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Abstract

We present a system which is able to track objects under
partial and total occlusion. The occlusion and movement
reasoning uses abstract object descriptions for inference
and is based on an extendable knowledge-base. The sys-
tem manages various hypotheses about where objects could
be and where they could reappear. It is able to deal with oc-
clusion, noise and low-level vision failure. Our system uses
a top-down approach, and is an initial step to integrate top-
down and bottom-up processing of visual information.

1. Introduction

Typical vision systems integrate low-level visual cues in
a hierarchical fashion, and extract relevant output from this
bottom-up processing. Such processing seems inappropri-
ate when information beyond the visual appearance needs to
be taken into account, in particular when information about
occluded objects needs to be maintained. To incorporate
such an ability, our system fuses bottom-up visual process-
ing with top-down reasoning and inference. The system rea-
sons about occlusion and hiding events, and tracks occluded
objects. The reasoning component maintains a hypotheses
graph which is updated according to visual inputs. Using a
small knowledge base for reasoning, baseline visual com-
ponents are sufficient to provide the necessary input for the
reasoning component.

Our system is highly modular such that several vision
algorithms and an extendable knowledge-base can be easily
integrated. For vision algorithms we have defined a simple
interface to our system.

We tested our system on videos where a human moves
rigid objects, occludes objects and hides objects within
other objects. The videos are captured from a single static
camera. The videos are quite noisy with a significant
amount of motion blur and visual artifacts. Because of
their noise level, these videos provide an interesting test
suit to verify that top-down reasoning enhances the process-

ing capability of the system beyond the capabilities of pure
bottom-up processing. The system’s goal is to track the ob-
jects in the video — are they visible, partially occluded, or
totally occluded.

1.1. Related work

There exist some occlusion reasoning systems for track-
ing or segmenting objects, mostly for traffic scenes or per-
sons. Elgammal and Davis [4] use a probabilistic frame-
work for segmenting people under occlusion. Their sys-
tem operates on a pixel level, whereas our system does the
occlusion reasoning on a more abstract object level. As a
consequence, we do not get perfect segmentation for each
frame, but a high level description of the object interactions
in the video.

The approaches in [2, 8] use blobs for occlusion reason-
ing. A blob may consist of one or more objects, the rela-
tive depth between objects is not considered. If occlusion
happens, the system merges the affected blobs into a new
blob. On the other hand a blob is split, if the system is able
to discriminate blobs within this blob. For an overview of
tracking under occlusion in video sequences we refer to [5].

In [1] tracking results of moving objects are enhanced
by reasoning about spatio-temporal constraints. The two
used constraints are exclusivity and continuity. However,
the whole system does only bottom-up processing.

A way to incorporate knowledge for vision systems is to
use a knowledge-based approach, e.g. [7] for an aerial im-
age understanding system, [3] for traffic monitoring and [9]
for tracking for video surveillance applications. Matsuyama
and Hwang [7] identified three types of knowledge in an im-
age understanding system, and built a modular framework
which integrates top-down and bottom-up reasoning uni-
formly. The system extracts various scene descriptions, and
at the end an evaluation function selects the most promising
description. The evaluation function is simple and trusts
the low-level vision output more than the reasoning output.
Another property of their evaluation function is that it se-
lects the most complex scene description from the database.



In contrast, we trust the reasoning component or low-level
vision components depending upon the hypothesis state;
which is more flexible. While reasoning in [3, 9] is based on
blobs using trajectories and velocity information, our rea-
soning is based on more abstract object behavior.

2. System architecture

Our system consists of three main parts: the low-
level vision components, the reasoning component, and the
knowledge-base used by the reasoning component. The rea-
soning component maintains a graph of hypotheses. Each
hypothesis describes the content of a particular frame of the
video, and it is linked to plausible hypotheses for the previ-
ous as well as the next frame. A hypothesis is an assump-
tion about the states of all relevant objects. It is calculated
from the vision inputs for the current frame, from one of
the hypotheses for the previous frame, and from the rules in
the knowledge base. Our current knowledge-base includes
only some general rules about the physical world. Exam-
ples for such rules are given in Section 5.1. Communication
from the low-level vision components to the reasoning com-
ponent is not just bottom-up, but also includes top-down
communication from the reasoning component to the vision
components (e.g. to ask a vision component to look for an
object at a certain location, or to update the status of a vision
component). The three main parts of our system, as well as
the processed video and the resulting hypotheses graph, are
depicted in Figure 1. The following list describes the main
steps of our system for processing a video frame:

1. Feed information from the hypotheses about the previ-
ous frame to the vision components. [Top-down pro-
cessing]

2. Create newpre-hypotheses from the output of the vi-
sion components. These pre-hypotheses give possible
object positions and the confidence of the vision com-
ponents for these positions. [Bottom-up processing]

3. Apply theconstruction rules of the knowledge base to
the pre-hypotheses. The construction rules construct
all plausible hypotheses. [Reasoning]

4. Prune the hypotheses graph from unlikely hypotheses.
This pruning is based on an evaluation function for se-
quences of hypotheses corresponding to the sequence
of frames. [Hypotheses selection]

5. Move on to the next frame.

The next sections describe the main steps and the in-
volved components in more detail.
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Figure 1. Reasoning system

3. Interface to the vision components

Our reasoning component “knows” more about the scene
as the low-level vision components, and thus it guides the
vision components. We have designed a simple interface
which makes this possible. First, we need tosearch for an
object in specified areas of a frame. Secondly, we need an
interface forupdating low-level vision components. In re-
sponse to this we use two search instructions: the first one
provides the vision component with a search window for
an object, the second one queries for an object at a certain
location(x, y). The result of a search is a location with a
confidence value. The confidence value indicates how sure
the vision component is about the presence of the object
at the returned position. A confidence of 1 indicates that
the low-level vision component is very sure that object has
been found. A confidence value of 0 means that the vision
component failed to detect the target object. The confidence
value of the low-level vision component for an objecto is
denoted bydetected(o). We use this value as a cue for ei-
ther occlusion or detection failure.

Additionally, the search in a window can return a list of
possible object locations. Then the reasoning component
is able to choose a sub-optimal object position — from the
point of view of the vision component — if this position is
better supported by the overall hypothesis.

After constructing a hypothesis, the reasoning compo-



nent may use theupdate instruction to modify the status of
a low-level vision component, in particular telling the low-
level vision component about the positions of objects as in-
ferred by the reasoning component. This update is crucial
to insure that the status of the vision components comply
with the positions of objects in the constructed hypotheses.

3.1. Vision components used in our system

The current system uses an adaptive template tracker for
each target object. The tracker uses two templates, one from
the initialization frame and the other one as a running aver-
age over the most recent frames. These two templates are
weighted and form the template for the matching. As a con-
fidence value we use normalized cross-correlation [6].

For hand detection we use a simple skin detector. After
the detection morphological operations are applied and the
areas of the blobs are calculated. Simple rules remove noise
and increase stability. We treat every blob of a certain size
as a hand with confidence1.

4. Hypothesis representation

A hypothesis consists of a set of object descriptions. Vis-
ible objects are stored directly in such a hypothesis. Oc-
cluded objects are stored within the object description of
the occluding object.

4.1. Object representation

The high level object description uses a simple bound-
ing box for the object.1 Every object stores the confidence
value detected(o) from the low-level vision component.
Additionally, every object has two state variables: one de-
scribes the move state, the other one describes the visibility
state. Depending on these states, the high-level reasoning
framework controls the low-level vision component for the
object.

Finally, each object maintains a list of other objects
which are behind or inside the object.

5. Reasoning

The reasoning component has to maintain the hypothe-
ses graph, which is a layered graph with one layer for each
frame of the video. The results from the low-level vision
components produce pre-hypotheses with possible object
locations. The rules from the knowledge-base update the
states in the object descriptions and possibly split hypothe-
ses into several plausible hypotheses if the correct states

1Currently we are investigating possibilities to use the convex hull.
Such a description would better fit the object boundary.

cannot be inferred with sufficient confidence. The process-
ing of a hypothesis is finished if no further rules can be ap-
plied.

5.1. Construction rules

In this section we describe the rules for hypothesis con-
struction. The main idea is to split a hypothesis into two or
more plausible hypotheses, if the correct hypothesis cannot
be inferred. What can be inferred mainly depends on what
can be observed. For example, consider our test suite with
only one static camera. Thus the distance of objects from
the camera cannot be observed. If two bounding boxes in-
tersect, it cannot be decided ad hoc which object is in front
of the other object. Thus the current hypothesis is split in
two and each possibility is represented by one of the hy-
pothesis.

1. If the bounding boxes of two objects intersect, then
split the hypothesis into two. One hypothesis states
that the first object is in front, the other hypothesis
states that the second object is in front.

2. If an object is occluded and a hand intersects its bound-
ing box, then generate an additional hypothesis where
the object is attached to the hand. In the following
frames search for reappearance of the object along the
trajectory of the hand.

3. If an object is totally occluded by one object, then we
generate two hypotheses. One hypothesis states that
the object does not move and reappears at the old po-
sition. The other hypothesis states that the occluded
object is inside and reappears along the trajectory of
the bigger object.

4. If an object is occluded, and the object gets more and
more occluded, then we should not trust the vision
component in every case. We split the hypothesis in
two. One hypothesis assumes that the object does not
move, the other one trusts the output of the vision com-
ponent.

5. If the vision component returns two or more possible
object positions with similar confidence for an object,
then generate one hypothesis for each plausible object
position.

6. An object is set to the state ’visible’, if no occlusion is
detected or if the object is found along the trajectory of
an occluding object or hand.

6. Evaluating hypotheses

After processing the construction rules, the likeli-
ness of each hypothesis is evaluated. The evaluation



function Q(H|F) evaluates a hypothesis pathH =
〈h1, . . . , hm〉 from the root hypothesis at frame1 to a hy-
pothesis for the current frame whereF = 〈f1, . . . fm〉 is
the corresponding sequence of frames. It is a quality mea-
sure of a hypothesis path compared to other paths. A simple
method for calculating the quality measureQ is to sum the
quality measuresq for each hypotheses on the path,

Q(H|F) =
1

m

m
∑

i=1

q(hi|fi). (1)

Before we defineq, we define an inconsistency functionι
and an object confidence functionc.

The inconsistency functionι combines the confidence
valuedetected(o) of the low-level vision component with
the relative hide valuerelhide(o), and should detect incon-
sistency between these values.
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We assume, that if the low-level vision confidence is small
then the occluded object area should be large. This assump-
tion is a rough approximation, but it is good enough for
combining the two object values in practice. The function
relhide is a measure of what percentage of the bounding
box from objecto is occluded, ranging from0 to 1. The
inconsistencyι is small if the low-level vision confidence is
small and the occluded object area is large, or vice-versa.
This definition of inconsistency is a rough approximation,
but works well on our test suite. The functionι returns the
normal distance of a query point from the straight line de-
fined by the two points(1, 0) and(0, 1); therefore the val-
ues are between0 and

√
2

2
. Figure 2 shows the inconsis-

tency values of the functionι. However, we note that the
inconsistency of our template tracker for an object does not
only depend on the trackers output characteristic, but also
depends on the occluding object: if the occluding object
looks similar to the occluded object, then the low-level vi-
sion confidence might not decease for the occluded object.

The plausibility functionp maps the inconsistency value
to a value between one and zero. For objects which are not
totally occluded we define

p(o|ht, ft) := − 2√
2

ι(o|ht, ft) + 1. (3)

A different definition of plausibility is needed if an object
is totally occluded. It would be misleading if a plausibility
value of1 were assigned to totally occluded objects, since a
visible object will not typically receive a plausibility value
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Figure 2. Inconsistency function

of 1 due to noise, illumination changes, etc. Then a hypoth-
esis with a total occluded object would have higher plausi-
bility than a hypothesis where the same object is partially
visible. Therefore we bound the plausibility of a total oc-
cluded object by its maximal plausibility when it is visible:

p(o|ht, ft) = max
h ∈ Ht

o is visible|h

p(o|h, ft)
1 (4)

whereHt = {h : h is a hypothesis for frameft} is the set
of all hypotheses for frameft.

The quality measure for a hypothesis of frameft is then
the sum of all normalized plausibility values,

q(hi|ft) =
1

#{o : o ∈ hi}
∑

o∈hi

p(o|hi, ft)

maxh∈Ht
p(o|h, ft)

(5)

6.1. Pruning rules

Pruning strategies are implemented as rules and use the
results of the evaluation function. We reject a hypothesis if
an object matches one of the following implemented prun-
ing rules:

1. Reject a hypothesis if an object has state ’visible’, does
not move, and has a low confidence value from the
low-level vision component. (We assume, that low-
level vision works well for static objects.)

2. Reject a hypothesis if an object has state ’visible’ and
has very low confidence. (A visible object must have
at least a minimum confidence value, to be valid.)

1If there does not exists a hypothesish ∈ Ht such that objecto has
state ’is visible’, then we setp(o|ht, ft) = 1.0.



3. Reject a hypothesis if an object’s state was ’non-
visible’, the occluded area is very small, and the con-
fidence is low. (If an occluded object reappears, the
low-level vision should recognize the object and pro-
vide an appropriate confidence value.)

The thresholds for these rules were selected in a very con-
servative manner, such that it is very unlikely — across a
wide range of videos — that a pruning rule deletes a correct
hypothesis. Pruning is used only for efficiency to reduce the
number of nodes in the hypotheses graph.

7. Results on some videos

Figure 3 shows a frame from our test sequences. A hu-
man moves three cups on a desktop. The cups are occluded
by the human using his hands or by other cups. Some-
times one cup is total hidden as a result of a cup which
is in front and due to one or more hands. A cup can also
be inside another cup and can therefore reappear elsewhere.
The green/white bounding boxes show the location of the

Figure 3. A test sequence with three cups.
The best hypothesis assumes that ’cup 2’ is
behind ’cup 3’.

objects according to the most likely hypothesis. The ob-
ject label is written inside the corresponding bounding box.
The line position of the label indicates the relative depth
between the objects. If the label is written near the upper
bounding box line, then the object is in front of all the other
intersecting boxes. The label is bracketed if the occlusion
reasoning does not use the low-level vision input. Question
marks indicate that the reasoning has assumed a low-level
vision failure. The best low-level vision input is drawn with
a dashed box, if the reasoning supposes an error.

Figure 4 shows four frames from the video. The hypoth-
esis for frame486 shows that the reasoning component does

Figure 4. Sequence with occluded cup and
low-level vision failure.

not trust the low-level vision component for cup 2, because
of the high occlusion. The relative depth between the cups
is correct. The next frame shows that the tracker is con-
fused by the hand. The best detection result is on the right
hand. The hypothesis assumes that the yellow cup is at-
tached to the left hand, therefore the tracker search window
is set along the trajectory of the left hand. In frame493
the tracker and hypothesis position of cup 2 converge to the
same position. Two frames later, the reasoning system be-
lieves that the tracker of cup 2 is once again trustworthy, and
therefore the system uses the position of the vision compo-
nent.

The video sequence in Figure 5 shows a total occlusion
and re-detection event. The big cup1 hides cup3. After
that the two cups are moved together; during that situation
the system shows the estimated position of cup2. The hu-
man wants to trick the system and moves the yellow cup in
front of cup1. The hypothesis assumes the following rel-
ative depth order: cup2, cup 1, cup 3. From frame605
to 620 cup3 is released, but due to the high occlusion there
exists very little visual evidence for the fact, that cup3 is
behind the yellow cup. Therefore the best hypothesis as-
sumes that cup3 is inside cup1. We have not defined spe-
cial rules for how cups can release other cups. After the
actor moves cup2 away from cup3, the low-level vision
component provides good confidence values at a previous
position of cup1. The best hypothesis with correct depth
values is shown in the last picture.

8. Discussion and Conclusion

Although we defined a quite simple interface to the low-
level vision components, it was difficult to find vision com-



Figure 5. Sequence with hide event

ponents which could be made compatible with this inter-
face. Mostly vision algorithms give an output as the only
possible truth, and only few vision algorithms return a qual-
ity measure. Without quality measure or confidence values
it seems difficult to build a cognitive vision systems.

Currently, our system is not capable of real-time appli-
cations. The average processing time per frame is1.7s on
a Pentium 4 machine with 2.4GHz. Most of the processing
time is spent within the low-level vision components. The
hand detector with its morphological operations is the slow-
est component. To overcome the problem of too many low-
level vision queries, we want to incorporate a tolerance for
object positions. It seems futile to generate many low-level
queries for the same object with similar descriptions at sim-
ilar positions. The main drawback of our reasoning compo-
nent is its need for a predefined knowledge-base. We view
this as an investigation about what knowledge is needed for
vision system with reasoning. The next major step is to
add an adaptive component which can modify and learn the

knowledge-base from examples. Another subject for im-
provement is the evaluation function of our system. We will
modify the evaluation function such it takes the smoothness
of object trajectories into account.

In this paper we described our top-down approach for oc-
clusion reasoning with a predefined knowledge-base. The
system can deal with total and multiple occlusions, and is
robust against low-level vision failure. The modular archi-
tecture makes modifications of the system easy. The sys-
tem was tested successfully with videos where rigid objects
were both partially and totally occluded.
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