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Abstract. Detection of independently moving objects (IMOs) is a demanding
task especially in situations, where the observer is movinghimself. In such situa-
tions detection of IMOs as well as estimation of egomotion depend on each other
and thus have to be handled simultaneously. We present an algorithm based on
the Expectation/Maximization algorithm, which is capableof sharply separating
background and independently moving objects, whilst the observer itself is mov-
ing. Furthermore it incorporates temporal integration of extracted information to
improve estimation.

1 Introduction

When an observer (camera) is moving freely through a dominantly rigid scene, the de-
tection of independently moving objects (IMOs) is a difficult task. In this situation,
optical flow may result from either self-motion or from IMOs.On the one hand, detec-
tion of IMOs requires knowledge of the observer’s egomotionto eliminate those flow
components induced by the observer’s own motion. On the other hand, estimation of
the observer’s motion is based on the global optical flow pattern, which is disturbed by
the presence of IMOs in the current scene. Since both problems depend on each other,
they have to be dealt with simultaneously in order to achievea robust solution.

Unlike other previous proposals, we propose an approach that employs a single
camera to segment global flow patterns (due to self-motion) from motion that is induced
by other moving objects in the scene. The proposed approach may be utilized to feed
further applications like collision warning, autonomous robot navigation, guidance, etc.

We will outline some previously proposed approaches for theproblem scenario in
section 2. Subsequently, we present our new method to simultaneously solve scene
segmentation and egomotion estimation in section 3, together with a brief outline of
the expectation/maximization algorithm and a short description of the underlying data
representation. Some results of our algorithm will be presented in section 4, followed
by a brief conclusion in section 5.

2 Related work

Approaches have been proposed to detect independent motionutilizing multiple cam-
eras or object shape constants (e.g. [11]). Algorithms thatutilize a single camera to
detect IMOs during observer motion can be basically categorized into two groups: The



first group are algorithms based on motion similarity. Smithand Brady [12] presented
an approach that groups similar flow vectors returned by a feature tracking algorithm.
The flow magnitude needs to contrast the background estimates in order to be con-
sidered as candidate. Their approach uses information extracted over time to learn the
contour and the motion parameters of detected IMOs. The method does not employ
knowledge of the observer’s egomotion.

The other group are algorithms which detect IMOs based on knowledge of egomo-
tion. Pauwels and van Hulle [10] iteratively estimate the observer’s motion and remove
data points not matching the observer’s current motion-estimate. The method does not
use any knowledge obtained from earlier image frames, but only uses flow informa-
tion of the current frame. In order to circumvent an estimation of egomotion, several
approaches (e.g. [1]) employ additional sensors to recoveregomotion.

Woelk and Koch [14] utilize a particle filter [4] for samplingof optical flow estima-
tion. The focus of expansion (FOE) and the translational component of the observer’s
motion are estimated, while relying on an inertial sensor todetermine the rotational
component. After removal of the rotational component, the flow vectors are classified
depending on their deviation from the radial flow direction,pointing outwards from the
FOE.

MacLean et al. [8] apply a subspace method to segregate rotation from transla-
tion. The constraints on the translation vectors, which areobtained from the subspace
method, are then associated to a dynamical number of processes using the EM-algorithm.
The number of processes is estimated according to the total fit of the constraint vectors
to the estimated translation vectors.

Our approach combines previous proposals ([8][10][12]) todevelop a framework
for robust segmentation of background and IMOs during egomotion.

3 Detecting IMOs using the EM-Algorithm

Optical flow calculated from an image stream that is capturedby a moving camera rep-
resents a superposition of four components:F = T + R+ I + ξ. Translational motion
T and rotational motionR of the observer, motionI induced by independently moving
objects and noiseξ resulting from either camera measurement or the optical flowalgo-
rithm. Being able to only observeF by means of a single camera, these four components
cannot be easily split.

The EM algorithm provides an iterative framework for findingthe corresponding
unobservable data association. After introducing our underlying data representation, we
briefly introduce the EM algorithm and how its principle can be utilized in our scenario,
leading to our new approach.

3.1 Data representation

We utilize a spatially sparse multimodal token-based data representation. This data rep-
resentation is based on the biologically motivated work of Krüger et al. [6], which elab-
orates on the primal sketch introduced by Marr [9]. Different local feature attributes are
stored in a common symbolic tokenT:



– positionx of the token within the input image,
– optical flowu (Lucas-Kanade, [7]),
– greyscale structureλ1,λ2,ω (corner-/edgeness and orientation, [13]),
– status information (initial positionx0, aget).

In sum, a tokenT can be stored as vector

T = (position(x), f low(u),greyscale(λ1,λ2,ω),status(x0,t))

This token-based representation reduces the memory requirements, whilst preserving
relevant information.

Fig. 1. Token-based symbolic data representation. Shown is one token at three successive time
steps. Each token holds information on its positionx, its movementu (from optical flow), under-
lying greyscale information (from structure tensor) givenby λ1,λ2,ω and token status informa-
tion. All values are coupled with confidence values.

3.2 EM-Algorithm

When observing data samplesy, with each sample originating from exactly one out of
n modelsMn, the maximum-likelihood (ml) parameters are those parameters for the
generating modelsMn, that maximize the probability of observing the data samples y.
In general, however, the association of the data samplesy to the modelsMn cannot
be observed, that is, the complete datax is unavailable. The Expectation/Maximization
(EM) algorithm [3] seeks to iteratively find an optimized solution for model estimation
from such incomplete observed data in an ml-fashion. The algorithm exploits, that the
ml-parameters as well as the association of data samples to the models can be com-
puted depending on each other. Thus, the EM algorithm iteratively solves the problem
as follows: Bey the observation andx the corresponding complete data. The proba-
bility density function is f (x|θ) with θ denoting the parameters of the density. In the
beginning, the parametersθ are initialized randomly.

In theExpectationstep, the algorithm estimates the probability that the datasample
originates from a model, for each model and every data sample, given the current model
parameter estimates:

Q(θ|θk) = E[log f (x|θ)|y,θk]

Whereθk is the parameter set after the k-th iteration of the algorithm.
In the Maximization step, the model parameters are optimized in a maximum-

likelihood fashion given the current data association estimate from the Expectation step:

θk+1 = argmax
θ

Q(θ|θk)



Expectation and Maximization step are alternately executed until precision is re-
garded sufficient, e.g. if||θk−θk+1|| < ε for suitableε and|| · ||. The EM algorithm is
guaranteed to converge [3] with respect to a local maximum ofthe likelihood function.
One drawback of the EM algorithm is, that the number of underlying modelsn has to
be known in advance. In our scenario, the number of IMOs is notknown a priori and,
therefore, the number of models is unknown as well, which is one of the major issues
solved by our new approach.

3.3 Method

The EM-principle can be utilized for detecting IMOs via an indirect approach based
on the following reasoning: If we could estimate the translational and rotational flow
field that is induced by the observer’s self-motion, then anydeviating flow must arise
from independent motions of an unknown number of objects. Asthe number of models
(that is, the number of IMOs+1) is not known in advance for ourscenario, we propose a
simplified version of the EM algorithm in which only one modelneeds to be estimated.
This model is the one associated with the observer’s motion.

Expectation Step:During the expectation step, the fit of data samples is determined
only for the model corresponding to the observer. First, therotational component of the
flow field is removed. As the rotational component only depends on the actual motion
parameters and not on the scene geometry, the rotational parameters are sufficient to
achieve this. These parameters are calculated by the subspace method employed during
the maximization step. Under ideal conditions in a rigid environment without presence
of IMOs, a flow field radially expanding from the focus of expansion (FOE) is obtained.
The location f0 of the FOE depends on the observer’s translational parameters. The
angular deviation (Fig. 2) from the expected radial flow fieldis then calculated for each
flow vector (compare [14][10]):

α = arccos
u·x

||u|| · ||x||

wherex denotes the token’s position relative to the focus of expansion f0 andu is the
optical flow component stored in the corresponding token. The deviation represents the
grade of fit to the observer’s motion model for a given flow vector.

Maximization Step: In the maximization step, the motion parameters are estimated
using the subspace method presented by Heeger and Jepson [5]. By transforming to a
subspace the rotational component vanishes and constraints for translation are obtained.
Translational parameters are then computed from these constraints in a least-squares
sense. As this subspace method does not support a continuousweighting of the input
data samples per se, the model association of data points is first transformed to a binary
membership using a fixed threshold.

Instead of initializing the model parameters randomly, we determine an initial guess
by starting with the maximization step. For the first input frame, all data samples are
assumed originating from the observer’s motion model. For subsequent frames, model
associations obtained from previously analysed video frames are used. This temporal
feedback results in a better initial guess as well as a reduction in computational cost. In
order to ensure that the correct model is estimated, we need to assume that more than



50% of the tokens represent the scene background that yield to estimates corresponding
with the observer’s egomotion. After convergence of the proposed algorithm, the seg-
mentation of the image into background and IMOs is given by the association of data
points to the observer’s motion model obtained in the final expectation step.

Fig. 2. Deviation of flow from to the expected motion pattern. Vectorx points from the focus of
expansion to the position of the token. Vectoru is the movement of the token, i.e. the optical
flow corresponding to the token. The angular errorα employed in the segmentation algorithm is
calculated as the angle between vectorx and vectoru

4 Results

We show results of our proposed algorithm from three scenarios. The input data orig-
inates from a moving car on a freeway and in an inner city environment, as well as
from an autonomous mobile soccer robot (Fig. 3 left). The model association of the
flow vectors obtained during the final expectation step are plotted. These associations
represent the probabilities that a flow vector originates from an IMO. The sparse data
representation is transformed into pixel-maps, which are shown on the right hand side
(Fig. 3, right). In the top row a van is overtaking the observer’s vehicle. The middle row
is taken from an observer approaching an intersection. In this sequence, the observer
moves while another vehicle is moving to the right. All othervehicles are waiting at
traffic signs and were therefore not detected as IMOs. In the bottom row a soccer ball
crosses the robot’s path. The plots on the right hand side show that the IMOs (cars,
ball) are detected correctly by the algorithm. There are some false positives, especially
in the freeway and the robot sequence. These yield from incorrectly determined optical
flow, which partly occurs because tracked features moved outof the image (e.g. free-
way). Partly this is also due to the aperture problem (e.g. robot), which can be solved
by advanced motion algorithms [2].

5 Conclusion

We presented an algorithmic approach for separating IMOs from background using
techniques based on the expectation/maximization principle. The algorithm can handle
arbitrary motion including rotation of the observer by iterative estimation of egomo-
tion from optical flow. It features a spatially sparse data representation together with
usage of feedback processing, which yields in a reduction ofthe amount of data points



Fig. 3. Results of the proposed algorithm. Left: Input images takenfrom moving observers
(car/robot). Right: Probability of IMO presence. We transform the sparse data by adding gaus-
sians in a pixel-map at the corresponding locations. The height of these gaussians is proportional
to the probability of the optical flow of originating from an IMO. The width is proportional to the
flow vector’s distance to its nearest neighbour.



to be processed over time as well as an enhancement regardingthe estimation of the
observer’s egomotion. The approach only assumes that the majority of estimated flow
vectors is induced by the static background.
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