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Abstract

A key issue in video object tracking is the representation of the objects
and how effectively it discriminates between different objects and the
background. Several techniques have been proposed, but it is missing
a generally accepted method. In a video object tracking framework, the
appearance model is one of the components with its performance depend-
ing on previous processing stages and affecting those that succeed it. We
extended the analysis of description methods to better understand the im-
pact in the overall tracking process, by comparing a set of widely used
descriptors in a common object tracking solution. This work provides
foundations for future tests, contributing to a more informed selection of
techniques adequate for a given application context.

1 Introduction

Tracking multiple objects, and in particular humans, presents many chal-
lenges, especially if it occurs in non-controlled environments as is the
case of most everyday scenarios, were factors such as coverage of large
areas, group movement and occlusion must be efficiently addressed. Sev-
eral techniques have been proposed for object representation, each with
its strengths and weaknesses, but a generally accepted method is miss-
ing. The robustness of some methods typically implies a higher compu-
tational cost; inversely, more lightweight methods may originate higher
error rates, making them unsuitable for most scenarios. In a video ob-
ject tracking (VOT) framework, the appearance model’s performance will
depend on previous processing stages and affect those that succeed it.
Consequently, it was considered logical to assess the performance of ap-
pearance description techniques from a tracking solution point of view,
analysing their behaviour in the overall tracking. A set of widely used
description methods were integrated and compared in a common object
tracking solution. Moreover, the foundations for future tests of other de-
scriptors have been prepared.

Color histograms have been widely used in monocular tracking with
interesting results, but with worst performance in multi-view scenarios.
Hence, different description methods have been researched, with edge
or gradient based features receiving significant attention as an alterna-
tive. Unlike color histograms, local descriptors are commonly computed
at key points of an image, and should be invariant to noise, geometric,
photometric and other deformations [9]. While a lower dimension de-
scriptor may have a faster computation time, it is in general less dis-
tinctive than their higher-dimension counterpart. The SIFT (Scale In-
variant Feature Transform) interest point detector and descriptor [7] is
one of the most well know methods to determine local descriptors that
are invariant to changes in scale, rotation and translation. The Gradient
Location-Orientation Histogram (GLOH) [9] is a variant of SIFT using
a log-polar binning structure instead of four quadrants. The Speeded-Up
Robust Features (SURF) [3] shares many similarities with SIFT, but with
performance gains due to the approach followed on the detection of in-
terest points and on the matching process. The Fast Invariant to Rotation
and Scale feature Transform (FIRST) [2] is a recent feature detection and
matching technique. It is stated that the algorithm is faster than most tra-
ditional approaches, such as SIFT, although yielding less distinctiveness
in terms of rotation and scale. This common trade-off between quality
and performance is reflected in the number of key points extracted by
FIRST (smaller than its counterparts). The bag-of-words (BoW) [6] is a

key point based representation, which consists of grouping of similar key
points descriptors into a large number of clusters; each cluster is treated
as a visual word which in turn is used to build a visual vocabulary. A
different approach is followed in the computation of the Histogram of
Oriented Gradients (HOG) [5] descriptor, which uses a dense grid of uni-
formly spaced cells and it has been shown that HOG is insensitive to color
variation. A more detailed survey analysing the aforementioned and other
different object descriptors can be found at [8, 10].

The rest of this paper is organized as follows: section 2 presents the
tracking algorithm, used dataset and the evaluation metrics used to assess
our results; the results are (partially) shown on section 3 and our final
comments are presented on section 4.

2 Experiments

2.1 Framework

The test environment consists of an implementation of the tracking algo-
rithm proposed in [11]. It is focused on a surveillance scenario and was
described as having the capability of real time operation and an accept-
able detection and tracking rate in low to medium complexity scenarios.
Also, it has features that enable human detection and the separation of
objects in a group. Throughout these experiments only the extraction of
the object appearance and the matching between two individual instances
are model specific. All other stages of the algorithm are common.

For our experiments, we selected the following state-of-the-art de-
scription methods: SIFT; SURF; HOG; color histogram; BoW. For the
color histogram the bounding box is divided into an upper and lower part
with a greater weight assigned to the upper part. Several variations for
the appearance models were tested in order to emphasize particular con-
tributions thereof to the performance of the tracking algorithm. For the
key point based descriptors the ensemble of descriptors was adopted as
the model. A grid-based variation was also considered for the SIFT and
SURF appearance models; it is composed of evenly spaced points and in-
tends to provide an alternative to the use of interest point’s detection by
performing a dense scan. We tested grids with a number of points equal to
1% and 4% of the object’s image. For the BoW approach, the dictionaries
were trained for SIFT and SURF descriptors using generic images. The
experiments were performed in a computer with an Intel(R) Core(TM)
i5CPU at 3.20GHz with 8GB of RAM.

2.2 Evaluation

For the experiments we selected sequences of two widely used datasets.
Specifically, we used sequences: cam3 (ST1C3) and cam4 (ST1C4) from
the ST1-C1 set of the PETS 2006 workshop; OneShopOneWait1 (OSOW1)
and OneShopOneWait2 (OSOW2) from the Caviar project. These se-
quences are representative of monitoring and surveillance scenarios de-
picting commonly observed problems: group movement; appearance sim-
ilarity; occlusion. Also, they were captured with dissimilar cameras and
offer different perspectives over the scene.

We decided to use two complementary metrics to objectively evaluate
the impact of the different representation models in the tracking solution.
We chose the hybrid framework [4]), enabling the computation of an er-
ror metric for every frame of the sequence, whose output we’ll refer to as
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Table 1: Overall comparison of the experimented models. For grid based
representations, the best results were selected for each type of descriptor.

Appearance Model Comparison
SIFT SURF

Metric SIFT Grid (1%) SURF Grid (1%) HOG Histogram Texture

TRDR 0.68 0.60 0.14 0.71 0.73 0.79 0,50
TSR 0.29 0.43 0.43 0.86 0.57 0.57 0,43

OSOW1 DR 0.68 0.60 0.14 0.71 0.73 0.69 0,50
FAR 0.10 0.11 0.04 0.02 0.08 0.14 0,35
FNR 0.32 0.04 0.86 0.29 0.27 0.22 0,50
FER 2.57 1.57 1.57 1.00 1.29 1.29 1,33

TRDR 0.64 0.66 0.20 0.72 0.69 0.76 0,58
TSR 0.20 0.40 0.40 0.40 0.60 0.40 0,50

OSOW2 DR 0.63 0.65 0.20 0.71 0.69 0.73 0,57
FAR 0.23 0.20 0.21 0.16 0.28 0.25 0,37
FNR 0.37 0.35 0.80 0.29 0.31 0.27 0,43
FER 3.38 2.88 4.25 2.56 1.25 1.56 2,50

Table 2: Comparison of the processing times for the solution and for in-
dividual components of the models: extraction and matching.

OSOW1 ST1C3
SPT DET DMT SPT DET DMT
(s/f) (s/t) (s/t) (s/f) (s/t) (s/t)

SIFT 0.420 0.175 0.000 0.800 0.559 0.003
SIFT Grid (1%) 0.242 0.092 0.000 0.416 0.239 0.000

SURF 0.033 0.002 0.000 0.055 0.014 0.000
SURF Grid (1%) 0.194 0.074 0.002 0.354 0.202 0.010

Histogram 0.213 0.000 0.000 0.190 0.000 0.000
HOG 0.052 0.007 0.001 0.058 0.010 0.002

Texture 0.084 0.000 0.000 0.177 0.000 0.000

’hybrid metric’. We also use some of the measures proposed in [1] to sum-
marise evaluation results for a complete sequence. Specifically, we chose:
Tracker Detection Rate (TRDR); Tracking Success Rate (TSR); Detection
Rate (DR); False Alarm Rate (FAR); False negative Rate (FNR).Note that
for the first three metrics we wish to obtain high values, while for remain-
ing metrics low values are desirable.

3 Results

Given the large number of experiments conducted, we will only present
the most expressive results.

Table 1 summarises the results obtained for the tracking solution us-
ing the different methods and variations. For the experiments using grid
points, we selected those with the best performance for each model. The
results show that SURF with grid points (1% density), HOG and color his-
togram enabled the best performances, but it is difficult to highlight one of
the three. Color histogram enabled a good overall tracking performance,
accompanied closely by solutions using a HOG based model; the solution
using SURF with grid points also presented a good reliability concerning
false alarms and misdetections. Signature based models behaved poorly
and were omitted here for simplicity.

Table 2 presents the time measures for the most relevant experiments
considering the tracking performance results. We present the follow-
ing time measures: average frame processing time (SPT), measured in
seconds per frame; average descriptor extraction time (DET), which we
measured in seconds per track (as in a single ’object track’); average de-
scriptor matching time (DMT), also in seconds per track. We restricted
Table 2 to a single CAVIAR and PETS sequence for readability issues,
since presenting additional sequences did not necessarily bring additional
information.

As expected, color histogram and HOG exhibited a good computa-
tional performance. SIFT presented a higher complexity, but the use of
a grid of points enabled a significant decrease of the computational time.
SURF also presents low computational time values, but the tracking re-
sults were poorer. However, it is noteworthy the values obtained for SURF
with a grid of points; although they are higher than with the use of interest
point detection, they are lower than with SIFT and it was demonstrated in
Table 1 that they enable better tracking results.

4 Discussion and Future Work

Given the difference between tracking and standalone image or object
matching, it was considered logical the analysis of different description
models in a common tracking solution. A set of well known description
techniques and different representations were analysed and assessed by
measuring the output of the tracking solution in terms of computational
performance and accuracy of the results.

It was observed that a dense scan did not provide a significant con-
tribute when using SIFT. In contrast, the performance of the tracking al-
gorithm with SURF descriptors increased significantly by using a dense
scan in alternative to interest point detection. With SIFT, the number of
identified points is higher, hence grid points may not contribute with rel-
evant information. When using grid points, overall better results were
obtained for smaller patch’s heights, indicating that grid points may intro-
duce noise in the model.

The colour histogram and HOG descriptors were computed over the
object’s image, thus a grid of points was not applicable in these cases.
Nevertheless, using small object patches conduced to better results, which
is coherent with the argument that smaller heights for the object’s bound-
ing box (and consequently its image) can limit the background noise
added to the models. In particular, the results for color histograms were
not surprising considering the scenario: the use of a single camera with
a reasonable frame rate enabled smooth transitions from one frame to the
next. Furthermore, object patches with small dimension and smooth re-
gions are often an obstacle to the computation of edge or gradient based
descriptors.

Future research work will include the integration and analysis of dif-
ferent object descriptors and appearance models. Furthermore, the VOT
framework itself is to be subjected of integration of additional techniques.
It would be interesting to perform the analysis proposed in this paper in
multi-camera scenarios thus obtaining more complete information regard-
ing the description methods robustness in both contexts.
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