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Abstract - In this paper, we evaluate the appearance
tracking performance of multiple fusion schemes that
combine information from standard CCTYV and ther-
mal infrared spectrum video for the tracking of sur-
veillance objects, such as people, faces, bicycles and
vehicles. We show results on numerous real world
multimodal surveillance sequences, tracking chal-
lenging objects whose appearance changes rapidly.
Based on these results we can determine the most

promising fusion schemes.
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1 Introduction

World events have ensured that security and surveil-
lance have received much research attention in recent
years. The desire to provide robust and accurate sur-
veillance information has led to considerable research
on methods to integrate information from different sen-
sors. This has the potential to provide more robust
systems by leveraging the combined benefits of using
different modalities whilst compensating for failures in
individual modalities.

In our work, we investigate the advantages of cap-
turing thermal infrared video in parallel with standard
visible spectrum CCTYV, for tracking objects in sur-
veillance scenarios using appearance models. These
sources are intuitively complementary, since they cap-
ture object information in emitted and reflected radi-
ation, respectively. By utilising both complementary
sources of data, we obtain improved robustness against
camouflage, as foreground objects are less likely to be
of a similar colour and temperature to the background.
Using multiple sources also provides additional fea-
tures to assist the tracker in cluttered tracking envi-
ronments. This paper evaluates various fusion schemes
and similarity metrics for multi-modal tracking using
appearance models. We evaluate tracking performance
on real data using manually annotated ground truth.

This paper is organised as follows: In section 2, we
provide a brief background literature review to contex-
tualise our work. Section 3 describes the hardware we
used to capture our test data and how the data from
both cameras was aligned. The appearance model we

use for tracking is detailed in section 4, along with
the similarity metrics we use. In section 5, we outline
the different fusion schemes that we evaluated. We
present results in section 6, comparing the tracking
performance of the evaluated fusion schemes on real
surveillance data, and finally give our conclusions and
directions for future work in section 7.

2 Related work

In a review of video surveillance and sensor networks
research [1], Cucchiara argues that the integration of
video technology with sensors and other media streams
will constitute the fundamental infrastructure for new
generations of multimedia surveillance systems. Also
reviewing surveillance research [2], Hu et al. conclude
in their section on Future Developments in Surveil-
lance that ‘Surveillance wusing multiple different sen-
sors seems to be a wvery interesting subject. The main
problem is how to make use of their respective merits
and fuse information from such kinds of sensors’.

In the tracking literature, many approaches have
been proposed to combine the information from mul-
tiple sources, in order to provide more accurate and
robust detection and tracking. Probabilistic methods
are commonly used to fuse information sources. In
[3], Bayesian probability theory is used to fuse the
tracking information available from a suite of cues
to track a person in 3D space. A Bayesian track-
ing framework using particle filters is described in [4]
for fusing colour cues with stereo or motion informa-
tion. A Bayesian multi-object tracker is described in
[5] that fuses binary information from foreground de-
tection with colour tracking cues. Linear combina-
tions of sources have also been widely used to fuse
information from multiple sources. In [6], informa-
tion from image segmentation is fused with chamfer
matching scores to robustly detect people in cluttered
images. Lim and Kriegman [7] use a linear combina-
tion of shape and appearance to track people in an
indoor environment. Both [6] and [7] use fixed weight-
ing for the data sources. In [8], the weightings for each
tracking cue (colour and edge histograms) are adap-
tively updated using the Bhattacharyya coefficients.
Fumera and Roli [9] consider linear combinations of
classifiers and conduct a theoretical analysis, as well
as performing experiments on real data sets. Their












section, on six representative surveillance sequences.
Details of the objects in the tracking sequences are
given in table 1, whilst the notation for the trackers
we used is described in table 2. The objects (along
with their trajectories) are shown in figure 3.

In all our experiments, we used the background
modelling algorithm described in [19], which is an im-
proved version of the popular mixture of Gaussians
model proposed by Stauffer and Grimson [20], pro-
viding a shadow removal mechanism. The infrared
background is modelled separately using the same al-
gorithm, but treating the pixels as greyscale. We use
bi-linear feature interpolation for sub-pixel matching,
updating and tracking. Four features (k = 4) are used
in our tracking experiments: visible brightness value,
infrared brightness value, visible edge magnitude and
infrared edge magnitude. Edges were computed us-
ing the Sobel operator [21]. All trackers, except for
GI'My and GEF My use all four features. In our gen-
eral fusion model tracker, GF'M,, only one importance
value is used per pixel. This requires that the binary
foreground maps from each modality be fused into one
map, which is used in the model update stage. We
use the method described in our previous work [22],
using a pixel’s spatial support when there is modality
disagreement.

To accurately judge the performance of the evalu-
ated trackers, we manually annotated all of our video
test sequences, by marking a bounding box, in each
frame, around the object we wished to track. Using
this bounding box, R, and the tracker’s returned po-
sition, K9, we compute the tracker’s precision and re-
call:
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where O(a,b) is the overlapping area of rectangles a
and b, and |R| denotes the area of the rectangle R.
We determine that a tracker has failed if its precision
or recall drops below 0.1 for at least three consecu-
tive frames. The performance of each tracker on all
of the sequences, using both similarity metrics is de-
tailed in table 3. The figures denote the percentage
of frames in which the object was successfully tracked,
for each tracker for 2 different similarity metrics. The
empty entries in the table indicate that trackers C Mg
and C'M 4., Were not evaluated with similarity met-
ric, 1. This is because the similarity values computed
with S are beyond the floating-point precision of stan-
dard processors (since it is derived from the product
of many probabilities). Other computations, such as
multiplication for C M, 4, can be achieved by adding
logarithm values. The cases where a tracker ‘fails’ after
a large number of frames (e.g. 97%) are due to either
the object becoming very small (only a few pixels in
size) or because the object enters an area where the
visible and infrared images do not fully overlap (hence
the infrared values are unknown).

Table 1: Tracked Objects

| Seq | Object
1 Face

| Frames |
113

Description

Scale increase as
person moves to-
wards camera
Dark night-time
sequence

Large  changes
in scale and
shape as cyclist
approaches and
turns

Large scale de-
crease as motor-
bike drives away
Slight  occlusion
by  background
and shape change
Severe occlusion
by another mov-
ing person and
shape change

2 Person 224

3 Bicycle 440

4 Motorbike 256

5 Person 666

6 Bicycle 314

There are a number of conclusions that can be
drawn from the figures in table 3. The best over-
all tracker was CMp,,q which performed perfectly on
all six sequences with either similarity metric. As
expected, the tracker using visible spectrum only,
GF My, failed on the night-time sequence (Seq-2).
None of the sequences were particularly challenging for
infrared, as the objects all had a strong signal com-
pared to the background, therefore GIF'M fares quite
well. We found that the adaptive weighting of models
does not seem to add additional tracking performance
(note the near identical performance of trackers C Moy,
and CMqvg, and trackers C Mo and CMymqs). We
speculate that this is because our models already ac-
count for noisy tracking by adapting the variance of the
pixel models, giving lower scores for larger variances.
Another explanation may be that the weightings were
not strong enough, or were adapted too slowly. How-
ever, the weights generated by the proposed algorithm
may have other uses, such as determining areas where
a sensor is weak. It could also have uses in classi-
fication: for example, an object that has a weak in-
frared weight is probably of the same temperature as
the background and therefore unlikely to be a person.
Additionally, the method could prove useful in situa-
tions where one modality fails completely, such as when
an infrared camera performs rapid automatic gain cor-
rection. Investigating this possibility remains as fu-
ture work. From the table, we also see that tracker
GI'M, failed in a number of cases. This is likely due
to the fact that there is a single importance weighting
per pixel, rather than a per-pixel-per-modality impor-
tance. Therefore, incorrectly labelled foreground pixels
caused by the halo-effect in infrared could label visible
background as ‘important’. Figure 4 shows an exam-









