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Fig. 7. Four frames of the outdoor experiment carried out in the city center of Freiburg. The images from left to right show the tracking
results at time steps ¢ = 335, 353, 365 and 381. Laser range measurements are shown as small green dots (background) and small red

dots (detected pedestrians). The traces of the observed pedestrians are drawn with colored ellipses.

clutter, the number of false positives decreased substantially
(7,106 vs. 3,922). The number of mismatches also dropped
from 197 to 125 while the number of misses decreased from
1,992 to 1,552. The ‘background learning ability’ of the
false-alarm layer in the spatial affordance map was particu-
larly appropriate in this data set as the environment contains
several person-shaped objects (trees, chairs, trash bins) that
led to many false positives from the detector. The fixed-
rate approach was not able to cope well with these detection
errors and incorrectly created tracks at these locations.

In the diagrams of the three experiments, it can be
seen that the number of misses decreased and the num-
ber of false positives increased over Ng,. This behavior
is explained by the fact that false alarms are more likely
than new tracks. Hypotheses that postulate observations as
false alarms receive higher probabilities and can dominate
the hypothesis ranking. This can lead to the rejection of
lower probability hypotheses at small values for N, that
should have been interpreted as observations of new tracks.
With increasing Ny, more new-track hypotheses survive
the pruning process and the number of misses decreases.

The noise in the error plots, such as the number of mis-
matches, for instance, means that more hypotheses do not
always lead to a smaller error, which is counterintuitive.
This is due to the pruning strategies in combination with
numerical issues in MHT. It follows from the combinatorics
of the approach that several hypotheses can have the same
probability. If Mg, happens to prune within such a plateau
in the distribution, the outcome of the tracker can become
somewhat unpredictable since it depends on the order in
which these hypotheses are stored in memory.

In addition to the improvement in tracking performance,
the extended tracker is also slightly more efficient. As the
new approach makes fewer track-creation errors, it has to
maintain fewer tracks on average, especially in regions of
clutter. The implementation of our system runs at the sensor
frame rate of 12 Hz on a single core of a 2.8 GHz PC with
up to 300 hypotheses. With 500 hypotheses, the tracker still
runs with 6 Hz.

5.2. Place-dependent motion model

In this section we evaluate the place-dependent motion
model from Section 4. A data set was collected in an office

Fig. 8. From experiment 2, 6 (of 50) sample tracks.

environment and divided into a training set and a test set.
The training set contains 7,443 frames with 50 person tracks
and was used to learn the spatial affordance map (see Fig-
ure 8). To learn the walkable-area map, we counted the track
confirmation events of the best hypothesis. The test set with
6,971 frames and 28 people tracks was used to compare
the model with a constant-velocity motion model under
different conditions. The data set was labeled by hand to
determine both the ground truth (x, y)-positions of subjects
and the true data associations.

To analyze the robustness and accuracy of the new pre-
diction model, we defined, in a first experiment, areas in
which target measurements are ignored as if subjects had
been occluded by an object or another person. These areas
occur at hallway corners and U-turns where people typically
maneuver. As the occlusions are only simulated, the ground
truth position of the targets are still available. See Figure 3
for sample frames.

For the 28 manually inspected tracks of the test set, the
constant-velocity motion model lost a track 12 times while
the new model had only a single track loss. Clearly, as a
naive countermeasure, one could enlarge the process noise
covariance of the constant-velocity motion model to avoid
such losses. But in the multi-target case considered here,
this leads to enlarged validation gates and increased levels
of data association ambiguity. Consequently, the probabil-
ity distribution over pruned hypothesis trees will be less
accurate and lead to a less efficient tracker.
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Fig. 9. Estimation error in x of the constant-velocity motion model (cvmm, left) and the place-dependent motion model (right). Peaks
correspond to occluded target maneuvers. See also Figure 3, center, which shows the right turn of a person in this experiment. While both

approaches are largely consistent from an estimation point of view, the place-dependent model results in an overall smaller estimation

error and smaller uncertainties.

As a measure of metric accuracy, the resulting estimation
error in x is shown in Figure 9 (the errors in y are similar).

The diagram shows smaller estimation errors and 2o
bounds for the place-dependent motion model during most
target maneuvers. The predicted covariances do not become
boundless during occlusion events (peaks in the error plots)
since the shape of the covariance predictions follows the
walkable-area map around the very position of the target.
Sample situations of this behavior are shown in Figure 3.

In a second experiment, we reduced the observation fre-
quency to 0.5 Hz and we allowed the tracker one second to
initialize its targets. The internal cycle time of the tracker
was left unchanged at 12 Hz. This setting simulates a very
slow data acquisition sensor or the realistic situation of an
embedded CPU where people detection runs concurrently
with many other processes at a low rate.

The constant-velocity motion model was not able to fol-
low the maneuvering targets and lost all of them as soon as
they passed the corner of the hallway. The place-dependent
motion model was able to predict the targets around corners
as seen in Figure 3 and lost only six of the 28 tracks.

6. Conclusions

In this paper we presented the spatial affordance map for
the purpose of extending a people tracker with spatial pri-
ors on human behavior. We approached the problem as a
parameter estimation problem of a non-homogeneous spa-
tial Poisson process. The model is learned using Bayesian
inference from observations of track-creation, confirma-
tion and false-alarm events. It enabled us to overcome the
usual fixed Poisson rate assumptions for new tracks and
false alarms and to learn a place-dependent model for these
events. Finally, we showed that the Poisson process can
be seamlessly integrated into the framework of an MHT
tracker.

In large-scale experiments in different indoor and out-
door settings, we demonstrated that the extended tracker is
significantly more accurate in terms of the CLEAR MOT

metric. In particular, the number of track identifier switches
was reduced from at least 36% up to several factors. This
error is the most relevant metric for a people tracker as it
quantifies the ability to keep correct identities over occlu-
sion events and missed detections. The number of false pos-
itives dropped by at least 45% while track misses decreased
by at least 17%.

The map also allowed us to derive a novel, place-
dependent model for predicting the paths of maneuvering
targets during lengthy occlusion events. The model is based
on a walkable-area map derived from the learned rate func-
tion of track-confirmation events and uses an auxiliary par-
ticle filter that probes the map at locations of a look-ahead
particle. In our experiments, the tracker could follow highly
mobile people at an observation frequency as low as 0.5 Hz,
clearly outperforming the constant-velocity motion model
in terms of track losses.

Notes

1. Note that for a non-separable rate function, the Poisson pro-
cess can model places whose importance changes over time.
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