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Abstract—We have investigated the performance of simul- estimates its own motion and structure by processing the
taneously estimating the 3D motion and structure for naviga-  information from the other robots.
tion when the scale information is obtained by utilizing the In the following section we outline the method of motion

cooperative efforts of multiple robots. The method determines d struct timati 2 th i i f
the relative positions of robots by tracking a specific geometric ahd Struciure estimation via ine cooperatuve working o

feature that is part of their structure, and then uses the Multiple robots. Then in Section Il we give the experi-
Extended Kalman Filter to estimate the motion and structure.  mental results of the method. In Section IV we conclude
For implementation we used two CRAWLER Scouts, and the work.

performed several experiments to explore the effects of

cooperative running of robots on the motion estimation. Il. THE METHOD

Cooperative localization was first proposed in [9],
whereby two robot teams alternately moved while the
The coordinates of a feature in an image plane of ather team remained stationary, acting as landmarks. In
camera depend mainly on three distinct factors: its positiooontrast to shape from motion techniques, this was posed
in the real world, the relative 3D motion of the cameraas a deterministic triangulation. Several variations on this
and the scene, and the internal geometry of the camerdeme have since been developed (e.g. [4], [5], [11], to
Tracking of these features for several consecutive imagemme a few), which all show improvements in motion
enables us to estimate all three factors [7], [1]. However, igstimation using cooperative techniques. One key element
is well known that the 3D orientation of the features (i.efor each approach is robot recognition, which is achieved
structure) and translational motion of the camera can onlyn a variety of ways including laser rangefinders, sonar,
be determined up to an unknown scale factor. For examplend specialized vision sensors. A theoretical analysis of the
moving a camera around a soda can (10 cm tall) and expected improvement using multirobot motion estimation
grain silo (30 m tall) can produce the same feature motioris presented in [12]. Our approach uses visual information
This problem does not occur in estimating the rotationabnly. It estimates the relative position of one robot with
changes and the focal length of the camera since they arespect to a stationary (landmark) robot, then uses this
independent of the scale factor. pose estimate along with feature tracking in an Extended
The actual values of both structure and motion are imKalman filter to estimate the motion of the robot and the
portant for robotic applications in unknown terrains, suctstructure of the unknown environment. Our technique is
as search-and-rescue, planetary exploration, or surveparticularly applicable to systems with no odometric or
lance. Motion estimation is essential for general navigatiorange information.
through a space, but it can also be used to adapt locomo-In this work we have used two robots to implement
tion. In other work ([10]), we demonstrated that differentcooperative motion estimation, however, it can be gener-
gait motions affect different forward progress dependinglized to multi-robot systems in which the performance
on the terrain underfoot. Motion estimation provides aand efficiency can increase via minor modifications. The
performance measure of gait motion, thus can be used tawo robots move in such a way that they can maintain
adapt the gait to a specific terrain to improve efficiency. line-of-sight, in which one robot remains stationary while
In this work we propose a new method to determine théhe other robot moves. While seeing each other in each
3D motion of the robot and the structure surrounding thérame increase the performance, it is not necessary for each
robot via the recovery of the scale information through thdrame. The information from the stationary robot can be
cooperative efforts of multiple robots. The main idea forused in initializing the motion estimation and locking the
recovering the scale is to consider each robot as a spectdale, thus freeing the other robot(s) to actively complete
geometric feature that can be accurately described in terntiseir own tasks, periodically re-establishing contact.
of a concise 3D parameterization. Each of the robots Our testing platform is CRAWLER Scout (also known as
repeats move-and-stop actions and serves as a spediatminatorBot, see Figure 1), which is a small-scale robot
feature for the other robots. A given robot, equipped witldesigned for applications of search-and-rescue, planetary
a camera, tracks the feature points in the environment arekploration, and surveillance. CRAWLER Scout locomotes

I. INTRODUCTION
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: . . . L Fig. 2. General framework of the algorithm
Fig. 1. Two CRAWLER Scouts in position for cooperative localization.

The front robot is equipped with the new, streamlined tether

feature points from the scene to estimate motion and to
o o __ scale the results via the position information from the robot
by dragging its cylindrical body along the ground with itsyracker. (Scale information is obtained using the fact that
arms, much like cold-blooded reptiles. The versatility inhe coordinates of one of the feature points in the motion
arm motion allows for a variety of gaits, as well as variationestimator should equal the position estimation from the
within a gait. Our previous work provides details of theyopot tracker.) Figure 2 shows the general framework of
mechanism and developed gaits of TerminatorBot [17]. {he method. Below we describe the methods used in the
The proposed method can be considered to contain twfotion estimator and the robot tracker in detail.
stages: robot tracker and motion estimator. Here the robot
tracker determines the relative positions of the moving anfi- Robot Tracker
stationary robots and tracks the centroid of the stationary In order to determine the position relative to the sta-
robot. On the other hand, the motion estimator estimatd#onary robot, we first detect the circular base of the robot
the motion and 3D locations of the feature points usingvhose projection on the image plane is an ellipse. Then
the Extended Kalman Filter method. (The feature point¥ve use a closed-form mathematical solution to solve the
include the centroid and the selected features from envéircular-feature-based 3D location estimation.
ronment.) The tracker and estimator hand-shake since thel) Detection of Ellipse:Here we use the color signature
motion estimator uses the information fed by the roboef the CRAWLER Scout, especially its circular base, and
tracker. perform a statistical analysis to determine its color prop-
The robot tracker uses visual matching of the known 3erties composed of the means and the standard deviations
model of the robot to the scene. For simplicity, we reducer €ach of the respective RGB color channels. Then we
the model of the cylindrical robot to a disk and locateduS€ color thresholding to convert the image into black-
the back end of the cylinder. The choice of the circulaihite and after median filtering we locate the ellipse.
disk has certain advantages) {ts perspective projection Then we apply a sobel edge detector that returns edges at
in any arbitrary orientation is always an ellipséi) (it has those points where the gradient of the input image is at a
the property of high image location accuracy; aid)(the maximum. As the last calculation in this step, we determine
complete boundary or an arc of a projected circular featurde five elliptical parameters of the bestfit ellipse (the
can be used for 3D location estimation without knowing the€nter coordinates, the radii, and the orientation of the
exact point correspondence [13]. This approach, Commom;;,llipse) to 2D edge points. These parameters are obtained
known as 'feature-based 3D location of objects’, has beeBy Using a least-squares fitting technique [3].
extensively studied in the literature [16], [6]. 2) Estlma}tlon of Pos'|t.|on from EII'|pse The problem
To improve robustness, it is possible to track the full 3p°f determining the position of the circle can be done by
shape of the robots, as opposed to the 2D cylindrical basVO consecutive steps: flrs_t find a plane that mtersgcts the
Yesin and Nelson [19] demonstrated real-time tracking of€neral cone to form a circular curve, and then find the
complex 3D shapes with occlusion and partial views. UsinG€™Me" 0‘; this curve [13]. _
the full shape of the robot divorces the method presented Letaz® +bzy+cy”+dz+ey+f = 0 be the equation of

here from the specific shape of our specific robot platformi"€ €llipse in the:-y image plane and assume all distances

The center coordinates of the circle in the images argsxggistiegnli? ;J n_::tﬁec:: the focal length (i.e. the focal length
fed to the motion estimator as an additional feature poin{. Y)-

Then the motion estimator uses this feature point and other:® + bxy + cy® + dzz + eyz + f22 = PTCP =0, (1)



where P = [z,y,2]7 and C is a real, symmetric matrix 1) Feature Detection and Tracking=xtraction of good

of the ellipse. A number of coordinate transformations aréeatures from the image and then tracking them across
needed to find the pose from this general cone equatiomultiple images is the first step in the motion estimation
The first coordinate transformation performs a rotatfthh ~ problem. A general definition of a good feature is a textured
and then a translatiofi’ to obtain the right elliptic cone image window with high intensity variation in bothand

of the form A\; X2 + X\ Y2 + \3Z% = 0. Here, rotation is y directions, which can be tracked well across multiple
determined simply by diagonalizing. If A1, A2, A3 are the images. We use a KLT (Kanade-Lucas-Tomasi) Tracker
eigenvalues of”, with \; < A2 < A3, andey, eq, ez the [14], which has proven useful for feature detection and
corresponding eigenvectors, the rotation matrixhiis =  tracking among several extensive studies in this area.
[e1]ez|es]. The translationl’ can be found by balancing  In this method, one examines if a small image window,
the related coefficients of the two equations — the equatiofy, containing N pixels centered on the pixe(z1,z2),
obtained by applying rotatio®] and the equation of the s distinctive enough to be considered as a feature. Denote

right elliptic cone. the image intensity function by(x,z2) and consider the
The next step is to apply a new transformation to findocal intensity variation matrix

a plane such that the intersection with the right elliptical
cone is a circle. This transformatioRy, makes the new g3 9192
axis,Z’, normal to the planéX +mY +nZ = P. From the G= Z a192 93 :
equation of the intersecting curve, by imposing the equality

« o« I2 /2 .
of the coefficients ofX “ and Y ¢ and by nullity of the with g; = 91 /0z,, i = 1,2. If both eigenvalues off, A,

coefficient of X Y, the rotation matrix can be found as and \,, exceed a predefined thresholdmin(\;, As) > A

©)

m —In

X e e l X’ the image pixel is accepted as a candidate feature.

Y | = lgfr — \/1_271:;2 m Y’ (2) To locate the detected features in subsequent images,

Z 0 VE+m2 n A which is called feature tracking, KLT seeks to minimize

the intensity difference between two image$ and J
where
AQ — )\1 )\3 — AQ N
n = )\3_)\1,m:O,andl:i )\3_)\1. (3) JkX—i—d Ik(x)]2 (6)

Notice that the method yields two plausible solutions in the k=1

absence of further constraints. Thus, by applyfag and Whered is a displacement vector. After equalizing the

[zy, the coefficients of the equation of the desired plane ca denvatlves with respect td to zero and linearizing the

be estimated, and from this equation, the direction cosines
of the surface normals can be estimated as well. System by using first-order Taylor expansion, we obtain

Having found a plane which gives a circle when inter-the linear system

secting with the cone, now we find the position of the

circle’s center. Since we know the radius of the cirelg,

(which is equal to the radius of the cylindrical body of )
CRAWLER Scout) we calculate where on th# axis the Whereeis
intersection plane should be located. ApplyiRg to the (

Gd=e ©)

right elliptic cone, we obtain a general cone equation. We Zk TF(x) = J*(x)]g1
know that the actual shape is circlular, hence= ¢ and S [TF(x) — J*(x)]g2

b = 0 then from this resulting equation the coordinates of

the center|X,,Y;, Z,], are given by for the feature motiord. For a given pair of successive
image frames the solution of Equation 7 is found using

Xy = _%B Y, = —Z(—f , Newton-Raphson iterative scheme.
, Ar 2) Motion Estimation Using Extended Kalman Filter:
Zy == T ror—aiD (4)  The Kalman filter (KF) ([18], [20]) is a recursive estimator
h which gives optimal estimates of a linearly dynamig
where given a sequence of observationslinearly related to the
A = (MR, 4+ MR, + AR, state and assuming Gaussian noise statistics. If we consider
B = (MRi,Rui, + MRy, Ru,, + \sRi,Ru,), the dynamical system
g f (ilillei\l ;AQRIZ;%SQ + )‘3R123R133) rp = Faxp 1+ ws (8)
= ( 131 + A2 132 + As 133) 2p = ka + v, (9)

B. Motion Estimator

For the motion estimator, we first detect and traclkwhere FF and H are linear functions ana;, and v, are
appropriate features in the scene and then use an Extendefio mean Gaussian processes with covariagcesd R,
Kalman Filter to estimate motion and structure. respectively, then the time and update cycle of the Kalman



filter is given by focal length of the camera. The remainder represent the
positions of then feature points in the global frame of

Time Update %,, = F%,_, reference.
Fy = FP_ FT+Q In this study we use a central projection model in which
Measurement Update K = Pk_HT(HPk_HT +R)™! _the projection_ of ascene poiX= ( X, Y., Z.) onto an
By = &y + Kz, — Hiy) image plane is given by
Py = (I-KyH)PS (10) 00 TS (P, I (14)
L . . v Yo )1+ 2.3
for the given initial estimates. If either the state or obser- _ )
vation equations are nonlinear then an Extended Kalmaffhere 5 = 1/f is the inverse focal length andu,(
filter ([20], [18]), EKF, is used in which the RHS of v) is the image location of the point ([15],[1]). Indeed,
Equations 8 and 9 are linearized at each time step. geometrically, this model is identical to the usual model;
In our study the observations are the 2D image coordi- u X\ f
nates ofn features which are concatenated into an observa- ( v ) = ( Y, ) Z.° (15)

tion vector. Although some of the examples in the literature i , i
(e.g. [2] and [8]) directly calculated higher derivatives of2ut this formulation has the advantage of enabling es-
motion by including both position and translational velocityimation of the imaging geometry via the focal length

with the rotation and rotational velocity in the state being/ ndependent of the depth teri. over the traditional

estimated, we chose the simpler state of the system used %gjefgtézv :2233:’ gg:ﬁ;‘;{éepigﬁgﬁcﬂggitge S(?aﬂzzgand

[1] (but not its structure representation). In this study, thd J. . i
state of the systenm;, contains the scene’s 3D structure, thefactor. In addition, t_hls model makes the transformation

relative 3D motion between the camera and scene and tfe°"e Stable numerically at long focal lengths (such as
focal length of the camera. In the representation of rotatiori€ ©Orthographic projection case, whege = 0). The

We use a quaternion representation instead of Euler angid€lation between state and observations is obtained by
Then we formulate the rotation in terms of the incrementa,‘l:omblnlng Equations 13 and 14, and since this relationship

rotation quaternion: is nonlinear, an EKF is utilized to estimate the state. We
assume that the motion of the camera is not knavpmiori,
oq = (V1-6ws/2,wy/2,w./2) (11)  and thus a dynamic model in Equation 8 is chosen as the
e = (W24 wi +w?)/4. (12) identity transform plus noise.
From the unit incremental rotation quaternidie, the Ill. EXPERIMENTS

global rotation matrix R can be computed as described in For a quantitative discussion of the method mentioned
[1]. In the state vector, each feature point is representesbove, we perform an experiment with 12 frames of a real
by three points, as opposed to the single state variable pigfiage sequence. The scene contains another robot, with
feature point proposed by [1]. diameter 3.8cm starting at a distance of 83cm, and the
The feature points have a globally referenced 3D locabackground, which contains the KLT-tracked features, is

tion, I = (X,Y,Z), that we estimate given the measure-starting at a distance of 260cm away from the moving
ments from multiple camera locations. Given this globallyrobot.

referenced location of a point, its location in the camera For the initial state vector,

centered frame can be represented by
To = [Tmoa Tycn Tzﬂ(w Wegy Wyyg wZoaﬁOa X107 Yloa Z107

X, T, 1 X o
Yc — Ty 1 R Y 7Xn07Yn07an]
Z.0 T.6 Ié] Z we use following settings. Since we assume that the robot

(13) starts its motion at the origin of coordinates, we set the first
. i ) 6 entries ofzy as[0,0,—1,0,0,0]. The first feature point
where the3x3 matrix R defines the rotation of the camera oo sents the special feature point which is the center point
andT = (T, T,,T:/3) defines its 3D translation. In this ofhe circular back of the stationary robot. Therefore, the
representation the depth and camera translation in the Ebsition information coming from the robot tracker is used
direction are not calculated directly (to avoid numerical, gt the entries of the state vector related with the special
instability in the case of long focal lengths) instead, theearire point (K1, Yi,, Z1.]). The remaining feature
productZ.3 andT.§ are estimated. points, which are the KLT-tracked feature points, are all
Using the representation discussed so far we form thess med to be at the same position. For the error covariance
state vector as given by matrix we set the entries as follows. The entries related to
& = [Ty, Ty, Tof3, wa, wy, w2, B, X1, Y1, Z1, the translational and rotatiqnal motioq are setto zero (gince
e X Yo, 7] we are sure that the robot is at the origin at the beg_mnmg).
e The entries related to the KLT-tracked feature points are
Here, the first six parameters represent the camera trarset to high values because of the high uncertainty in the
lation and incremental rotation and the seventh is for thanitial values of the feature points whereas those related to
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{:ig. 4. The actual (0) and estimated (x) translational motion of the robot

Fig. 3. The actual (0) and estimated (x) positions of the moving robo ctaturned by robot tracker.

relative to the stationary robot. Estimations were obtained using our robd
tracker method.

the estimation errors with different uncertainty settings.

the feature point obtained by the robot tracker (the centra-trlhe fes!“ts STOWS bY h(*)hcorresp.o?(i to the case v:c/h(;:]re
coordinates of the ellipse) are set in inverse-proportion witihe entries related with the special feature point of the
the accuracy of robot tracker: higher the accuracy Sma“épltlaﬂ error covariance are set considering the robot tracker
the relevant entries of initial covariance matrix. Finally,Performance propderly. ?1n the otheLhanq, the results zhohwn
for the measurement noise covariance matrix, the entricy (®) correspond to the case where it is assumed that

related to KLT are set to 1, whereas those related to th[é1e robot tracker is working ideally (there is no error in

robot tracker are set to 3 because the latter is expected? tained information, so related initial error covariance
have relatively large tracking error entries are all zero). Finally, the results shown &ydorre-

. . spond to the case where it is assumed that the information
We start by illustrating the performance of the robot P

tracker. Depicted in Figure 3 are the actual (o) Versugoming from the robot tracker is too noisy. A comparison
s o ) - .
the estimated (x) values of the robot’'s position. In othe f the results in Figure 4 with the ones in Figure 5(*) prove

: ) that the use of EKF increases the estimation performance
words these are the relative 3D coordinates of the Sp(:“(:'é]speciallly inZ direction. Additionally, Figure 5 shows that

featurg point placed on the stationary ro.b(.).t. Clearly, thes’s(?etting the initial entries should be done carefully as setting
coordinates are used to set the related initial values of tf]

. . . Sr er values than the proper ones increases estimation
EKF and to obtain scale information. The errorsin Y, 9 prop

. . error. Interestingly enough, although the estimation in the
and Z directions are in the range gf2cm, F0.8cm and T, direction is worse than the proper setting when it is

F9em, respectively. assumed the tracker is working ideally (a false assumption),

Next we discuss the actual and estimated translationﬁ{e estimation in7}, is better (Figure 5x)). We are not
motion of the robot using only the central coordinatesy,re ahout the possible reasons for this situation.

of the ellipse returned by the robot tracker. Since the |, Figure 6, we show the absolute errorTh and T’
tracked robot is stationary during the measurements, el es with varying number of feature points for the pur-
ative changes in the centroid (in X, Y and Z directions),nse of testing the effects of feature points on the motion

between successive frames is solely attributed to the transstimator. Specifically, the absolute errors are shown by ™*
lational motion of the moving robot. The experimentalsy, n — | by 'w’ for N = 2, by "o’ for N = 10 and

results are shown in Figure 4 where the actual (0) angy "2 for N = 20. Here N = 1 means only the feature
estimated (x) translations of the robot are illustrated. Sincggint returned by the robot tracker is available and KLT is
the robot tracker has a certain amount of error, one has Packing nothing,N' = 2 stands for two feature points, one
arrange the related entries of the initial covariance matri%om KLT one from the robot trackefy = 10 means one
of EKF with appropriate proportion to that error. point from the robot tracker and nine points from KLT, and
Although we obtain motion estimation and relative po-similarly for N = 20. A short glance at the figure shows
sition between robots from robot tracker we use EKF tqhat for 7., small N values give better estimation results,

improve the motion estimation and to explore the enviwhereas forZ,, the estimation error tends to improve as
ronment using different feature points from the scene. Inv increases.

Figure 5, we show the results of EKF estimation with 10

feature points. As noted before the entries of the initial IV. CONCLUSION

error covariance matrix show the initial uncertainty about In this work we proposed a new method which estimates
corresponding state variables. In this experiment we shothe 3D motion and structure by utilizing the extended



Absolute Error Between Actual and Estimated Translational Motion lem. In the eXperimentS we used the inter-robot distance

= ! : — 3 : o ; L
5 4 ] obtained above as the initial 3D location estimation of the
T b3 special feature in the EKF implementation.
5 s § 2 . % 3 The results show that the number of feature points effects
w . . .
2 o 0 g B the estimation performance, the use of multiple robots
g 1 R g8 ¥ increases the performance of estimation and multiple robots
o—8— - - 2 - L - can be used to obtain scale information.
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