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Abstract— This paper presents a system for automatic recon- between the left and right images, resulting in large errors
struction of 3D structure using two unsynchronized cameras. in the final estimated 3D structure. This paper presents a
Three images are acquired sequentially from the left, right,  gq1ytion for correcting this change of pose in order to obtain

and again from the left camera. A virtual image from the . -
left camera synchronized with the right image is created by &0 accurate 3D structure. It also describes a fully functional

interpolating matching points of interest (SIFT features) in the ~ Stereo vision system that typically finds corresponding points
two left images. Both geometric and probabilistic criteria are  in the two views with less than 1% outliers. The webcams

used to select the correct set of matching features amongst the ysed in our system had additional wide-angle lenses attached
three views. In an indoor environment, the method typically  hat presented a noticeable degree of distortion that was

results in 3D structure with approximately 200 feature points, . - -
with a median 3D accuracy OI?PLG cm when the average depth removed using a well-known calibration toolbox [1], [2], [7].

is 3 m and the robot has moved 1-2 cm between each image  Different approaches have been presented to synchronize
acquisition. unsynchronized multi-view video streams, where the main
Index Terms— Stereo Vision, 3D Structure, Outliers Detec-  emphasis so far has been put on finding the time difference
tion, Unsynchronized Cameras, SLAM, Feature Correspon-  patween the different video streams, using for example a
dence. voting scheme for cost functions [13]. If objects move in the
video stream, the fact that they move in the same way in all
The degree of autonomy of a robot is very dependent ormiews can be used to calculate the time difference between
its ability to perform simultaneous localization and mappingviews [14], [18]. If a whole sequence of a dynamic scene
(SLAM). An autonomous robot should be able to exploreis observed, both pixel correspondences and synchronization
its environment without user intervention, build a reliablecan be post-processed and calculated [3], [4].
map, and be able to localize itself within that map. Many ap- These approaches use a variety of visual cues and linear
proaches to the SLAM problem can be found in the literatureinterpolation to find the time difference and synchronize the
but the most promising one in terms of cost, computationimages within video streams. The algorithm in this paper, on
and accuracy is the so-calletual simultaneous localization the other hand, assumes that the time difference already is
and mapping(vSLAM™) [8], [9]. In VSLAM, localization = known and concentrates on the problem of finding a correct
is achieved based on recognizing a visual landmark that iset of matching features, and creating accurate 3D structure
nothing but a set of unique and identifiable feature points irwith few outliers. If the time difference cannot be measured
3D space. If a subset of these features are later observed, thieectly, the method proposed by Zhou and Tao in [19] using
VSLAM system can calculate the new robot’s new pose [5]four feature points correspondences on a line would give a
Given the pose of the two cameras in the stereo paigood estimation.
and the correspondence between features in the left and Our algorithm finds feature point correspondences between
right image, then the 3D coordinates of the feature pointhe two views using thé&cale Invariant Feature Transform
in space can be computed using triangulation. In a stere(5IFT) proposed by David Lowe [10], which is the most
vision system, the cameras’ relative positions are well knowmobust feature descriptor available [11]. The SIFT algorithm
from prior calibrations [1]. If the robot is moving, it is makes it possible to extract a large number of unique feature
normally necessary to use expensive synchronized camerpsints from an image, and provides a way of finding probable
so the relative pose difference between the right and lefieature correspondences in other images. Our system uses the
images remain the same for all the frames. For manyeature matching algorithm proposed by Lowe and applies a
consumer robotics applications however, only inexpensivepumber of constraints in order to find the most likely feature
unsynchronized cameras like webcams can be used. If thmatches. A final outliers rejection step is used to validate
cameras are unsynchronized and the robot moves, the relatittee extracted correspondences between the features. Our
pose between the robot and the environment changes slightilgorithm assumes that odometry measurements are available,

I. INTRODUCTION
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and that accurate timestamps of each image are recorded.

This paper is organized as follows. Section Il describes the ° o /\ ° . °
stereo matching procedure, including the feature selectionl€ft . ; . \
correspondence calculation, and the interpolation process 4#/‘~//,’ .
used to synchronize the images. Section IIl presents different
algorithms to find and remove outliers from the set of i
proposed feature matches. Section IV evaluates the perfo&ight "
mance of interpolation and the quality of the triangulated 3D
structure. Sections V and VI drafts some conclusions and -
discusses further improvements to the system. R2
Fig. 1. Schematic description of the algorithm. If a match is found between
Il. STEREOMATCHING the three images (L1, L3, and R2), the feature coordinates in image L1 and
A. Overview L3 are interpolated to match the timestamp of R2.

In this paper, a 3D structure is created using three image
Two consecutive images are acquired with the left camer
(L1, L3). One image is acquired with the right camera (R2)
somewhere in the time lap between the two left images (se%p i ) )
Figure 1). In order to create accurate 3D structure, features If the eplpola_r Ilnes_ can _be calculated, the matc_hlng
from an image synchronized with image R2 are needed. Thigeatgres are easier to flnd._lt is easy to calculate _the eplpo_lar
image (L2) is not available, but L1 and L3 can be usectne in L2 for every fegturg in R2 since the_pose difference is
to interpolate the missing information. This is the key ideakoWn from prior calibration. The pose difference between

in the proposed stereo matching algorithm, which can bg:f and L1, and between R2 and L3, arehnotlas obvious when
summarized in the following steps: the robot is moving. In our system, wheel odometers are

available that makes it possible to estimate the motion of

1) Extract features in all three images and save the feane ropot between each image. The epipolar lines, however

tures in L1 and L3 in searchable databases. uncertain, can thus be calculated in L1 and L3. The epipolar

2) For every featurg; found in R2, do: lines may not be very accurate, especially if the odometers

3) Look in‘image L1 for features similar tfy. For every  have a slow sample rate, but still gives a rough estimation of
found featurefi{j that fulfills certain constraints (if any \yhere the epipolar lines lie.

exist), do: o The SIFT feature extraction algorithm provides the loca-
4) Look inimage '3-3 for features similar tff;. For every  tjon  scale, and orientation as well as a 128 dimensional
found featuref7; ;. that fulfills certain constraints (if feature descriptor for each feature [10]. Features can be

géature in image R2 has its correspoinding feature, according
to epipolar geometry, somewhere along its corresponding
ipolar line in L2 [6].

any exist), do: _ compared by computing the SIFT distance, which is the
5) ClalculateB the interpolated coordinatgs; , between g \jigian distance between the 128 dimensional feature de-
.,; and f;°; . that matches the timestamp of R2. scriptors. Similar features have similar feature descriptors,

6) Repeat the steps 3-5 to find additional featurgyhich corresponds to a small SIFT distance between them.
matches forf;, using the reversed search direction g|ET features are first extracted from the three images

R2—-13—L1. ) and the features in L1 and L3 are stored in two searchable
7) Calculate the quality of the match for the featufs.  gatabases. For every featytein image R2, we initially look
that have been kept. for the most similar featureg!; in image L1 by searching

8) Save the best feature match along with the quality ofq, features with small SIFT distancesfg

the match. N The epipolar line in image L1 is calculated and all the
9) If a previously processed feature matthn < i in features f!; that lie reasonably close to the epipolar line
R2, matched with the same interpolated feature abovey, g be the correct match. The distance to the epipolar line
keep the match with the best match quality. is calculated for each feature, and if the distance is smaller
The algorithm assumes that the coordinates of the corrghan a certain threshold, the feature is kept. The choice of
sponding features in L1 and L3 change linearly between theg@ireshold depends on the uncertainty of the epipolar line in
two frames. This assumption is a good approximation if the_1. It is preferable to select a large threshold in order to
time between the two images is small and the robot moveassure that the right match always is accepted although a
smoothly. higher threshold also allows more false matches to be kept.
If none of the possible featureﬁ{j were close enough
to the epipolar line, thenf; is assumed to not have any
If the rotation and translation (difference in pose) betweematches. All accepted featurg‘éj found in image L1 are
two views is known, like for example image R2 and L2, aused to search for a match in image L3. For every accepted

B. Finding Synchronized Feature Matches



featurefi{j in image L1, the most similar featurg%’fwC in (high image frame rate or slow motion), the coordinates of
image L3 are extracted. Just as in image L1, the epipolahe matching features in L1 and L3 should be similar. If the
line in L3 is calculated, and if any of the matches foundrobot has rotated, the difference between matching feature
in image L3 are close to the epipolar line they are usedoordinates is much larger and should not be used as a
for interpolation. If none of the found features in L3 lie matching parameter.
close to the epipolar line, then no match is found fpand The above parameters are calculated and thresholded for
the next featuref;1, in the right image R2 is processed. each possible match pair to reject unlikely matches. The
It is assumed that the exact timestamp of each image i#reshold values have been obtained using ground truth data.
known. If the robot has been moving smoothly, and theA set of 1500 candidate feature matches from different envi-
time difference between image L1 and L3 is small, then theonments were manually classified into the three categories
changes in feature coordinates between the two images can bg-rect, false or uncertain. The thresholds for the different
approximated with a linear function. The algorithm estimatesparameters are found numerically by maximizing
the position of the feature at the timestamp of image R2 by
linearly interpolating the coordinates ¢f ; and f7; ;. All
possible matches that fulfilled the epipolar constraints are
now evaluated using a set of different constraints to decide =
which one, if any, is the correct match.

The algorithm presented in this section finds matches from
image R2 to image L1, and then from image L1 to image

L3. In reality, it is more robust to do it both directions; . o i okon is performed using théelder-Mead

.e., in the order R2~ L1 — L3 as well as R2— L3 — 5100 method [12]. Since this function has many degrees
L1. Sometimes the same feature correspondence is found l&¥ freedom, it has many local maxima and is difficult to

both matching directions, making one of the Com_pmation%aximize. Instead of trying over and over using random
completely unnecessary. However, it is our experience tha}]itial guesses hoping to achieve the global maxima, the
some of the correct featurg correspondences are obtained h%timization follows an incremental approach in which the
only one of the two matching procedures. best solution retrieved up to date is refined in each step.
C. Computing Quality of Match The best thresholds obtained in the previous tries are used

All the candidate feature matches that fulfill the epipolar®S INitial guesses in the new search, but with a small amount

constraints are evaluated using a second set of constrairfis N0IS€ added to the values. This way, the thresholds are
based on the following eight parameters: perturbed enough to make the initial guess jump out of the

local maxima and hopefully land in an even better local

D = P(correct positive) — P(false positive)
No. correct feat. passing all thresholds

Tot. no. correct features
No. false feat. passing all thresholds

@)

Tot. no. false features

« Distance to epipolar line frorﬁlﬁj’k. ) maxima. Once the optimization process converges, the whole
. S;)FT distance betweeff; & f; ;, and betweenf; ; &  process is repeated a few times from different initial guesses
i,k _ ) to increase the probability of actually finding the global
. D{fferenge in SIFT scale betwegfi & f; ;, and between maxima. The different calculated thresholds are accepting

i & Ji e between 95 and 99 percent of all the correct matches while
. Difference in SIFT orientation betweef) & f;;, and  rejecting between 50 and 95 percent of the false matches.
betweenfil,j & fv?’Jk Even though each threshold only is rejecting a relatively
« Coordinate disparity betweeff ; & f7, ;. small number of all the outliers, and many thresholds reject

The SIFT scale corresponds to the size of the SIFT feathe same features, most outliers are caught by at least one of
ture [10]. Since the scene in front of the robot is at almost théhe different thresholds.
same distance in the three images, all corresponding featurelf several candidate matches pass the thresholding phase,
pairs should have similar scale in the different images. Théhe best match has to be picked. The probability of being
SIFT feature extraction algorithm also extracts the prominen& correct match given eight match parameters should be
gradient direction of each feature, known as the SIFT orienealculated, so that the match with the greatest probability
tation, so that the same feature can be recognized even if ¢an be chosen. In this application, there is a need to quantify
has been rotated. The difference in SIFT orientation betweewhich feature match is the most probable out of the possible
matching features is expected to be small between the twones. The different parameters have experimentally been
left images. The difference in SIFT orientation between leftshown to be uncorrelated by plotting them as function of
and right view should be larger but is typically small too, each other and manually checking for correlations. A good
and is also used as a matching parameter. numerical approximation of the probability of a match given

If the robot primarily moves forward, as it does in our the parameters, assuming that the parametiersds are
case, and the robot has not moved far between the left image@sdependent, is given by
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Fig. 2. Estimation ofP(d;|match) and P(d;|non-match). The plot . . . . L
shows the normalized histograms for the SIFT distance parameter betwe ig. 3. Coordinate dlsparlt_y bet_ween features in images L2 and R2. Good
F1 and f3. .- The crosses and pluses correspond to the histogram valu eatures tend to cluster in disparity space. The encircled crosses are features

2,9 (2%} .

of’P(di\no’nimatch) and P(d;|match) respectively. The dotted and solid rejected by the algorithm.

l thei thed spline functions. : : :
nes are their smoothed spiine functions two left images However, the disparity between the left and

right images might not be as small. Not much can be said

P(dy...ds|match)P (match) about the disparity between individual features in generic

P(dy...ds) terms aside from the fact that the disparity of all features

s P(d;|match) change in similar ways depending on the distance to the
H <p(di)>P(matCh) objects. In most cases, depending on how the cameras have
2118 been mounted and on the structure of the environment, the

_ ITi—, P(match|d;) (2)  disparity is typically distributed in a small densely populated

P(match)? area. If a few pairs of features have a disparity different from

Since we are only interested in the best match relative t§1& majority, then they are likely to be outliers, and should
all candidates, the scaling factBfmatch) can be neglected. thus be removed. Figure 3 s_hows the distribution of dlsp_arlty
The manually extracted dataset shows the distribution of th¥@!ues between features in images L2 and R2 (the encircled
different parameters for the matches and non-matches for tfg0SSes are outliers rejected by the algorithm). _
different thresholds. By calculating normalized histograms, Outliers are found usingSingular Value Decomposi-
of the different individual parameters, an estimate of theifion (SVD) of the disparity difference vectors [15]. The
individual probability mass functiors obtained. The different principal c.ompon(-ant directionsor th‘? directions of the
parameter distributions have different shapes and cannot b@/9est variations in the data are retrieved, and the standard
described particularly well with any of the commonly usedd?Vlatl'OnSp.,. in those Q|rectlons are calculated. Feature E)alrs
probability distributions. In our case, we align smooth curvedVith disparities that differ more that o from the dataset's
to the noisy histograms using cubic smoothing splines [17]Median disparity are likely outliers and removed.

This way, reasonable approximations Bid;|match) and B. Removing Impossible 3D Coordinates

P(di|non-match) are achieved as shown in Figure 2. The After the 3D structure has been calculated, the first obvious
desired probabilitie®(match|d;) are given by test is to remove impossible features like all features located
P(d;|match) behind the robot or closer to the robot than physically
P tchld;) = : 3 i i i
(match|d;) B (d:[match) + P(d; non-match) (3)  possible. Features that are far away are likely to be outliers
. _ or have a high uncertainty anyway, so features further away
using Bayes Rule, and assuming th&match) =  than a certain threshold from the robot are also removed.
P(non-match) = 0.5 since the histograms are normalized. . 55y o1\ o4re Estimation and Re-projection onto the Image
The estimate oP (match|d;) is estimated by evaluating the ) _ )
values at the two normalized spline curves for the particular When the triangulation was calculated, the algorithm com-
d;, and then calculating the ratio between curves accordinguted the optical rays passing through the feature points in L2
to Equation 3. The final probability of match, given by & R2and finds a 3D point where the rays intersect. Since the

Equation 2, is calculated for all candidate matches that pass@ptical rays do not really intersect because of small errors,

P(match|d;...dg)

all the initial thresholds. the algorithm instead calculates where the rays are closest
to intersecting and estimates the triangulated 3D point as the
[1l. OUTLIERS REJECTION point half way between the rays.
A. Removing Uncommon Coordinate Disparities Once the triangulated 3D structure is obtained, the algo-

The coordinate disparity is the difference between the x-rfithm re-projects the 3D structure back onto image R2. It is
and y-coordinates in two images. It should be small in thehen easy to compare the ground truth feature coordinates



acquired with one camera to estimate the importance of the
interpolation error. Features are extracted in the three images
in order to find correspondence in all images using the three-
way-matching method in Goncalves et al. [5].

For every matching feature, the coordinate between L1 and
L3 is interpolated so that it matches the timestamp of L2.
The interpolation error is computed as the Euclidean distance
between the true coordinate in L2 and the interpolated
5 coordinate. The median error from all the features in one

dataset correspond to one cross in Figure 4. The figure shows
Fig. 4. Interpolation error. Image L2 is acquired and the true coordinate$he median errors from ten different datasets at different
T o S e o e e coc s and e - stances between images LL and LS. It can be seen that the
coordinates for ten datasets at different distances between L1 and L3. THBterpolation error is approximately linear with the distance
solid line is the averaged value. between the two views.

Avg. interpol. err. [pixel]
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5 10 15 20
Distance between L1 & L3 [cm]

and the re-projected feature coordinates. Features with a r8 3D Structure
projection error greater thah o are assumed to be outliers A good way to test the accuracy of the 3D structure is
and removed. to generate a structure that is well known and evaluate how
D. Removing Uncommon 3D Coordinates well the estimated 3D structure fits the actual structure. The
Uncommon coordinate disparities were assumed 0ut|ier§?CO“SUUC“°” of a feature-rich perpendicular wall seen from
; @gaove is shown in Figure 5. In this experiment Logitech 3000
webcams have been used with an image size ofx220
ixels. The three images in the stereo system are captured
environment, all features are within the walls of the room,after 0, 1 and 3 cm of mation using a robot that_ has the
cameras separated 30 cm. The encircled features in the right

or in a 3D tube if a corridor is observed. The principal f toat lassified tiers in th tiers d
components are calculated using SVD, just as in Section igure are teatures classified as outliers in the outiiers etec-

A, and features that differ more thah o away from the tion phase (more existing outliers were found and removed

median in the principal component directions are remove(?’l“t not shown because they are located outside the frame of
from the dataset. the figure).

to remove outliers. The idea is that the 3D features usuall
are limited to certain volume in 3D space. In an indoor

A simple way to calculate the accuracy of the stereo
' IV. EXPERIMENTS algorithm is to quantify how well the features align to two
A. Interpolation Error in L2 lines, and how perpendicular the lines are. The perpendicular

The triangulation is very sensitive to errors in both cal-wall in figure 5 is captured 16 times from slightly different
ibration and coordinate positions. It is therefore of greatngles (total of 2900 features). The feature points have an
importance to study how much error that is introduced byaverage distance of 2.4 cm from their corresponding lines
the interpolation of coordinates. In general, the further awaynd the median distance is 1.6 cm. Furthermore, 95% of the
features have moved between the images, the higher tHeatures are closer than 6.9 cm, and only 1% is farther away
uncertainty of the interpolated feature position. One majothan 16 cm.
factor in this error is the distance that the robot has traveled The ground truth angle measured between the walls is 89.5
between the two left images L1 and L3. If the robot only+ 0.3 degrees, calculated by measuring the length of the
has moved a few centimeters, the scene has not changeglls and the diagonal, and then applying the cosine rule. The
much between the images and the error is small. If the robatngles on the 16 datasets have a mean angle 88.5 degrees and
has traveled a longer distance, the linear interpolation is less median angle 88.2 degrees. The standard deviation of the
accurate. angle calculations in the datasets is 1.7 degrees, so the whole

Another major factor in the interpolation error is the range of the ground truth angle falls within one standard
distance to the objects in the scene. If objects are fadeviation from both the mean and median values.
away, the images would not differ substantially if the robot It can be seen in the left figure that some features are
moves straight forward. If objects are close to the robot, theutliers and some are not outliers but still a few cm away
corresponding features would move quite a bit between th&fom the wall. It is obvious that small errors always exist
images. If the robot in addition is turning between the imagesin the triangulation parameters. The right figure shows the
then all features move even more. sensitivity of the 3D structure to small errors for the two

The interpolation error is obtained by comparing the truesystems. Small ellipses (that look like lines because they are
coordinates of a real synchronized image with the interso thin) are drawn around each 3D point and represent the 3D
polated coordinates. Three images (L1, L2, and L3) areincertainty volume a2o seen from above. The sensitivity is
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search method can be modified to reduce processing time. A
faster matching method is presented in Svedman’s Master’s
thesis [16].

Sometimes a scene contains repetitive patterns, such as
wall or mat patterns. The feature databases will in these cases
contain a large set of similar features. Some features, on the
other hand, are very unique and are rarely confused with
others. In this implementation, a constant number of similar
features are extracted from the databases. A good idea would
be to allow an adaptive number of features to be extracted
depending on how many similar features that exist in the
database. In fact, Lowe has already suggested to measure the
ratio between the SIFT distance to the most similar feature

Fig. 5.
abgovg. The crosses in the left image are all the found features, and the
encircled stereo features are classified as outliers in the outliers rejection
phase. Camera p_o;i_tions are presentt_ad_ as triangles. The right image ‘sh‘ovm
triangulation sensitivity to small errors in image coordinates. The area within
each_ellipse (look like lines) co_rresponds tBauncertainty area or possible 2]
locations of the true 3D coordinate.
calculated by numerically estimating the covariance of the[3]
error in the triangulated 3D poinV(X), using V(X) =
JV()JT, if J is the Jacobian with respect to the different [4]
triangulation parameterg. The triangulation parameters
are assumed to be uncorrelated, and the small variance i
pose is neglected. The coordinate variances are estimated
as the mean square error between the re-projected image
coordinates and the true coordinates used in the triangulation[ﬁl
The ellipses are drawn aroundar error.
-

V. CONCLUSION 7

The purpose of this system was to enhance the accuracy of;
the 3D structure in a vVSLAM system using two cheap unsyn-
chronized cameras. A method for stereo matching between
the views is presented, as well as techniques for powen‘ul[9
outliers rejection that easily can be applied on any stereo
matching problem.

Assuming that the system is able to acquire images rei}o]
sonably fast, the linear interpolation of coordinates is a googh1]
approximation. If the interpolation error is small and the
cameras are well calibrated, then the 3D structure normally,,,
has an accuracy of a few cm for a 3D structure located up to a
couple of meters distance. A lot of effort was put into finding[13]
the correct stereo matches, and removing outliers. Several of
the outliers detection algorithms are based on finding featurgs4]
that are different from the majority. This has been shown to
be powerful and efficient, and typically results in less than
one percent outliers. [15]

VI. FUTURE WORK

The matching algorithm could be optimized. In this im-
plementation, similar matching features are sought in L1 an@7]
L3 several times. The algorithm searches for good matche[§8]
by both searching from L1— L3 and from L3 — L1,
which often results in the same candidate matches. This

[16]

] N. Karlsson, L. Goncalves, M.E. Munich, and P. Pirjanian.

Reconstructed 3D structure of a perpendicular wall seen fron@Nd the second most similar feature [10].
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