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Abstract – In most multi-target tracking algorithms
it is assumed that the movements of the targets are
statistically independent of each other. This assump-
tion may lead to predictions which are not possible due
to physical exclusions. Instead of integrating the de-
pendence between the objects directly into the tracking
module, we propose to handle scenarios with interac-
tions between the tracked object and other objects by
adapting the uncertainty about the state of the object.
The adaption is based on occupancy grids and reduces
the uncertainty without endangering the consistency of
the tracking filter.

Keywords: Tracking, filtering, estimation, data asso-
ciation, extended objects.

1 Introduction
Most multi-target tracking algorithms like e.g. Multi
Hypothesis Tracking (MHT)[1] or Joint Integrated
Probabilistic Data Association (JIPDA)[2] use several
single-target filters in order to track more than one tar-
get. Due to the use of single-target filters, a data as-
sociation algorithm is necessary to assign the received
measurements to existing tracks. In MHT a track hy-
pothesis is created for every possible assignment be-
tween measurements and tracks. In order to keep the
approach computationally tractable, a pruning proce-
dure is necessary. JIPDA uses a probabilistic data as-
sociation method which depends amongst others on the
spatial measurement likelihood of the sensor. A possi-
bility to avoid the data association problem could be
the use of the Random Finite Set filter proposed by R.
Mahler [6].

In scenarios with high object density this data associ-
ation is one of the most challenging tasks due to ambi-
guity. The complexity of the data association depends
on the process noise that is used in the prediction step
of the filter, but in order to avoid inconsistency of the
filter it is not recommended to choose a lower process
noise in general.

An aspect which is often neglected in multi-target
tracking is the influence of other objects in the envi-
ronment on an object of interest. Thus, it is assumed
that all targets move statistically independent of each
other. Fig. 1 shows that it is possible to get physi-
cally impossible predictions of an objects state during
occlusions, if we neglect the information about the en-
vironment.

Figure 1: Standard prediction vs. expected prediction:
constant velocity prediction is shown by a dashed line,
solid line shows the prediction we would expect taking
the obstacles into account. The gray colored area is
occluded due to a static obstacle for the sensor located
at the bottom left.

In this contribution an approach to integrate the so-
cial force model [5] into the prediction of occluded ob-
jects is introduced. This social force grid model repre-
sents the influence of static objects in the environment
and is used to avoid physically impossible predictions.
Further, the social force grid approach is extended in
order to adapt the uncertainties about the state of the
objects to the environmental constraints. The adapted
uncertainties are only used for the data association,
we do not change the uncertainties of the filter itself.



Amongst others, the social force grid is used to adapt
the uncertainty to the environment by applying physi-
cal exclusions.

This contribution is organized as follows: First, the
scenario and the sensor setup are introduced in section
2. Then, the social force grid and a prediction method
based on this grid are introduced. In section 4 the new
approach to adapt the uncertainty about the state of
an object to the current environment is presented. The
prediction of the adapted uncertainty to the next time
step is introduced in section 5. Finally, tracking results
are shown in section 6 to illustrate the gain which can
be achieved by using the proposed approaches.

2 Scenario and Sensor Setup
In our demonstration scenario, a large room with a high
pedestrian density is expected. Two laser range scan-
ners are used to observe the room. Both scanners have
a horizontal opening angle of 110◦ and an angular res-
olution of 0.25◦ and they are located in two corners of
the room.

Due to the high density it is very likely that pedestri-
ans are closely spaced, partly occluded or fully occluded
for several measurement cycles. During occlusions the
uncertainty about the state of a pedestrian is increas-
ing with the number of measurement cycles where we
do not have a measurement to update the pedestrians
state. In Figure 2 the black circle illustrates the 3 σ
bound of the uncertainty about the state of the oc-
cluded pedestrian a if we neglect environmental con-
straints. Depending on the data association method,
it can be possible that the measurement of the yellow
colored pedestrian b is associated to the track of the
occluded person. In order to avoid an incorrect data
association independent of the data association algo-
rithm, it is necessary to integrate the environment into
the state uncertainty. The blue dashed line shows the
expected uncertainty of the state by taking the envi-
ronment into account.

3 Social Force Grid

3.1 Social Force Model

In simulations for evacuation scenarios models repre-
senting the influence of the environment on individual
pedestrians are used. One of these models is the Social
Force model introduced by Helbing et. al [5] which is
inspired by fluid dynamics. The social force model as-
sumes that all objects around a person cause either at-
tracting or repulsive forces. Further, it is assumed that
there exists a destination point which the pedestrian
wants to reach on the shortest path without collisions.
A drawback of this model is that the force vectors may
cancel out each other. Further, weighting the influence
of the forces on the current moving direction is very
critical.

Figure 2: Standard uncertainty vs. expected uncer-
tainty: uncertainty without environment adaption is
shown by the black circle, the blue dashed line shows
the expected uncertainty of the state of pedestrian a.

Pellegrini et al. [3] proposed an extension of the
social force model. They do not apply the forces di-
rectly to the motion vector of the pedestrian, but use
the predicted point of closest approach for the driving
force. This procedure corresponds to the anticipatory
movement of pedestrians because the reaction to avoid
a possible collision can be initiated earlier with this ap-
proach. The LTA model is mainly focused on the inter-
action between pedestrians. Pelligrini et al. compared
the performance of their LTA model amongst others
with the constant velocity model. Especially for scenar-
ios with interacting people and short-time occlusions,
the LTA model performs considerably better.

3.2 Social Force Grid

In order to be able to represent the influence of static
objects independent of their shape, an occupancy grid
is used in the proposed social force grid to represent the
environment. Thus, even very complex shapes are easy
to handle since we do not need to extract the shape.
The repulsive forces of static objects can be modeled
by an exponential function. Hence, we convolve the
occupancy grid with a Gaussian kernel in order to in-
clude the forces. The grid cells of the occupancy grid,
which are not observable, have to be declared as free
space before the convolution is performed. Finally, we
have to include the extension of the pedestrians into the
grid. In order to reduce the computational costs it is
expected that all pedestrians have the same size. The
size of the pedestrians can be integrated into the grid
by another convolution with a kernel that represents
the size of a pedestrian.

In Fig. 3 the social force grid is shown. The center
of the pedestrian may not be located at grid cells with
a value of one due to physical exclusions. This social



force grid correponds to the environment shown in Fig.
1.
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Figure 3: Social force grid calculated by the convolu-
tion of an occupancy grid representing the static objects
shown in Figure 1 with a kernel representing the forces
and the size of the pedestrian.

3.3 Prediction of Objects Using the So-
cial Force Grid

The derived social force grid can be used to improve
the prediction of occluded objects. The grid based pre-
diction is done in the following way: if a pedestrian en-
ters the occlusion area e.g. at position (x, y) = (50, 62)
with a velocity vector pointing in positive x direction,
we predict the position of the pedestrian for n timesteps
into the future according to Fig. 4. Since pedestrians

Figure 4: Path finding

normally try to reach their destination on the shortest
path, they prefer to go straight on. Thus, the direc-
tions are weighted with a factor which represents this
behavior. The behavior is modeled by the weights

w(∆φ) =
(

1 + cos(∆φ)
2

)α

(1)

where α is a parameter for the peakiness of the function
and ∆φ is the difference between the estimated motion

vector and the prediction. In our experiments, the best
results are achieved with the parameter α = 4. This
function is similar to the one used in [3] to represent
the influence of other objects on the movement of a
pedestrian depending on the angle between the moving
direction and the relative object position.

For each of the directions ∆φ a cost function

J(∆φ) =
1

w(∆φ)
·

n∑
i=1

g(xk+i|k+i−1(∆φ)) (2)

is evaluated where g(xk+i|k+i−1(∆φ)) is the value of
the social force grid at the grid cell corresponding to
the predicted states xk+i|k+i−1(∆φ) for the angle ∆φ.
Further, the cost function is weighted with 1

w(∆φ) . Be-
cause

w(∆φ) < 1 ∀ ∆φ ∈
[
−π

2
,
π

2

]
\ 0, (3)

a change of the current moving direction leads to a
multiplication of the costs with a factor greater than
one. Finally, the most likely moving direction ∆φmax

is found by searching the minimum of J(∆φ) for all ∆φ.
Because no measurement which belongs to the pre-

dicted object has been received and the behavior of the
pedestrian and the prediction using the social force grid
can be contradictory, the innovation step of the tracking
filter is not calculated. Thus, the uncertainty about the
objects position is increasing in the same way as if we
would use the standard constant velocity (CV) model
but the predicted position is different.

4 Adapting Uncertainty to Envi-
ronmental Constraints

Using a Kalman filter, the uncertainty about the pre-
dicted position of an object is represented by the co-
variance matrix of a Gaussian distribution. Thus, the
uncertainty can be adapted by weighting the probabil-
ity density function (pdf) of the multivariate Gaussian
distribution.

In order to adapt the uncertainty of the predicted
state of an pedestrian, several aspects have to be taken
into account: the possible locations of the pedestrian
due to static objects, the spatial detection probability
of the sensor(s), the possible re-appearance positions,
and the positions of other pedestrians. Depending on
the current situation, we do not have to consider all
of these aspects, e.g. the spatial detection probability
and the re-appearance positions are only necessary for
occluded pedestrians.

The influence of static objects can be modeled by
the social force grid presented in the previous section.
Thus, for every grid cell ci the probability that the cen-
ter of the object may be located in the cell is given
by

ps(ci) = 1 − g(ci) (4)



where g(ci) is the value of the social force grid of cell
ci.

The spatial detection probability can be calculated
by the measurement grid which is used to calculate the
occupancy grid. Each cell of the measurement grid is
initialized with the value 0.5. The value of all cells
between the location of the sensor and a measurement,
which are assumed to be free space, are decreased while
the value of cells which contain measurements are in-
creased. Thus, all grid cells which can not be observed
by the sensor remain at the initialization value. Conse-
quently, the binary spatial detection probability is given
by

pd(ci) =

{
1 x �= 0.5
0 x = 0.5

(5)

In Fig. 5 the grid map representing the detection prob-
ability is shown.
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Figure 5: Grid map representing the detection proba-
bilities. White colored grid cells are observable for the
sensor located at (0, 0), gray colored cells are occluded
due to objects between sensor and the grid cell.

By using the spatial detection probability and the so-
cial force grid, we can limit the uncertainty to the oc-
cluded area and the possible locations. In order to be
able to represent the case that a pedestrian re-appears,
this area has to be extended. Therefore, a grid which
represents the possible re-appearance locations is used.
Since the scan points are ordered by angle, possible
re-appearance locations are given by the line between
two succeeding points whose radial distance exceeds a
threshold. Depending on the measurement rate, we
have to extend the re-appearance area a certain dis-
tance into the observable area of our sensor. Further,
the distance has to depend on the detection probabil-

ity of the sensor. This extension can be approximated
by a convolution of the grid containing the lines with a
kernel function, e.g. a Gaussian kernel. In Fig. 6 the
re-appearance map for our example is shown.
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Figure 6: Grid map which represents the re-appearance
areas for the occluded pedestrian.

Next, we need a further grid map which represents
other pedestrians in the environment. In order to rep-
resent them, we use an approach similar to the one
presented in [7]. The extension of an object can be
incorporated by convolving the uncertainty about the
position of a point target with a two dimensional ellip-
tical kernel function Eφ(Li, Wi) which may be rotated
by an angle φ. The lenght Li and width Wi correspond
to the principle axes of the ellipse. Thus, the extended
object occupancy likelihood (EOOL) of each pedestrian
is represented by

Di(s) =
(N (s, x̂i,Pi)k|k · p(∃xi)

) ∗ Eφ(Li, Wi), (6)

where ∗ denotes the two dimensional convolution.
N (s, x̂i,Pi)k|k is the Gaussian distribution of the un-
certainty about the position of the point target and
p(∃xi) is the existence probability of the track. The
EOOL is also approximated by a grid. Since the EOOLs
of several pedestrians are not independent of each other,
we approximate the resulting EOOL by

pped(ci) = max
j

(Dj(ci)) (7)

In Fig. 7 a grid map representing three pedestrians is
shown. The pedestrians have different sizes, different
state uncertainties, and existence probabilities.

Finally, we have to combine the information of all
grids to be able to adapt the uncertainty about the
position of the object. The adapted uncertainty for an
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Figure 7: Extended object occupancy likelihood of
three pedestrians with different state uncertainty and
existence probability.

occluded pedestrian is calculated by

u(ci) = f(ci) ·ps(ci) · sgn(pd(ci)+pr(ci)) · (1−pped(ci))
(8)

where f(ci) is the discretized Gaussian distribution rep-
resenting the uncertainty about the state of the object
and pr(ci) is the value of the re-appearance grid at grid
cell ci.

In Fig. 8 the grid map to adapt the uncertainty about
the state of a pedestrian is shown prior to the multipli-
cation with the Gaussian distribution f(ci). Further,
the influence of other pedestrians in the environment
is neglected in this figure. We observe that the adap-
tion grid map looks similar to the uncertainty which is
expected if we take the environment into account (see
Fig. 2).

5 Prediction of the Adapted Un-
certainty

In the constant velocity model with state vector x =
(x, ẋ, y, ẏ) the a priori state is calculated by

xk+1|k =

⎡
⎢⎢⎣
1 T 0 0
0 1 0 0
0 0 1 T
0 0 0 1

⎤
⎥⎥⎦

︸ ︷︷ ︸
F

·xk|k, (9)

and the a priori covariance of the estimation is given by

Pk+1|k = F ·Pk|k · FT + Q, (10)

where Q is the process noise of the motion model.
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Figure 8: Adaption grid map to weight the state uncer-
tainty of the occluded pedestrian. Other pedestrians in
the environment are neglected here.

If the a priori covariance of the estimation is very high
due to several missed detections, the presented adap-
tion method may not deliver correct results by adapt-
ing the a priori covariance directly. Thus, a prediction
of the adapted uncertainty to the next time step has to
be performed.

Due to the adaption, the uncertainty is not Gaus-
sian any more. Thus, another possiblity to predict the
uncertainty is necessary. The first possibility is to ap-
proximate the adapted uncertainty with a Gaussian dis-
tribution which can e.g. be calculated by using the
EM-Algorithm [8].

Depending on the shape of the adapted uncertainty,
this approximation might be quite inaccurate. Thus,
we propose to perform the prediction directly with the
grid. Anyway, the prediction of the adapted uncer-
tainty has to be done according to (10). The additional
uncertainty we get by predicting the state is given by

QF = Pk+1|k − Pk|k. (11)

Since the convolution of two Gaussian distributions

g1(x) =
1√

2πσ1

e
− (x−µ1)2

σ2
1 (12)

and

g2(x) =
1√

2πσ2

e
− (x−µ2)2

σ2
2 (13)

with each other leads to

h(x) = g1(x) ∗ g2(x) =
1√
2πσ

e−
(x−µ)2

σ2 (14)



with

µ = µ1 + µ2 (15)
σ2 = σ2

1 + σ2
2 , (16)

we can represent the prediction by a convolution with
a Gaussian kernel with mean value µ = xk+1|k − xk|k
and covariance Σ = QF . Since we use only a two di-
mensional grid map, only the components representing
the position are used for the convolution.

6 Results
The presented methods to improve the prediction and
adapt the uncertainty are compared to a standard
Kalman filter in this section. We use real sensor data
of a scenario similar to the one shown in Fig. 2 in
this section. Due to the occlusion, some parts of the
wall at x ≈ 3.6 are not visible in the figures. A stan-
dard constant velocity Kalman filter is used to track
the pedestrian while it is not occluded. If the pedes-
trian enters the occlusion, the prediction of the state of
the pedestrian is calculated using the social force grid.
Further, the grid map to adapt the uncertainty is only
calculated during occlusions. The grid map is only used
to simplify the data association, it does not change the
state covariance of the tracker.

In Fig. 9 the predicted states of a pedestrian are
shown for a standard CV tracking filter and a filter
using the social force grid method. We observe that
the CV filter predicts the pedestrian straight on while
the social force grid method initiates the pedestrian to
turn left. Although the pedestrian is only occluded for
less than one second, we observe that the re-appearing
pedestrian is outside the 3 σ gate of the constant veloc-
ity tracker. On the other hand, the predicted position
of the pedestrian very close to the predicted position
based on the social force grid.

In the following the normalized innovation squared
(NIS) error [9] is used to evaluate the performance of
the prediction using a social force grid. The NIS is
calculated by

ε(k) =
[
zk − ẑk|k−1

]T · S−1
k

[
zk − ẑk|k−1

]
(17)

Since the NIS value is defined as the residual between
measurement and estimated position we can not calcu-
late it if we do not receive a measurement. Therefore,
we set the NIS value to minus one in this case. In Fig.
10 we observe that the NIS value of the tracker using
the social force grid is much smaller than the value of
the one using the constant velocity model at the mea-
surement steps no. 304 and 360 where the pedestrian
re-appears after occlusions for about 10 measurement
cycles (i.e. 800ms). Further, due to the smaller NIS
error at the re-appearance time of the pedestrian, the
error of the social force grid method is also smaller for
the succeeding measurement cycles. It takes about 15
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Figure 9: Estimated Positions of the pedestrian for the
CV model (red) and the social force grid model (blue).
Due to the occlusion, we do not observe parts of the
wall at x ≈ 3.6m. Further, the 3 σ ellipses are shown
for the time when the pedestrian re-appears.
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Figure 10: Normalized innovation squared for the CV
motion model and the social force motion model.

measurement cycles (1.2 seconds) until the NIS error of
the constant velocity model converges again to the value
of the social force grid model. At measurement no. 304
we would further not associate the measurement with
the existing track of the CV tracker if a 3 σ bound is
used for gating. Thus, a new track would be initialized
due to inconsistency of the CV tracker. Consequently,
depending on the initialization procedure it would take
some time until the track is confirmed again.



In Fig. 11 the adapted uncertainty about the state of
the object is illustrated by red circles. We observe that
the adapted uncertainty is much smaller than the un-
certainty of the filter itself. Due to the environmental
constraints, the adapted uncertainty does not enlarge
any more, even if the pedestrian stays in the occluded
area for a very long time. On the other hand, the state
uncertainty of the filter increases without a limit. Con-
sequently, measurements of other tracks could be asso-
ciated to this track.
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Figure 11: Adapted uncertainty vs. standard covari-
ance: red circles mark the area of the adapted uncer-
tainty, the black circle shows the 3 σ bound of the co-
variance matrix.

Considering only the adaption of the uncertainties
due to static obstacles, we can save computational costs
by calculating the adaption grid shown in Fig. 8 only
if the environment changes. Using the EOOL approach
introduced in section 4 we obtain approximately the
same results as shown in Fig. 11, if the tracked pedes-
trian is occluded by another pedestrian instead of a
static obstacle.

7 Conclusion
In this contribution a method to improve the prediction
of occluded objects based on a social force grid has been
introduced. Further, the social force grid was extended
to integrate environmental constraints in the data asso-
ciation step by adapting the uncertainty about the state
of an object. The uncertainties are reduced by the pro-
posed method without endangering the consistency of
the tracking algorithm. This leads to a simplified data
association because a smaller number of measurements
can be associated to a track. Especially in scenarios

with long-time occlusions the proposed method outper-
forms standard approaches since the uncertainty about
the state of an object is limited due to environmental
constraints.

In future we plan to integrate an existence estimation
for the occluded objects, since otherwise objects will
never be deleted if they do not leave an occlusion again.
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