are executed independently for each
image line. These two steps consume about 84.61 % of the
whole running time. Parallelization of those steps will
reduce the running time. The running time can be reduced
by using a number of processors equal to the number of
image lines. As an example, the number of lines of real
sequence #1 is 286. By using 286 processors the running
time of the two steps mentioned above can be divided by
286. Matching one frame of the real sequence #1 will take
only 16.30 ms instead of 103.99 ms. This means that the
STM can match more than 60 frame per second of the real
image sequences.
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