coordinates, the PDAF associates probabilistically all the
point features within the scene. At each time-step, a
validation region is set up and the probability of each
validated measurement for being correct is computed. The
measurements remained are considered as outliers that arise
either from the inaccuracy of the feature trackers or point
features on a moving object in the static scene. The filter state
is estimated based on the association probabilities and
validated point features.

Fig.2 The arrangement of the stereo image pairs and partitioning of the views.

Fig. 2 illustrates the arrangement of image views for the
PDAFs. A pair of images is divided into four parts. Two of
them are the inner regions of the left of the right view, which
are denoted by P»lu and p,f’[, respectively. They completely

overlap with each other and matching of stereo
correspondences is possible. The remaining parts are the
outer regions of the stereo view, denoted by p’ and p! ,

that cover the non-overlapping portions of the stereo view.
p.,» pl,» p., and p* compose of the 4 measurement sets

in the PDAF. The PDAF “selects” the reliable sets of point
features for filtering and associates the corresponding point
features in the inner parts of the stereo images.

In order to recover the pose information directly without
the explicit reconstruction of the scene structure, the trifocal
tensor [2] is used.

As an improvement on the PDAF, the IMMPDAF
computes the state estimates using multiple motion filters,
each describing a unique motion dynamic and interacts with
the others via a probabilistic framework. Three PDAFs are
applied in our implementation. They are for static motion,
and mixed motion and planar motion of constant velocity.
Additional motion models can be incorporated depending on
the actual application.

3.Implementation of the IMMPDAF
3.1 Dynamic system and measurement model
Let x,y,,z,,a,, 43 and y be the translational velocities

along the x, y, z axis and the angular velocities on the x, y and
z axis, respectively. The state vector £ (j) of the i" motion

filter (the /™ PDAF) is defined as
En=[t, » z a B Al 1

With the assumption that sampling rate of the
measurements is high, the dynamic system of the filter and
the absolute pose M, can be expressed using twist as

&) = AWDEL () +1, 2)

M, =M_e*" = M_(I+E&3)) 3)

where A(l)=1,, > A(2)=diag(0 0 1 0 1 0] and
A(3)=0,,, are designed for the mixed motion (translation

and rotation), planar motion (translation on the z-axis and
rotation on the Pitch angle) and static motion, respectively.
7 is the zero-mean Gaussian noise with covariance 0,- 9;' 0
is the matrix form of (ft (i) - The measurement equations of

the filter are defined as
& (k) =g,(M,.k)+v,(k) 4
gt(M,,k):[ufJ vﬁ, u:,, v:,, uf,,, vf,,t]T
for 1<k<4eN (5)
[V, 1 =10, U LITL W1 =10, 1T L
(U5 1 =10, L, L, [TL for 3<k<4eN (6)
g,(M k) is the Nx1 output function that transfers the

coordinates of N point features belonging to the A"
measurement set from the base image pair to the 7" pair. It is
actually the trifocal tensor point-point-point transfer function
and has been given in (6), which is presented in the tensor
notation. ¢ (k) represents the zero-mean Gaussian noise,

having covariance R, (k) » imposed on the images captured.

T* is the trifocal tensor that encapsulates the geometric
relations among three view. y* is the normalized

homogenous form of k. such that

ut, =lat, v, wh] =l rr viip 1] - The  relation

between tensor T* and matrix A, , and the construction of
line /* can refer to [10].

3.2 The filtering equations

Fig. 3. A summary of the IMMPDAF.



At the beginning, estimates of different motion filters from

(:éz—l,t—l (l) >

covariance P (i) , are mixed according to the 3x3

the previous time-step associated  with

switching matrix J(i,j) and the likelihood u,.(7)

£ (i)=%;J(Lj)u,,l(j)é,,l,,,l(j) Q)

Pl = 3 P )+

t

)
(D= ONE (D =& (z‘)]fj
u; (D)= 30T 1 () ©)

Then the predicted state S%,H(i)’ having covariance P, (i)
is computed

£ ()= ADE () (10)

P, () = AGPL L (DAD +Q,
After that, the measurements of feature set £ predicted by
the above models are combined using the predicted absolute

pose M, ,(i. )
b (k)= 23 TG, (g, (M, G k) (D

&, (k) represents the predicted coordinates after mixing.
It is validated and thus should satisfy
[e,(k) =&, ()]"S, (k) '[¢,(k) = &,,., (k)] < G*(12)

G is the standard deviation of the gate. The determination
of ‘§1 (k)‘ can be found in [18]. Physically, the validation

region is set to the largest volume among the three possible
choices from the models. Each validated set of measurements
has a corresponding association probability B, (k)

B,(k) = et(k){bt + Ze,(k)] B,(0)= b{b, +De, (k)} (13)

with ¢, (k)=(P,) " N[, (k):0.5, (k)] (14)

b, = L(1= P, Py \(PyPeV, (k) (15)

B,(0) is the probability that none of the measurement sets
are correct. N[, (k);0,S, (k)] is the normal probability density
function. r (k) is the measurement innovation associated
with variance S, (k) - V,(k) is the volume of the validation
gate. P, and p_ are respectively the probability for the scene

point features being observed by the cameras and the
probability for the features lying in the validation region. L is
the number of valid measurement sets.

The measurements passed through the validation gate and
the association probabilities B, (k) are used for state

estimation

£,()= B,(KE, k) (16)

£, (.K) =&, () + W, k), i, K) an
The corresponding covariances are computed by

P (i))=B,(0)P, (i) + Y. B,(k)P,(i,k)+
k (18)

ZBt (k)étl (i7 k)ét.t (isk)T - ét,t (i)él,t (i)T

P (i, k) =1 =W, (1, )V, 1P, () (19)
where W (i, k) is the gain of the filter
W,0.6) = B, (.kVe, Ve, B, . (.kVe, +R ()] (20)
Vg, 1is the Jacobian of the point transfer function
g, (M, k) evaluated at 5”_1 (i,k) - Following the filtering step,
the probability of each motion filter 4, (i) is updated

u, (i) = ku; (DA, (7) 21

K is a normalization factor such that Z”z (i)=1-A,@0) is
the joint probability density function of the innovations and
its computation can refer to [18]. Lastly, the usable output

state vector 9% . and covariance p, are generated
£ =Y u, (06, 0) 22)
P, = S PO+E, - E, 0 -E,1 ) D)

4.Experiments and Results

4.1 Synthetic data experiments

A large synthetic structure having 1000 randomly
distributed feature points was generated. The stereo rig was
moving in the structure and its motion was made up of 5
segments consisting of mixed (rotation and translation) and
static motion. The parameters were random in the range from
-1.0 to 1.0 degrees per frame for rotation and -0.025 to
+0.025 meters per frame for translation. A 2-D zero-mean
Gaussian noise of 0.5 pixel standard deviation was imposed.
The length of each synthetic sequence was 100 frames. The
moving path of the rig was long enough such that appearing
and disappearing of feature points occurred naturally. To
simulate presence of moving objects in the scene, groups of
randomly moving point features were injected. The proposed
IMMPDAF algorithm, the proposed PDAF approach (i.e. a
variation of the IMMPDAF method that uses a single motion
filter), the tensor-based EKF by Yu et al [5], and the
traditional model-based EKF [8], in which the 3-D structure
was assumed known, were implemented in Matlab and run on
a Pentium IV 2GHz machine to estimate the camera motion.
A total of 100 independent tests were carried out. Table I
summarizes the performance of the algorithms.

4.2 Real image experiments

Real image sequences were used to test the proposed
approach. An image sequence, which was 100-frame long,
was captured using a hand-held stereo rig in a corner of the
laboratory. The motion of the cameras was arbitrary and the
degree of disturbance by foreign objects was severe. As no
ground truth was available, only a visual check on the results
could be made. Fig. 4 shows the real sequence and virtual



reality sequence with the recovered camera motion. Due to
limited space, only the right view of the two stereo image
sequences is included. One can notice that both the original
and recovered motion were consistent with each other. More

results can be found in the demonstration video
http://www.cse.cuhk.edu.hk/~vision

| T |

" an i ~
Fig. 4. Application of the motion recovered from the hand-
held sequence to virtual reality. The 1* row shows the right
view of the original (left) and resulting virtual (right) stereo
sequence. The 2™ row illustrates the right view of the 77"
image pair of the real (left) and virtual reality (right)
sequence.

5. Conclusion

An innovative algorithm that acquires 3-D camera pose
from a sterco image sequence based on the interacting
multiple model probabilistic data association filter
(IMMPDAF) has been described in this paper. Thanks to the
probabilistic association of the point features across the
stereo view, all corner features present in the images can be
considered in the filtering process, no matter whether these
features have or do not have stereo correspondences. The use
of multiple motion filters allows motion constraints to be
applied automatically, achieving the highest precision on the
recovered camera pose and, at the same time, making the
algorithm robust to abrupt motion changes. Our PDAF
approach, which also outperformed an existing algorithm,
can be regarded as a tradeoff between accuracy and
computation efficiency. Real-time implementation of the
proposed IMMPDAF and PDAF method is possible. The real
image experiment shows that the IMMPDAF algorithm was
accurate in the presence of moving objects and partial
occlusion compared to the ground truth data. The proposed
approach has a great potential to be used in a wide range of
multimedia applications in addition to virtual reality.
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TABLE I: A SUMMARY OF ALGORITHM PERFORMANCE

The proposed ~ The proposed ~ Yu’s tensor-based Traditional
IMMPDAF PDAF EKF Model-based EKF

Percentage of convergence 93.0% 83.0% 83.0% 98.0%
Average percentage of the accumulated total rotation errors 4.3210% 4.2411% 6.5129% 1.7914%
(Diverged cases excluded)

Average percentage of the accumulated total translation errors 9.0790% 8.0303% 13.6207% 3.5380%
(Diverged cases excluded)

Time required to process one point feature in an image 0.0051s 0.0009s 0.0013s 0.0010s

A table summarizing the performance of the algorithms under comparison in the synthetic experiment.



