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Learning Object Tracking in 
Image Sequences

Abstract
This work presents a novel object tracking approach, where the motion model is 
learned from sets of frame-wise detections with unknown associations. We employ 
a higher-order Markov model on position space instead of a first-order Markov 
model on a high-dimensional state-space of object dynamics. Compared to the 
latter, our approach allows the use of marginal rather than joint distributions, which 
results in a significant reduction of computation complexity. Densities are 
represented using a grid-based approach, where the rectangular windows are 
replaced with estimated smooth Parzen windows sampled at the grid points. This 
method performs as accurately as particle filter methods with the additional 
advantage that the prediction and update steps can be learned from empirical data. 
Our method is compared against standard techniques on image sequences 
obtained from an RC car following scenario. We show that our approach performs 
best in most of the sequences. Other potential applications are surveillance from 
cheap or uncalibrated cameras and image sequence analysis. 
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Channel Representation of Densities
The channel representation can be considered as a way of sampling continuous 
densities or, alternatively, as histograms where the bins are replaced with smooth, 
overlapping basis functions b(x). We have been using (with a=3)
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Second, the posterior is obtained from the measurement update as

p(xk|z1:k) = p(zk|xk)p(xk|z1:k−1)
� �

p(zk|xk)p(xk|z1:k−1) dxk . (3)

In the case of non-linear problems with multi-modal densities, two approaches for

implementing (2) and (3) are commonly used: The particle filter and the grid-based

method. Since CBT is a generalization of the grid-based method, we focus on the latter.

Grid-based methods assume a discrete state space such that the continuous densities

are approximated with histograms. Thus, conditional probabilities of state transitions

are replaced with linear mappings. In contrast to [2] where densities were formulated

using Dirac distributions weighted with discrete probabilities, we assume band-limited

densities and apply sampling theory, since this is more consistent with the formulation

of CBT. Sampling the densities p(xk1 |z1:k2) gives us

wi
k1|k2

� p(xk1 |z1:k2) ∗ δ(xi − xk2) k1, k2 ∈ {k − 1, k} (4)

where ∗ denotes convolution and δ(xi − x) is the Dirac impulse at xi
. Combining (2)

and (4) and applying the power theorem gives us

wi
k|k−1 =

�
j
f ij

k wj
k−1|k−1 (5)

where f ij
k = p(xk|xk−1) ∗ δ(xi − xk) ∗ δ(xj − xk−1). Accordingly, combining (3)

and (4) results in

wi
k|k = hi

k(zk)wi
k|k−1

��
j
hj

k(zk)wj
k|k−1 (6)

where hi
k(zk) = p(zk|xk) ∗ δ(xi − xk). Grid-based methods require the more samples

the higher the upper band limit of the pdf, i.e., the wider the characteristic function

ϕx(t) = E{exp(itT x)}.

2.2 Channel Representations of Densities
The channel representation [5, 17] can be considered as a way of sampling continu-

ous densities or, alternatively, as histograms where the bins are replaced with smooth,

overlapping basis functions b(x), see e.g. [18]. Consider a density function p(x) as a

continuous signal that is sampled with a smooth basis function, e.g., a B-spline. It is im-

portant to realize here that the sampling takes place in the dimensions of the stochastic

variables, not along the time axis k. It has been shown in the literature that an averaging

of a stochastic variable in channel representation is equivalent to the sampled Parzen

window (or kernel density) estimator with the channel function as kernel function [8].

For the remainder of this paper it is chosen as [19]

b(x) � 2a

π

�

n

cos2(axn) if |xn| <
π

2a
, 0 otherwise. (7)

Here a determines the relative width, i.e., the sampling density. For the choice of a
the reader is referred to [20]. According to [8], the channel representation reduces the

quantization effect compared to ordinary histograms by a factor of up to 20. Switching

from histograms to channels allows us to reduce computational load by using fewer

bins, to increase the accuracy for the same number of bins, or a mixture of both.

(8)

Channel-Based Bayesian Tracking
Channel-based tracking (CBT) is a generalization of grid-based methods for 
implementing non-linear, non-Gaussian Bayesian tracking. 

Bayesian Tracking
Bayesian tracking is commonly defined in terms of a process model f and a 
measurement model h, distorted by i.i.d. noise v and n

way to represent densities in tracking are Gaussian mixtures (e.g. [10]) and models

based on mixtures can be learned using the EM algorithm, cf. [11], although the latter

method is restricted to uni-modal cases (Kalman filter) and therefore disregarded.

A vision-specific problem in tracking is the associations of observations and ob-

jects, in particular in multiple object tracking [12]. Standard solutions are probabilistic

multiple-hypothesis tracking (PMHT) [13] and the probabilistic data association filter

(PDAF) [14]. Thus, in our experiments, we have been comparing our approach to a

combination of PMHT and a set of Kalman filters, based on an implementation of [15]

and [16], and our own implementation of PDAF.

The main novelties of this paper compared to the approach of CBT as defined in [1]

is: 1: The multi-dimensional state-space is embedded in a probabilistic formulation

(previous work only considered a 1D state and just concatenated channel vectors, lead-

ing to sums of densities). 2: The higher-order Markov model for the CBT is embedded

into a first order model. This allows to use the Baum-Welch algorithm to learn models

from datasets without known associations. 3: The Baum-Welch algorithm has been

adapted to using channels. 4: The tracking is applied for visual tracking among multi-

ple objects in a moving camera, and compared to PMHT and PDAF.

1.2 Organization of the Paper

After the introduction, the methods required for further reading are introduced: Bayesian

tracking, channel representations of densities, and CBT. The novelties of this paper are

covered in Section 3: First, probabilistic multi-dimensional formulations for CBT are

considered. Second, the CBT method is extended to embed the higher-order Markov

model into a first order model and we show that it is sufficient to use the marginals

of a higher-order Markov model to track multiple objects. Third, we adapt the Baum-

Welch algorithm to the CBT formulation. Fourth, we provide empirical evidence that

correspondence-free learning works with the Baum-Welch algorithm applied to the

first-order model embedding. In section 4, the whole algorithm is evaluated on image

sequences acquired from a RC car. In section 5 we discuss the achieved results.

2 Channel-Based Bayesian Tracking

Channel-based tracking (CBT) is a generalization of grid-based methods for imple-

menting non-linear, non-Gaussian Bayesian tracking. Hence we give a brief overview

on Bayesian tracking and channel representations before we describe CBT. The mate-

rial of this section summarizes the material from [1].

2.1 Bayesian Tracking

For the introduction of concepts from Bayesian tracking we adopt the notation from [2].

Bayesian tracking is commonly defined in terms of a process model f and a measure-

ment model h, distorted by i.i.d. noise v and n

xk = fk(xk−1,vk−1) , zk = hk(xk,nk) . (1)

3

The symbol xk denotes the system state at time k and zk denotes the observation at 
time k. The current state is estimated by alternating between making predictions 

MP

In grid-based methods the densities are replaced with histograms. Which in a signal 
theoretic formulation can be written as

Using the grid-based formulation means that (2) and (4) can be rewritten as below, 
were the conditional densities are replace with linear mappings f and h

4

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

p(xk|z1:k−1) =

�
p(xk|xk−1)p(xk−1|z1:k−1) dxk−1 . (3)

Taking into account the new measurement, the prediction is updated through

p(xk|z1:k) =
p(zk|xk)p(xk|z1:k−1)�

p(zk|xk)p(xk|z1:k−1) dxk
. (4)

In the case of non-linear problems with multi-modal densities, basically two

relevant approaches for implementing (3) and (4) are known: The particle filter

and grid-based methods. Particle filters are considered superior to grid-based

methods concerning accuracy [3].

Particle filter methods apply Monte Carlo simulation for approximating the

relevant densities, and the crucial step is the re-sampling of particles from the

previous estimates in order to avoid degeneracy and loss of diversity. Cumulative

histograms are required for the re-sampling step [4], and in case of many particles

and high-dimensional spaces, the method suffers from the computational burden.

Grid-based methods assume a discrete state space such that the densities are

approximated with histograms. Thus, conditional probabilities of state transi-

tions are replaced with linear mappings. In contrast to [3] where densities were

formulated using Dirac distributions weighted with discrete probabilities, we

assume band-limited densities and apply sampling theory. However, the final

equations for grid-based tracking and the model assumptions remain the same.

For the remainder of this section, sampling is meant in the signal processing

sense and not in its meaning as a stochastic sampling. Sampling the posterior of

the previous time step gives us

wi
k−1|k−1 � p(xk−1|z1:k−1) ∗ δ(xi − xk−1) (5)

where ∗ denotes convolution and δ(xi −x) is the Dirac impulse at xi
. Note that

the sampling itself is time independent. Accordingly, the sampled prior pdf at

time k and the sampled posterior at time k are obtained as

wi
k|k−1 � p(xk|z1:k−1) ∗ δ(xi − xk) (6)

wi
k|k � p(xk|z1:k) ∗ δ(xi − xk) . (7)

Plugging (5) and (3) into (6) and applying the power theorem gives us

wi
k|k−1 =

�
p(xk|xk−1)p(xk−1|z1:k−1) dxk−1 ∗ δ(xi − xk) =

�

j

f ij
k wj

k−1|k−1 (8)

where f ij
k = p(xk|xk−1) ∗ δ(xi − xk) ∗ δ(xj − xk−1). (9)

Accordingly, plugging (6) and (4) into (7) gives us

wi
k|k =

p(zk|xk)p(xk|z1:k−1) ∗ δ(xi − xk)�
p(zk|xk)p(xk|z1:k−1) dxk

=

hi
k(zk)wi

k|k−1�
j hj

k(zk)wj
k|k−1

(10)

where hi
k(zk) = p(zk|xk) ∗ δ(xi − xk). (11)
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assume band-limited densities and apply sampling theory. However, the final

equations for grid-based tracking and the model assumptions remain the same.

For the remainder of this section, sampling is meant in the signal processing

sense and not in its meaning as a stochastic sampling. Sampling the posterior of

the previous time step gives us

wi
k−1|k−1 � p(xk−1|z1:k−1) ∗ δ(xi − xk−1) (5)

where ∗ denotes convolution and δ(xi −x) is the Dirac impulse at xi
. Note that

the sampling itself is time independent. Accordingly, the sampled prior pdf at

time k and the sampled posterior at time k are obtained as

wi
k|k−1 � p(xk|z1:k−1) ∗ δ(xi − xk) (6)

wi
k|k � p(xk|z1:k) ∗ δ(xi − xk) . (7)

Plugging (5) and (3) into (6) and applying the power theorem gives us

wi
k|k−1 =

�
p(xk|xk−1)p(xk−1|z1:k−1) dxk−1 ∗ δ(xi − xk) =

�

j

f ij
k wj

k−1|k−1 (8)

where f ij
k = p(xk|xk−1) ∗ δ(xi − xk) ∗ δ(xj − xk−1). (9)

Accordingly, plugging (6) and (4) into (7) gives us

wi
k|k =

p(zk|xk)p(xk|z1:k−1) ∗ δ(xi − xk)�
p(zk|xk)p(xk|z1:k−1) dxk

=

hi
k(zk)wi

k|k−1�
j hj

k(zk)wj
k|k−1

(10)

where hi
k(zk) = p(zk|xk) ∗ δ(xi − xk). (11)

(7)
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Note that (8) and (10) are exactly the same equations as in the formulation of

grid-based methods in [3], except for change of notation. Re-writing grid-based

methods in terms of the sampling theorem allows us to analyze approximation

errors more systematically. Grid-based methods require the more samples the

higher the upper band limit of the pdf, i.e., the wider the characteristic function

ϕx(t) = E{exp(itT x)}. Furthermore, the sampling-based formulation makes it

easier to switch to other sampling schemes than the ordinary impulse sampling.

2.2 Channel Representations of Densities

The channel representation [7, 17] can be considered as a way of sampling con-

tinuous functions or, alternatively, as histograms where the bins are replaced

with smooth, overlapping basis functions, see e.g. [18].

Consider a density function p(x) as a continuous signal that is sampled with

a smooth basis function, e.g., a B-spline. It is important to realize here that the

sampling takes place in the dimensions of the stochastic variables, not along the

time axis k. Sampling is meant in the signal processing sense, not in its meaning

as a stochastic sampling. It has been shown in the literature that an averaging

of a stochastic variable in channel representation is equivalent to the sampled

kernel density estimator with the channel function as kernel function [12]. For

the purpose of Bayesian tracking, we replace the sampled densities (5) – (7) with

wi
k1|k2

� p(xk1 |z1:k2) ∗ b(xi − xk1) (12)

where b(x) is a channel basis function. For the remainder of this paper it is

chosen as [19]

b(x) � 2a

π

��
n cos

2
(axn) |xn| < π

2a

0 otherwise.
(13)

Here a determines the relative width, i.e., the sampling density. According to [12],

the channel representation reduces the quantization effect compared to ordinary

histograms by a factor of up to 20. Switching from histograms to channels thus

allows us to reduce computational load by using fewer bins, to increase the

accuracy for the same number of bins, or both at the same time. In theory, the

reduction of bins is limited by the upper band limit of the density function, but

in practice the number of drawn samples (in a stochastic sense now) is often

much too low anyway and regularization becomes necessary.

For performing maximum likelihood or MAP estimation using channels, a

suitable algorithm for extracting the maximum of the represented distribution

is required. For cos
2
-channels with a spacing of

π
3a , an optimal algorithm in

least-squares sense is obtained in the one-dimensional case as [19]

x̂k1 = l +
1

2a
arg




l+2�

j=l

wj
k1|k1

exp(i2a(j − l))



 . (14)

N -dimensional decoding is obtained by local marginalization in a window of size

3
N

and subsequent decoding of the N marginals. The index l of the decoding

window is chosen using the maximum sum of a consecutive triplet of coefficients.

(9)

Channel-Based Tracking
Channel-based tracking is defined by replacing the sampled densities (4)-(6) with

Where b(x) is the channel basis function (8). What remains is to learn the linear 
mappings in (7). It has been shown that correspondence-free learning on channel 
representations is equal to stochastic gradient descent on the learning problem 
with correspondences [3]. 

Fig. 1. Two consecutive frames from the first RC car (rightmost box) sequence with detections 
(boxes).
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Experiment 2
The second experiment was conducted with a RC car, see Fig. 1. We evaluated 
CBT in comparison to PMHT and PDAF on two sequences. We trained CBT on 
one of the sequences and evaluated on the other.

10 Michael Felsberg and Fredrik Larsson

parts of the trajectories. The PMHT implementation is based on the implementation
2

of [15] and [16]. For the PDAF method, we also obtained the most stable results with the

model described above. We computed the weights of each measurement as the probabil-

ities for the respective measurement given the prediction based on previous timesteps.

For the CBT method, we chose 20 channels per state vector dimension and a model of

order 3.

After some optimization, all three methods delivered reasonable trajectories in all

test cases. However, for PMHT and PDAF the association of detections to the correct

object sometimes failed, e.g., for PMHT around frame 80 in RC1 and for PDAF around

frame 150 in RC1. Figure 2 shows the obtained result for this sequence. The initial

detections are indicated as red crosses, and the obtained results as blue curves. The

accuracy of PMHT is very good in all segments. However, spurious trajectories had

previously been removed by thresholding the length of the trajectories. PDAF shows

slightly worse accuracy but on the other hand suffers less from completely loosing track

of the object. Notice that CBT does not loose track of the object at all and also shows

the best average accuracy in most cases.

The root mean squared error (RMSE) for the three methods compared to manually

labeled ground truth are shown in table 1. In order to make the comparison fair for

PMHT, which is designed to track multiple objects instead of a single object in clutter,

we always choose the reported object that is closest to the ground truth. This means that

we ignore each time PMHT looses track of the object, as long as it reintroduces a new

object at the correct position. We also have included the performance of the pure detec-

tor in the last column. For the detector we used the most likely measurement, given by

the log-likelihood, when there were multiple reported detections. All results are shown

for three different outlier rejection strategies; no rejection, rejection for outliers larger

than 20 and larger than 5. We can see that the performance of PMHT is slightly better

than CBT when we almost disregard outliers, see RCX(5). CBT is performing best when

we put some weight to outliers, RCX(20), and there is an even greater difference when

no thresholding is done, c.f. RCX(∞). Note that when no target is reported at all, e.g.

PMHT frame 350 in RC1, that frame did not contribute to the RMSE for that method.

The CBT kept track of the car in front in nearly all cases, until it got out of view. No

association problems occurred. Again, the estimates are very accurate in comparison to

the localization of the original detections and in comparision to the other two methods.

2 http://www.anc.ed.ac.uk/demos/tracker/

Table 1. The RMSE of each method compared to manually labeled ground truth. The number in

the paranthesises denotes the maximum deviation that was used. If the actual deviation was larger

it was replaced with this value.

CBT PMHT PDAF Detector CBT PMHT PDAF Detector

RC1 (∞) 7.3 13.1 18.4 40.43 RC2 (∞) 6.7 15.6 23.3 42.72

RC1 (20) 6.6 8.9 9.1 10.54 RC2 (20) 6.5 7.1 8.5 10.58

RC1 (5) 3.9 3.2 4.0 4.17 RC2 (5) 3.9 3.5 3.9 4.23

Table 2.The RMSE of each method compared to manually labeled ground truth. The number in 
the parenthesizes denotes the maximum deviation that was used. 

Conclusions
Channel Based Tracking combines advantages of grid-based methods (fully 
learnable) and high accuracy (from channel representation). CBT performs as 
accurately as particle filter methods with the additional advantage that the 
prediction and update steps can be learned from empirical data. 

and incorporating new measurements

The symbol xk denotes the system state at time k and zk denotes the observation made
at time k. Both models are in general non-linear and time-dependent.

The current state is estimated in two steps. First, given the posterior density of the
previous state and all previous observations are known and assuming a Markov process
of order one, the prior density of the current state is estimated in the time update as

p(xk|z1:k−1) =

�
p(xk|xk−1)p(xk−1|z1:k−1) dxk−1 . (2)

Second, the posterior is obtained from the measurement update as

p(xk|z1:k) = p(zk|xk)p(xk|z1:k−1)
��

p(zk|xk)p(xk|z1:k−1) dxk . (3)

In the case of non-linear problems with multi-modal densities, two approaches for
implementing (2) and (3) are commonly used: The particle filter and the grid-based
method. Since CBT is a generalization of the grid-based method, we focus on the latter.
Grid-based methods assume a discrete state space such that the continuous densities
are approximated with histograms. Thus, conditional probabilities of state transitions
are replaced with linear mappings. In contrast to [2] where densities were formulated
using Dirac distributions weighted with discrete probabilities, we assume band-limited
densities and apply sampling theory, since this is more consistent with the formulation
of CBT. Sampling the densities p(xk1 |z1:k2) gives us

wi
k1|k2

� p(xk1 |z1:k2) ∗ δ(xi − xk2) k1, k2 ∈ {k − 1, k} (4)

where ∗ denotes convolution and δ(xi − x) is the Dirac impulse at xi. Combining (2)
and (4) and applying the power theorem gives us

wi
k|k−1 =

�
j
f ij
k wj

k−1|k−1 (5)

where f ij
k = p(xk|xk−1) ∗ δ(xi − xk) ∗ δ(xj − xk−1). Accordingly, combining (3)

and (4) results in

wi
k|k = hi

k(zk)w
i
k|k−1

��
j
hj
k(zk)w

j
k|k−1 (6)

where hi
k(zk) = p(zk|xk)∗ δ(xi−xk). Grid-based methods require the more samples

the higher the upper band limit of the pdf, i.e., the wider the characteristic function
ϕx(t) = E{exp(itTx)}.

2.2 Channel Representations of Densities
The channel representation [5, 17] can be considered as a way of sampling continu-
ous densities or, alternatively, as histograms where the bins are replaced with smooth,
overlapping basis functions b(x), see e.g. [18]. Consider a density function p(x) as a
continuous signal that is sampled with a smooth basis function, e.g., a B-spline. It is im-
portant to realize here that the sampling takes place in the dimensions of the stochastic
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Assumptions:
• Non-linear process and measurement models
• Multi-modal distributions
• Non-Gaussian noise

Requirement:
• Possible to learn the 
process and measurement 
models from data

Solution:
• Grid-based methods

Gives 20 times better accuracy 
than ordinary histograms

!

orientation

(1)

Experiment 1
We used the commonly used Carlinʼs experiment to compare CBT to a number of 
state of the art algorithms for Bayesian tracking in paper [1]. All methods except 
from CBT had access to the true process and measurement models.

Table 1.RMSE obtained on Carlinʼs experiment. Our method is third in performance even though 
we do not model the system or measurement model.
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Fig. 1. The true (solid line) and estimated state (dashed line) for the Carlin’s experi-

ment.

for a few instances, e.g. k = 23, the estimated state seems to be mirrored in x = 0.
This can be explained by the measurement function. From the measurement
function alone, there is no way to tell if we are in −x or +x.

A comparison with the results in [3] is shown in table 1. The RMSE presented
for our method was obtained with a second order model using 12 cos2-channels
for both the observation and state space. We trained our method on 100 sets
and performed 100 evaluation runs. It should be noted that we did model the
additive time dependent component of the system, i.e. the cos(1.2k) term, since
it does not comply with the stationary assumption needed for learning. However,
we did learn the remaining components of the system model as well as the full
observation model. The likelihood particle filter performs best. It should be noted
that the test scenario is heavily biased toward the particle filters, since the only
unknown components for the particle filters are the different noise components,
while the system and the measurement model are fully known, which in a real
world scenario must be considered unrealistic due to model errors. Our results
incorporate system model and measurement model errors as well as noise errors.
Despite these facts, we still manage to produce competitive result.

Table 1. RMSE obtained on Carlin’s experiment. Our method is third in performance

even though we do not model the system or measurement model. All results except for

CBT (12 channels) were taken from [3] (50 particles and 50 grid points).

Algorithm RMSE

Extended Kalman filter 23.19

Approximate grid-Based Filter 6.09

Regularized Particle filter 5.55

SIR Particle filter 5.54

Channel Based Tracking 5.43
Auxiliary Particle filter 5.35

Likelihood Particle filter 5.30

Learning F

Initialize:

Baum-Welch:
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For performing maximum likelihood or maximum a posteriori (MAP) estimation
using channels, a suitable algorithm for extracting the maximum of the represented
distribution is required. For cos2-channels with a spacing of π

3a , an optimal algorithm
in least-squares sense is obtained in the one-dimensional case as [19]

x̂k1 = l +
1
2a

arg
� l+2�

j=l

wj
k1|k1

exp(i2a(j − l))
�
. (8)

N -dimensional decoding is obtained by local marginalization in a window of size
3N and subsequent decoding of the N marginals. The index l of the decoding win-
dow is chosen using the maximum sum of a consecutive triplet of coefficients: l =
arg maxj(wj

k1|k1
+ wj+1

k1|k1
+ wj+2

k1|k1
).

2.3 Channel-Based Tracking

Channel-based tracking (CBT) is defined by replacing the sampled densities (4) with

wi
k1|k2

� p(xk1 |z1:k2) ∗ b(xi − xk1) (9)

where b(x) is the channel basis function (7). The power theorem which has been used
to derive (5) and (6) does not hold in general if we sample with channels instead of
impulses, because some high-frequency content might be removed. However, if the
densities are band-limited from the start, the regularization by the channel basis func-
tions removes no or only little high-frequency content and (5) and (6) can be applied
for the channel-based density representations as well.

For what follows, the coefficients of (5) are summarized in the matrix Fk = {f ij
k }

and the coefficients of (6) are summarized in the vector-valued function hk(zk) =
{hj

k(zk)}. Both operators can be learned from a set of training data if both remain
stationary and we remove the time index k (not from zk though): F and h(zk). The
prior and posterior densities are now obtained by

wk|k−1 = Fwk−1|k−1 , wk|k = h(zk) · wk|k−1

�
hT (zk)wk|k−1 , (10)

where · is the element-wise product, i.e., the enumerator remains a vector.
In [1] the system model f is learned by estimating the matrix F from the covariance

of the state channel vector. Since the model matrix corresponds to the conditional pdf
and not to the joint pdf, the covariance is normalized with the marginal distribution for
the previous state (see also [21], plugging (3.3) into (2.7))

F̂ =
Kmax�

k=1

wk|kwT
k−1|k−1

�
1

Kmax�

k=1

wT
k−1|k−1 (11)

where 1 denotes a one-vector of suitable size and the quotient is evaluated point-wise.
For the initial time step, no posterior of the previous state is available and the time
update cannot be computed using the model matrix above. Instead, the empirical distri-
bution for the initial state is stored and used as w0|0.

αk = wk|k βk = (FT (h(zk+1) · βk+1))T
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In its initial formulation, the Baum-Welch algorithm is supposed to work on discrete

state spaces. It can thus be applied to grid-based methods, but it has to be modified ac-

cording to Sect. 3.1 for being applicable to channel vectors. Hence, all products of den-

sities occurring in the Baum-Welch algorithm are replaced with square-root products

of channel vectors. The α-factor from the algorithm is identical to the update equations

(10) (αk = wk|k), which are modified accordingly. The β-factor from the algorithm is

computed by propagating backwards through the measurement model and the system

model

βk = (FT (h(zk+1) · βk+1))T
(17)

where · denotes the element-wise product. Again, all products are replaced with square-

root products in the case of channels.

The computation for the system model update is straightforward, given that the

factors α and β are known

F← 1
N

�

k

βk+1 · h(zk+1) · (Fαk) (18)

for a suitable normalization N . The measurement model is implemented as a mapping

to measurement channels, i.e.a matrix as well, and it is updated as

h(z)← 1
N

�

k

zk(αk · βk) . (19)

In the tracking evaluation, the β-factor has not been used, due to its anti-causal compu-

tation.

3.4 Correspondence-Free Learning

It has been shown that certain types of learning algorithms on channel representations

do not require element-wise correspondence for learning and that learning becomes

even faster if sets of samples are shown simultaneously [7]. This scenario is exactly

the one that we meet when we try to learn associations of observations and objects:

Detections might fail or might be irrelevant. Consider e.g. Fig. 1 for the type of learn-

ing problem that we face: We get detection results without correspondence, including

drop-outs, outliers, and displacements. From these detections we train a system model

and a measurement model. Using these models, we track individual cars through the

sequence.

The correspondence-free learning has been shown in [7] by proving equivalence to

a stochastic gradient descent on the learning problem with correspondence. The cen-

tral question here is, whether the Baum-Welch algorithm will lead to a similar result,

i.e., whether the expectation of the algorithm will be the solution of the learning prob-

lem with correspondence. We will not give a formal proof here, but in the subsequent

section, we will give empirical evidence that this is the case.

The Baum-Welch algorithm is initialized with the covariance-based estimates that

were used in [1]. In our experiments, the algorithm had always converged after four

iterations. The fact that the algorithm found a model capable of tracking an individual

(10)

(11)

(12)


