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Abstract— A novel method for Bayesian tracking and generalized sensor fusion is proposed. The new approach is based
on a localized histogram-like representation, the channel representation. The channel representation allows fusing continuous
percepts and symbolic input, which enables the proposed
scheme to implement perception-action loops with an additional
control input. By connecting several such loops through actioncontrol links, a hierarchical network with flexible structure is
generated. The novel tracking loops are validated in a simple
experiment with real world data.

I. INTRODUCTION
In the field of cognitive system research, a common way
to model perception-action loops is the perceptual cycle of
Neisser [1], see Fig. 1 (a). The perceptual cycle basically
implements the perception-action loop, where the latter consists of three rather than two steps. In each cycle, some
action precedes the perception step, which can be used for
adaptation and incremental learning [2]. Controlled by the
schemata, which can be different internal models of the
world, the system performs an exploration step (action). Depending on the internal model, percepts of the object (world)
are predicted and verified against sampled observations of
the object. The actual percepts in relation to the predicted
ones allow to modify (update) the internal model. A similar
consideration has been made in [3].
The previous consideration can be formalized by relating
the perceptual cycle to generalized Bayesian tracking [4], [5].
In Bayesian tracking, the current state of the system, i.e.,
the internal model, is represented as a probability density
function of the system’s state space. In the prediction step,
this density is modified according to the system model,
i.e., a new, typically smoother density is obtained as the
prediction of the next system state. In the observation step,
measurements of the system are used to update the predicted
density. Typically, the density is sharpened by some type of
inference and it serves as the next system state.
Relating Bayesian tracking to the perceptual cycles leads
to a model for implementing low-level perception-actions
loops, see Fig. 1 (b). A short introduction to Bayesian
tracking is given in the main part of the paper. The reason for
calling the step between the prediction and the observation
matching will also be explained in the main part.
The main contribution of the proposed approach is to implement Bayesian tracking using channel representations [6]
and linear mappings on channel representations, so-called
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Fig. 1. (a) Neisser’s perceptual cycle [1] (redrawn). (b) Bayesian tracking
represented as a perceptual cycle.

associative networks [7]. The term channel is well established in vision literature for a representation using a band
pass tuning function [8], while some may at times have
a reason to view it as a population coding [9], [10]. The
proposed method is closely related to grid-based methods [4]
without having the drawback of quantization effects and high
computational effort. Thus, the novel method is considered
being superior to particle filters, since the latter also make
use of quantized functions when the new samples are to be
drawn, see [5], [11].
A second and even more important advantage of using
channel-based Bayesian tracking is the possibility to represent symbolic states by channel representations, see [12],
where channel representations and associative networks are
related to fuzzy logic. As a consequence, channel-based
Bayesian tracking can also be performed at higher levels of
the system that incorporate symbolic information. The novel
technique thus allows fusing information of different kinds
and therefore goes much beyond what is treated as sensor
fusion in the literature.
Based on this capability, it becomes possible to arrange
channel-based tracking loops in a hierarchy, where the higher
level loops activate and modify the lower-level tracking
loops. The state space of the higher-level loop contains
binary flags for activating lower-level loops as well as the
weights for the corresponding networks. Hence, an update
in the higher-level loop leads to an online learning step of
the lower-level loop. Since the actual implementation of the
loops itself is the same at all levels, an implicit hierarchy
is built that is structured by the wiring of the loops to each
other.
Besides generalizing sensor fusion to general information
fusion, the novel method does not rely on a strict synchronization of states and observations during the learning step.

It has been shown in [13] that associative networks can
be trained on unordered sets of output – input pairs, i.e.,
the point-wise correspondences need not be known. This
can be exploited for learning associations between states
and responses with an unknown but limited delay (weakly
synchronized) by simple recursive low-pass filtering in the
time domain.
II. BAYESIAN TRACKING
In this section some concepts from Bayesian tracking are
introduced based on the tutorial paper [4].
The concept of Bayesian tracking is based on the definition
of a process model and a measurement model, both assumed
to be distorted by independent identically distributed noise
v and n
xk
zk

= fk (xk−1 , vk−1 )
= hk (xk , nk ) .

(1)
(2)

Here, xk denotes the system state at time k and zk denotes
the observation that is made at time k. Note that both models
are in general non-linear and time-dependent.
The current state can be estimated, given that the previous
state and all previous observations are known, by using the
prediction equation. Assuming a Markov process of order
one allows us to consider the conditional density of the novel
state as an integral over its conditional density given the
previous state
Z
p(xk |z1:k−1 ) = p(xk |xk−1 )p(xk−1 |z1:k−1 ) dxk−1 .
(3)
If the new measurement becomes available, the prediction is
updated through the update equation
p(xk |z1:k ) = R

p(zk |xk )p(xk |z1:k−1 )
.
p(zk |xk )p(xk |z1:k−1 ) dxk

p(xk |z1:k )

(5)

=

i
X

i
δ(xk − xik ) .
wk|k

(7)

i

The histograms involved in the previous two equations are
computed as
X j
i
(8)
=
wk−1|k−1 p(xik |xjk−1 )
wk|k−1
j
i
wk|k

=

i
wk|k−1
p(zk |xik )
.
P j
j
j wk|k−1 p(zk |xk )

(9)

It should be noted that the grid-based method also works
for continuous state spaces, but the solution is, due to the
quantization in the histograms, only approximate and suffers
from a high computational load in case of high-dimensional
state spaces.
The most prominent approach to circumvent the drawbacks of grid-based techniques is the particle filter. Instead
of using a fixed grid for approximating the state density,
random samples are drawn from the state density and are
propagated according to the system model and weighted according to the observations. The sampling is done according
to different procedures, e.g. condensation [5]. The choice
of the sampling procedure is a well-discussed topic in the
literature which reflects the main shortcoming of particle
filters: Only if the sampling is done in a correct way, the filter
leads to meaningful results. The main drawback here is that
many sampling techniques, e.g. the numerical transformation
method [11], relies on cumulative histograms and in order
to achieve an unbiased sampling of the density, the number
of histogram bins explodes.

(4)

In the literature, a number of methods to compute the
respective equations are known. Probably the best known is
the Kalman filter, which is however based on a number of
assumptions that do not hold in the case of image-based data
– in particular the linearity assumption. Even if the linearity
requirement is dropped, e.g., by linearization of non-linear
models as it is done in the extended Kalman filter, it is still
assumed that the noise distribution is Gaussian. Also this
assumption does not hold, as one often faces the problem of
multi-modal densities.
Another known technique from the literature is grid-based
methods. Assuming a discrete state space, the densities can
be replaced with histograms without losing information.
Thus, conditional probabilities of state transitions can be
replaced with linear mappings and no assumptions on Gaussianity or linearity need to be made. Again, it is assumed
that the previous density (histogram) is known
i
wk−1|k−1
= Pr(xk−1 = xik−1 |z1:k−1 )

such that the prediction and the update equations become
(note the different combinations of the indices)
X
i
δ(xk − xik )
p(xk |z1:k−1 ) =
wk|k−1
(6)

III. CHANNEL-BASED BAYESIAN TRACKING
For the purpose of this section, the channel representation [6] and related coding techniques [14] can be considered
as a variant of histograms where the bins are replaced with
smooth, overlapping basis functions, same as in [15]. A well
established case for the basis functions are cos2 kernels,
see Fig. 2. It is known from the literature [16], that the
channel representation reduces the quantization effect of
ordinary histograms significantly, typically by a factor of
20. This suggests to use channel representations to avoid the
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Fig. 2. Five basis functions (cos2 ) for computing the channel representation
of the (periodic) orientation interval [0, 2π].

accuracy problem with grid-based tracking methods. In order
to avoid high computational costs for computing the channel
representation in higher-dimensional spaces, the concept of
P-channels [17] can be used, but this is of no direct relevance
in this context.
When plugging channel representations into (5–9), two
conditional densities have to be considered in more detail:
The state transition matrix A = [p(xik |xjk−1 )]ij and the
verification vectors vk = [p(zk |xik )]i . Both are considered
in more detail in the next section. Assuming for the moment
that A and vk are available, the following set of equations
is obtained
c̃k
ck

= Ack−1
vk · c̃k
,
=
vkT c̃k

(10)
(11)

where ck is the channel representation of xk , c̃k is the
prediction of ck , and · is the element-wise product such that
vkT c̃k = |vk · c̃|l1 (note that the l1 norm is equal to the sum
of non-negative elements).
Up to this point, nothing is said about the nature of the
channel representations, i.e., whether they encode continuous
percepts or symbols. Since the channel representation can
represent continuous signals and fuzzy logic events [12], the
channel-based tracking equations can also be used to fuse
continuous signals and symbolic information. In other words,
exactly the same set of equations can be used to implement
a finite state machine and to select different models for
processing continuous information.
IV. LEARNING CHANNEL-BASED TRACKING
In this section, the matrix A and the vector v are discussed
in more detail. The state transition matrix A needs to
be trained and updated. Basically, many different methods
that preserve positivity could be applied, but good results
have been obtained with correlation networks, i.e., using the
covariance of subsequent states for estimating the matrix
"
#
p(xik , xjk−1 )
A=
≈ mean(ck cTk−1 )./mean(1cTk−1 ) ,
p(xjk−1 ) ij
(12)
where ./ denotes the point-wise division of two matrices and
1 is the column 1-vector with the same dimension as c.
Since channel representations lead to density estimates
smoothed by the basis function [16], applying the normalized
covariance matrix as an operator onto the previous state
representation will lead to two-fold smoothing of the density.
Hence, and in accordance with Bayesian tracking, the basis
function should represent the noise distribution [18]. The
smoothing effect is however compensated in the update step
which makes use of the current measurement (or percept).
An important advantage of the covariance-based method for
estimating A is that one can easily incrementally update the
transition matrix by adding the covariance of the updated
new state and the previous one (and a subsequent renormalization).

Note that in the dynamic case, the transition matrix needs
to map two subsequent states onto the respective newer ones
in order to cover the dynamics of the state space. In contrast
to classical control theory, there is no need to specify a
physical motion model, since the action at a certain position
is always directed in the same direction. This is a result
from motion trajectories being intrinsically one-dimensional.
If a larger variety of motion models is required, these are
obtained by switching between different state transitions at
the next higher level.
Slightly more tricky is the estimation of the verification
vector v. Since the number of accessible prototypes in the
memory is limited, i.e., it is assumed that a number of
view representations is stored in the visual memory, only
the conditional density for particular observations given an
arbitrary state can be computed. In order to solve this issue,
it is assumed that the conditional density can be replaced by
a known one at the closest prototype. The latter density is
obtained by simultaneously changing both, the current view
representation and the state vector.
Technically, one might consider the stored prototypes as
basis functions and project the current view onto this basis in
order to generate another channel representation. The actual
fitness could be computed using interpolation techniques
on the new channel representation, but this is not required
as the state vector itself is only available as a channel
representation. In the simplest case, there is only one visual
prototype for each state space basis function, such that the
state channel vector is multiplied point-wisewith the vector
containing the prototype matching scores, see (11). For the
matching, any non-negative, normalized matching function
can be applied.
For the experiments in Sect. VI, we encoded the image
gradient orientation (double angle representation [19]) in
channels and weighted the channels by the gradient magnitude. The resulting image descriptor has some similarity to
the SIFT descriptor [20], which could also be used instead.
If the image descriptor of the current view is denoted as
fk and the image descriptors in the database (prototypes)
are denoted as fp , where p = 1, . . . , P and P = dim(ck )
equals the dimensionality of the state channel, we compute
the verification vector as
vk = [f1 · · · fP ]T fk .

(13)

Instead of the scalar product between the descriptors in (13),
any other matching function would do. More advanced
matching functions might be less sensitive to occlusion and
other distortions.
If the system is supposed to learn a weakly synchronized
fusion problem, i.e., there is no exact correspondence between observation and state [21], another step needs to be
introduced. By associating the matching vector with some filter for the state rather than using the matching vector directly
as a filter, one can exploit the effect of correspondence-free
learning [13]. However, this is not further considered in here.
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(a) PAC module with control input C, percept input P, and
action output A. (b) PAC module as building block for implicit hierarchical
structure. The action output of each module is split into two parts: feedback
F to the next higher level and action A propagated to the next lower level.

Fig. 4.

Some views of a cube that has been used for the experiments.

VI. EXPERIMENTAL RESULTS

V. IMPLICIT HIERARCHIES FOR ONLINE
LEARNING
The training of the transition matrix and the verification
network should preferably happen online by incrementally
updating the existing system. In the COSPAL project, it
has been suggested to use a system structure of three
layers [22], where the respectively higher levels take care
of controlling the training of lower levels. Similar to many
other suggestions for cognitive system structures, e.g. the
ECOM model [23], the number of levels and the nature of
connections has been part of the architecture specification.
If perception-action loops are supposed to have higher
functionalities than purely reactive or homeostatic behavior,
i.e., if the loops are supposed to perform more than just
passive tracking, some driving force is required. This driving
force enters the perception-action loop through a control
input C, which complements percept input P and action
output A, see Fig. 3 (a). The modified perception-actioncontrol loop is called PAC module in what follows.
The control input of a PAC module is not an observation in
the sense of Bayesian tracking, since it affects the prediction
step and not the update step. It is not part of the state vector
of the respective PAC module either, since it is by definition
modified outside the PAC module in order to produce a
non-homeostatic behavior. The only possible way to embed
control signals into a Bayesian tracking loop is to make it
part of another PAC module that is located at a higher level,
see Fig. 3 (b).
As a consequence of this cross-level connection between
PAC modules, modules that previously lived at a single
level get ordered in a hierarchical way. In contrast to earlier mentioned architectures, this hierarchy is dynamic, as
connections between the PAC modules might be modified
or entirely removed within the respective modules. In order
to make the hierarchy functional, feedback signals from the
respectively lower-level modules are required, which might
be considered as part of the action space. These signals are
typically binary or fuzzy events, see also discussion above
on representing symbols in channel representations.

In this section experiments validating the concept of
channel-based Bayesian tracking within a single PAC module are discussed. The test data has been taken from the
final demonstrator of the COSPAL project1 , a shape sorter
puzzle that has been learned to be solved by an artificial
cognitive system. In particular, views of rotated instances
of the same object, e.g. a cube, are considered, see Fig. 4.
The rather simplistic scenario has been chosen to validate
the tracking method independently of shortcomings of the
feature extraction method.
The considered state space of the PAC module consists
of the concatenation of two channel representations: one for
the current orientation of the object and one for the previous
one. In this way, linear dynamics of the object are covered
as discussed earlier. The whole algorithm is given by the
following steps:
1) Compute prototype descriptors fp for the learning set
2) Compute (12) to establish a system model
3) Initialize state channel vector
4) Iterate:
a) Compute prediction (10)
b) Compute verification vector (13) from new image
descriptor fk
c) Compute correction (11)
d) Decode maximum for state channel vector
The channel representations have been built for 6 and 9
orientation channels, which corresponds to 30 degrees and
20 degrees distance between the prototypes. The tracking
has been initialized by assuming to be close to the angle
zero with unknown previous angle, i.e., the state vector is
initialized as a concatenation of an impulse and a uniform
distribution. The error of the decoded angles for 9 channels
is about five times lower than for ordinary histogram bins,
see Fig. 5.
The numerical evaluation gives the following results. For
6 channels and 12 prototypes, i.e., one prototype every 30
degrees, the standard deviation has been measured as 2.8
degrees. For 9 channels and 18 prototypes, i.e., one prototype
every 20 degrees, the standard deviation has been measured
as 1.3 degrees. The oscillations of the error in Fig. 5 is caused
1 http://www.cospal.org
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Fig. 5. Tracking error for 9 orientation channels. Top: ordinary grid-based
method using histograms. Bottom: channel-based tracking.

by the remaining quantization effect of channel decoding
which is about five percent of the channel width. This
quantization introduces a small systematic error towards the
center of the channels such that the estimates are slightly
biased.
VII. CONCLUSIONS AND FUTURE WORK
A. Conclusions
The experimental results for the PAC module established
as a channel-based Bayesian tracker shows that the channelbased technique provides an accuracy that is higher than
the expected accuracy for a grid-based method. The results
allow to use the proposed methodology in larger, learning
based systems that make use of several connected PAC
modules, which form an implicit hierarchy. Learning within
this structure is entirely governed by the individual PAC
modules.
B. Future Work
In future work channel-based tracking will be compared
with state-of-the-art particle filters. Furthermore, experiments
on hierarchical networks of PAC module have to be performed in order to validate the theories about (online)
learning of PAC modules and implicit hierarchies.
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