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Current evaluation methods either rely heavily on reference information manually annotated or, by
completely avoiding human input, provide only a rough evaluation of the performance of video object track-
ing algorithms. The main objective of this paper is to present a novel approach to the problem of evaluating
video object tracking algorithms. It is proposed the use different types of reference information and the com-
bination of heterogeneous metrics for the purpose of approximating the ideal error. This will enable a signi-
ficant decrease of the required reference information, thus bridging the gap between metrics with different
requirements concerning this type of data. As a result, evaluation frameworks can aggregate the benefits
from individual approaches while overcoming their weaknesses, providing a flexible and powerful tool to
assess and characterize the behavior of the tracking algorithms.
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1. Introduction

Computer vision is moving away from fiction and making its way
into everyday life. Over the last decades many steps have been taken
toward the goal of automatically interpreting an image, or sequence
of images, but this goal has not yet been reached. Instead, researchers
continue struggling and proposing many algorithms. One of the most
relevant topics within computer vision (CV) is humanmotion capture
and tracking or, more generically, video object tracking (VOT), which
is commonly used as part of a larger system, providing information
for higher level analysis, as in the human motion capture system de-
scribed by Moeslund and Granum [1]. Hence, the performance of a
component tracking algorithm will have a great influence on all pos-
terior processing. Also, the specificities of the application scenario
may exert a strong conditioning on the choice of the algorithm.
These factors, in conjunction with the large number of tracking pro-
posals in the literature [2,3] tackling different application scenarios
or scopes, augmented the need and importance of objectively com-
paring algorithms, characterizing their behavior and suitability for a
given operational scenario.

Currently, many researchers define their own test sequences and
evaluation methodologies, making it extremely difficult to replicate
results and compare algorithms. Furthermore, the criteria used in
the evaluation of the algorithms should be appropriate to the applica-
tion scenario. This results in the use of different features (e.g., as
y Tele Tan.
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objects' trajectory, silhouette or assigned identifier) and application
of different metrics (e.g., trajectory root mean square error, detected
and reference region overlap, identity consistency). Proposals for
evaluation frameworks and metrics already exist, but they haven't
been generally adopted by the research community. Some of these
approaches focus on evaluation without comparing with a reference
(commonly known as ground truth (GT)), but the results provided
typically lack sufficient discriminative information. Consequently,
evaluations based on comparisons with GT are commonly favored.
In this case, the problem lies in the difficulty to generate such informa-
tion; it is a cumbersome job, especiallywhen detailed pixel-based refer-
ences (reference silhouettes) are needed.

The gap between the two types of approaches to the VOT assessment
problem described above is mainly due to the required information. The
use of reference information is desirable because it enables more precise
results, but it is not reasonable to expect the existence of such informa-
tion for every frame to be used for testing or evaluation purposes. We
propose to bridge these approaches, complementing and unifying exis-
ting metrics, based on the concept of making the very best use of the in-
formation to our disposal. The research line pursued binds information
from GT-based and stand‐alone (without GT) metrics with the objective
of obtaining an error assessment of the tracking algorithm that is as pre-
cise as possible, but with a significant decrease of the effort associated
with the generation of reference information. The proposed approach
aims to combine the flexibility of metrics without GT with the greater
precision of metrics that compare algorithms' results with reference in-
formation. This will provide more flexible frameworks and means to
deal with a wider range of input information. Such frameworks can be
used over different video datasets, making use of the GT available.

The reference information and metrics used, and their proposed
combination, are intended for tracking algorithms whose results can
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be mapped to an image region. Examples of such outputs are
bounding boxes or labeled object silhouettes such as the ones illus-
trated in Fig. 1. To the best of our knowledge no such approach to
combine information and metrics to obtain a measure for video object
tracking evaluation has ever been attempted. Given that the applica-
tion of metrics using a single type of information has been strongly
documented, this paper will focus on the experiments with metrics
combination.

The paper is structured as follows. We begin by presenting a list of
abbreviations used in this paper to assist in reading. Section 2 de-
scribes different state-of-the-art approaches to the evaluation of
tracking algorithms as well as efforts in the creation of data reposito-
ries and software tools. In Section 3 the concept of reference informa-
tion and metrics combination is described. First the combination of
metrics using reference silhouettes and bounding box segmentations
is described, followed by the additional fusion of information of met-
rics without GT. Furthermore, we make a preliminary discussion and
put forward exploratory ideas on the distribution of reference infor-
mation. Section 4 describes the different metric combinations tested
and the methodology used in the assessment. Results from the exper-
iments are presented in Section 5. Conclusions and some of the possi-
ble research lines to be pursued in the future are expressed in
Section 6.

Abbreviations
BB bounding box
BBE bounding box error
CV computer vision
FIW full interval weighting
GT ground truth
HIW half interval weighting
LI linear interpolation
LT linear transformation
MF multiplication factor
NGT non ground truth
NGTE non ground truth error
NW normal weighting
PD partition-distance
PE primary error
RS reference silhouette
RSE reference silhouette error
SE secondary error
VOT video object tracking
2. Related work

In the current context of VOT algorithm assessment, one can di-
vide evaluation strategies into two major groups: those that use GT
and those that do not, each with their strengths and weaknesses.
(a) Silhouettes as reference
segmentation

(b) Bounding bo
resented over the

Fig. 1. Illustration of some of the possib
The first type generates more precise results, but is strongly depen-
dent on scarce information, while the second type is more easily ap-
plied, but produces noisier outputs.

The manual creation of ground truth data is typically a time con-
suming and tedious process, and is prone to errors. Ellis [4] has de-
scribed possible types of reference data as well as the difficulties
associated with the generation of such information. Black et al. [5]
also identified problems associated with tracking assessment and
the generation of the required ground truth, and suggested the use
of pseudo-synthetic video for the evaluation. Tracking data was cap-
tured online, stored in a database and later used to generate reference
video sequences with a controlled level of complexity. With this
framework it was possible to generate a large variety of datasets rep-
resenting different tracking scenarios with varied perceptual com-
plexities. The problem was the bias toward the tracking algorithm
used to capture the original data. In [6], semi and full-synthetic se-
quences were also used to overcome the problem of generating
large amounts of GT. Moreover, the authors separated the evaluation
of motion segmentation and tracking. Other semi-automatic tools
[7,8] have been proposed to help overcome the difficulty in GT gener-
ation. Fig. 1 depicts three different types of reference information: on
Fig. 1 a) silhouette reference segmentation; on Fig. 1 b) bounding box
(BB) GT, shown represented over the image for illustrative purposes;
on Fig. 1 c) bounding box GT in the form of a segmentation mask.

Regarding the video surveillance application area, significant steps
have been recently given with the creation of the Video Surveillance
Online Repository (ViSOR) [9], intended to aggregate video sequences
and ground truth data to be used by the research community. An on-
tology was defined for annotation of the video sequences and mod-
ules for evaluation and automatic annotation can be integrated.
Krinidis et al. [10] have presented an audio-visual database intended
for person tracking algorithms evaluation which includes GT in the
form of 3D position in time. In [11], Karasulu and Korukoglu described
a software tool for comparing people detection and tracking algo-
rithms which aggregates and implements metrics proposed in the
literature.

Correia and Pereira [12] described a set of metrics for the objective
evaluation of video segmentation quality. The proposed metrics
targeted stand‐alone (without GT) and relative (with GT) scenarios
and are to be applied differently depending on the type of content
class: stable content; moving content. As expected, the error in the
evaluation is larger for the stand‐alone metrics, which the authors re-
port more adequate for a qualitative evaluation (e.g., ranking) rather
than a quantitative one. In [13], a perceptually driven metric for the
evaluation of video segmentation was proposed. The authors used se-
quences with synthetic artifacts to conduct psychophysical experi-
ments and defined a metric capable of predicting the quality
perceived by the human viewers. Parameter optimization was con-
ducted for a small set of application scenarios.

Erdem et al. [14] targeted video object segmentation and tracking
evaluation without reference information (a non ground truth (NGT)
x GT rep-
 image

(c) Bounding box as refer-
ence segmentation

le types of reference information.
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approach) by performing intra‐ and inter-frame evaluation. Intra-
frame evaluation was accomplished by measuring color differences
along the boundary of an object while the inter-frame assessment
consisted of comparing an object's color histogram in subsequent
frames and measuring motion vector differences along the object's
boundary.

Pingali and Segen [15] evaluated tracking algorithms by compar-
ing the computed and reference trajectories. A framework for evalu-
ating object detection algorithms through the use of GT information
is described in [16]. Correspondences between detected and refer-
ence regions are established by measuring the overlap between
them. A matrix of correspondences is defined based on the overlaps
and used to measure correct detections, false detections, merges
and splits and detection failures.

Recent research work by Bashir et al. [17] and McManus et al. [18]
aimed to define a set of measures and frameworks for the evaluation
of motion detection and tracking algorithms through the use of a set
of parameters such as the rate of false alarms and misdetection, and
accuracy. In [17], bounding boxes were used as GT and frame-based
and object-based paradigms for evaluation were defined. In [18],
the F-measure is proposed to assess the performance of motion de-
tection algorithm in the precision-recall space.

In [19] the results of the ETISEO project are presented, which was
oriented to the evaluation of video surveillance systems. It defined a
methodology intended to address the related problems separately
and study dependencies between the algorithms and video character-
istics. Video sequences were collected for the purpose of illustrating
specific problems. Denman et al. [20] proposed a set of metrics
intended to dynamically assess tracking systems at various stages
and enable real-time feedback about the system's performance. The
proposed metrics were assessed by visual comparison and by using
the ETISEO metrics.

Unlike most tracking evaluation methods which are based on fea-
tures and criteria derived from processing the image, Roth et al. [21]
proposed the detection of events as a basis for the evaluation. The
process is based on a comparison with a ground truth consisting of
a list of events.

Most proposals in the literature use bounding boxes as GT to com-
pute a set of measures encompassing the entire sequence. Although
some analysis about split/merge and fragmentation errors is some-
times made, typically there is no information about the temporal evo-
lution of the error, causing a loss of temporal resolution and making it
more difficult to identify failure points or events in the sequences.
Moreover, as the dimension of the bounding box is typically greater
than the enclosing object, usually there is also a loss of spatial
resolution.

In [22] a novel framework for evaluating tracking algorithms was
described. It uses reference silhouettes as GT and partition-distance
(PD) metrics [23] to compute the error measures. The proposed
framework captures relevant tracking errors and has proven capable
of computing an overall error measure and exhibits its temporal evo-
lution over the sequence. The drawback is the requirement for refer-
ence segmentations. While bounding box segmentations are easier to
generate, the PD computed error is less accurate than with the use of
silhouettes. In [24] an initial proposal to combine different types of GT
and their use in the computation of PDmetrics was made. Specifically,
reference silhouettes (RS) and bounding box (BB) GT were consid-
ered. The intended objective was to obtain an error measure more ac-
curate than with bounding boxes while minimizing the need for
reference silhouettes.

3. Evaluation framework

As previously stated, most evaluation approaches compare the re-
sults of tracking algorithms with some form of reference information.
Although pixel-based reference silhouettes can provide more exact
and complete information (other types of GT can be derived from
it), they are very cumbersome to generate. To minimize this effort,
the use of bounding boxes to locate and provide a coarse dimension
of the objects has been the preferred strategy. The approach proposed
in this paper is based on the outcome and capabilities exhibited by
the partition-distance (PD) metrics as used in [22] for the evaluation
of video segmentation and tracking — the metrics of this framework
using only reference silhouettes will be taken as the gold standard
for the evaluation. Note that PD metrics can be used with both silhou-
ette and bounding box segmentation GT.

At the core of the partition-distance is the intersection-graph be-
tween two segmentations (a reference segmentation and an auto-
matically produced one), defined as the bipartite graph with one
node for each region of the segmentations. Two nodes are connected
by an undirected, weighted edge if and only if those two regions in-
tersect each other. The intersection-graph associated with two
image segmentations can now be used as a factory of indices of sim-
ilarity between partitions. The partition-distance has been defined
as the problem of finding a maximum weighted matching in the
intersection-graph [23]. The sum of the weights of the unmatched
edges on this matching process provides the distance between both
segmentations.

For the remainder of this paper it will be assumed that the reader
is familiar with the basic principles of the partition-distance frame-
work and its application to video object tracking. For simplicity the
reader may consider the output of the PD framework for each frame
as the distance between the reference segmentation and the segmen-
tation resulting from the tracking algorithm's output. Nevertheless,
we strongly recommend the reading of [23,22].

In Section 3.1 the GT-hybrid approach to VOT assessment as ini-
tially proposed in [24] to minimize the drawback of the original PD
framework is described. It makes use of pixel-based reference silhou-
ettes to compute the metrics. Although the GT-hybrid fulfills its ob-
jective, it is still dependent on GT information. To overcome this
obstacle, the concept of combiningmetrics with and without GT is de-
scribed in Section 3.2.

3.1. Ground truth hybrid approach

The proposal of a GT-based hybrid approach [24] was intended to
enable the approximation of the “ideal” error computed with the PD
metrics [22] while minimizing the problem of generating a large
number of frames with exact reference silhouettes. This results in sig-
nificantly less effort in the data preparation. The objective was
achieved through the combination of different types of GT and their
use in the computation of PD metrics (see Fig. 2). Specifically, silhou-
ettes and bounding box masks were considered.

The use of bounding boxes in the computation of PD metrics en-
ables the capture of the most common types of problems in tracking.
However, the obtained error is coarser due to the very nature of this
type of GT (see Fig. 1). To solve this, frames with reference silhou-
ettes, when available, can be used to correct the previous error.
Such a combination builds on the following: GT information in the
form of a bounding box is easier to generate and there are datasets
available with this type of information; the availability of reference
silhouettes is of added value particularly in challenging situations
such as occlusions or group movement; reference silhouette informa-
tion does not need to exist for the complete sequence and therefore
can focus on the most relevant segments of it; there can be different
frame intervals between consecutive frames with reference silhouettes.

First, the detected and reference bounding boxes are used as seg-
mentation masks to compute the PD metrics. This error measure
(referred to as bounding box error — BBE) is typically higher than
what would be obtained through the use of reference silhouettes (ref-
erence silhouette error — RSE); also, the use of bounding boxes can
mask errors only observable with silhouettes. Frames with reference
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Fig. 2. Ground truth combination over a video sequence for the hybrid evaluation
framework.
Reproduced from [24].
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silhouettes and the corresponding error (RSE) can be used to correct
the BBE in these excerpts of the sequence. An example of such a com-
bination is illustrated in Fig. 3 and consists of the following: for two
consecutive reference silhouette frames and the corresponding RSE
(represented by the filled circles), a transformation (in this example
a linear transformation) from BBE to RSE is computed; the transfor-
mation is then applied to the values of BBE in the interval being con-
sidered. The circles represent the RSE values: filled circles for the
values used in the combination; empty circles for the values used
for assessment. Note that the linear transformation is one of the
Fig. 3. Excerpt of a graphic depicting evaluation results and illustrating the error trans-
formation effect.
Reproduced from [24].
possible forms of combining the information and is provided here
as an example.

Through the experiments conducted in [24] and those summa-
rized in this paper it is empirically demonstrated that the tracking
error using a coarser type of GT, with a spatial error associated, can
be approximated to the ideal error using a smaller number of frames
containing pixel-wise silhouette GT, thus leading to a significant de-
crease of the effort associated with the generation of this type of in-
formation. Although corrected, information of the error evolution
conveyed by the BBE is still preserved, as can be seen in Fig. 3.
3.2. A hybrid approach combining GT and NGT metrics

The use of different types of GT in the computation of the tracking
error enables the minimization of the effort involved in the genera-
tion of detailed reference silhouettes. Nevertheless, it still shares to
some degree the shortcoming of the original framework: it requires
GT information of some form. We argue that metrics without GT
(NGT) can be used in conjunction with the previously defined ap-
proach to obtain an overall error measure while avoiding the need
of reference information for every frame.

In this paper we assess whether the overall error can be approxi-
mated with a significant reduction of every type of GT and when a
considerable number of frames have no corresponding reference in-
formation. The overall error is expected to provide a less exact value
than in the previous approach. However, we argue that even if the
final measure has a slightly higher distance to the ideal error, the flex-
ibility and less effort required can justify it. With the proposed com-
bination we aim to enable scenarios where test and validation
datasets do not require full reference information. Instead, GT (of dif-
ferent types) can be generated only for critical or more relevant
segments of the video sequence and used in the computation of the
PD metrics. Information from the NGT metrics, referred to as NGT
error (NGTE), is used to fill the gaps between the intervals of frames
with GT (see Fig. 4). As in the previous case, available GT is used to
correct the errors associated with the NGT metrics. The process for
this hybrid approach is similar to the GT-hybrid one, but now consists
of two steps: first NGTE is combined with BBE; second, the result of
the first operation is fused with RSE. It is out of the scope of this
paper to determine the very best form of combining the information
Reference Silhouette
Error (RSE)

Non Ground Truth
Error (NGTE)

Bounding Box Error
(BBE)

PD
metrics

NGT
metrics

PD
metrics

Metric Combination

Hybrid Error

... ... ... ... ... ...

Video Sequence

Fig. 4. Illustration of the concept of using different types of reference information and
metrics.

image of Fig.�4
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for a given scenario or the distribution of the GT over a test/evaluation
sequence.

In our experiments we have chosen the metrics proposed in [14]
as they are well documented and the authors validated the results
with GT information.

3.3. Identifying frames for reference information generation

The proposed framework approximates the ideal error with sparse
GT. The error approximation improves with the number and precision
of frames with reference information. From the practical point of
view, a natural question is the selection of frames for detailed GT.
For which frames is reference information critical? Which frames
should receive more attention of the user in the manual annotation
and for which frames a coarser reference suffices? Note that the
framework proposed in this article is completely independent of
this selection criteria and it is out of the scope of this work to address
this question in detail. In fact, we envisage that different applications
will require different options. Nevertheless, we put forward some ex-
ploratory ideas.

A default solution is to place the detailed references always equi-
distant, at a certain rate. Another baseline solution is to leave for
the manual annotator the decision of which level of ground truth is
appropriate based on the perceived complexity of the frame. Never-
theless, more automated solutions are also possible. The output of
the proposed framework could be used to identify frames candidate
for GT generation. For instance, one could start by annotating every
frame at coarser level and evaluate the tracking quality of an algo-
rithm under this reference. Under the assumption that the difficulty
in tracking correlates with the difficulties of the coarser reference to
capture the tracking quality, frames with high tracking errors are nat-
ural candidates for more precise references. These ideas, used individ-
ually or in combination, are just some of the options to decide the
level of detail in the annotation.

4. Experiments

To verify the validity of our hypothesis we followed an experi-
mental approach similar to the one described in [22]. Synthetic se-
quences with over 2000 frames were generated, depicting several
illustrative challenges for tracking algorithms. Group movements, oc-
clusions, miss and over detections, similarity between objects and
with the background, tracks fusion and switch were simulated. More-
over, different levels of noise for the boundary localization error were
used as proposed by Jiang et al. [25]: these errors were obtained by
randomly selecting a point p and finding the point q nearest to p
which does not belong to the same region as p; then, q is switched
to the region of p provided that this step will not produce additional
regions; this basic operation is repeated for n% (noise level) of all
points. The purpose of the boundary localization error is to simulate
common segmentation errors and make the detection of tracking er-
rors harder; still it is only one of the types of errors simulated. A real
background was also used. For object simulation, an elliptic form was
chosen since this shape has been recognized as a good approximation
of the form of a human in the upright position [3,26]. The elliptic
shape varies according to its position and image perspective.

Although there are datasets with standard test sequences such as
the PETS [27] and CAVIAR [28] datasets, few possess bounding box gro-
und truth and fewer still reference silhouettes, thus motivating the use
of synthetic sequences. Synthetic sequences enable the automatic gen-
eration of different types of GT. Specifically reference segmentations
and bounding boxes were produced. A subset of reference segmenta-
tions was manually generated for two well known real sequences of
the CAVIAR project [28] which were also used in the assessment of
the proposed approach. Illustrative frames of the dataset are depicted
in Fig. 5.
4.1. GT‐ and NGT-based metrics correlation

Due to the differences between the GT‐ and NGT-based metrics, an
analysis of their correlationwas conducted. TheNGT-basedmetrics pro-
posed by Erdem et al. [14] extract three measures which are combined
to produce the overall measure for each object in each frame. The indi-
vidual components are intended to measure: color differences; motion
difference; histogram difference. The first is measured along the border
of the object while the others involve measures over two or more con-
secutive frames. For each object two possible combinations are pro-
posed, a weighted average and a fuzzy combination. Nevertheless, the
authors do not close this issue and other forms of combination can be
pursued in future research. Concerning the frame measure, the authors
suggest an average over the objects present or the use of themaximum
error for an object, since this will tend to capture most of the attention.

The correlation of individual components and their combination,
as suggested in [14], with the values obtained with the PD metrics
using reference silhouettes – the gold standard – was analyzed to as-
sess the feasibility of combining the two types of metrics. The results
of this study are presented in Section 5.

4.2. Metrics combination

For the combination of metrics, several possibilities were considered
and compared. These are not exhaustive and others can be experimented
with in future researchwork. Before proceeding to the description of the
combinations tested, some underlying concepts are first presented.

For the following description, the primary error (PE) is considered
a more exact error and used to correct a noisier second measure,
which will be referred to as secondary error (SE); PEi and SEi are
the errors at the ith frame respectively. Moreover, M intervals are
considered over the sequence. Each interval can be defined as Ik=
[ak, bk], k=1,…, M. The extremities of the interval, ak and bk, repre-
sent two consecutive values of the PE. Note that the intervals do not
need to cover the full sequence. These concepts are illustrated in
Fig. 6.

The following combinations of metrics were considered: linear
transformation; linear interpolation; multiplication factor; half-interval
weighting; full interval weighting; normal weighting. These forms of
combination are described with more detail below.

• Linear transformation (LT)
For each interval, the values of the PE and SE at ak and bk are used to
compute a linear transformation f; the overall error E value is
obtained by applying the transformation to the values of SE.

Ei ¼ f SEið Þ; i∈ ak; bk½ � : ð1Þ

• Linear interpolation (LI)
The error values E in each interval are determined through linear in-
terpolation of the values of PE at ak and bk. No SE values are used.

• Multiplication factor (MF)
Known values of PE are used to compute the factor K that minimizes

∑
γ

PEγ−K � SEγ
� �2 ð2Þ

where γ represents frames for which PE exists. The error value in
each interval is then obtained as:

Ei ¼ K � SEi; i∈ ak; bk½ � : ð3Þ

• Half-interval weighting (HIW)
In each interval, the error value E is obtained as a weighted combi-
nation of SE and PE at the extremities.

Ei ¼ α1 � PEak þ α2 � PEbk þ α3 � SEi; i∈ ak; bk½ �: ð4Þ



(a) Natural frame (b) Synthetic frame

Fig. 5. Sample frames of the dataset used for validation.
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The values of α1, α2 and α3 are obtained as follows:

α1 ¼
1− 2

D
� d ; d≤D

2
0 ; d >

D
2

8><
>:

ð5Þ

α2 ¼
2
D
� d−1 ; d≥D

2
0 ; db

D
2

8><
>:

ð6Þ

α3 ¼ 1−α1−α2 ð7Þ

where

D ¼ bk−ak ð8Þ

d ¼ i−ak; i∈ ak; bk½ �: ð9Þ

• Full-interval weighting (FIW)
In each interval, the error value is obtained through Eq. (4), but
with the weights α1 and α2 computed as indicated below; the
weights are normalized before being applied.

α1 ¼ 1− d
D

ð10Þ

α2 ¼ d
D

ð11Þ
Frame

Segment with more detail
reference information

I1 I2 I3

a1

b1; a2

b2; a3

b3

Primary error
value (PE)

Secondary
error value (SE)

Hybrid error
value

Fig. 6. Illustration of the primary error (PE) and secondary error (SE) combination, and
concepts underlying the proposed combinations.
α3 ¼ 1− 2
D
� d−D

2

����
����: ð12Þ

The values of D and d are obtained according to Eqs. (8) and (9) re-
spectively. The final error value is given by Eq. (4).

• Normal weighting (NW)
In this combination, the contribution of SE is weighted by a normal
function centered at the middle of the interval Ik. The values of α1,
α2 and the final error value are computed as in the previous case.

In the experiments conducted, different interval widths were con-
sidered with each interval being delimited by consecutive frames
with reference silhouette, and corresponding PE. We define step as:
Δ=bk−ak. Specifically, steps ranging from 3 to 200 frames were
used. Following the procedures described in [22], the computed
error was the symmetric distance (SymDist) of the PD metrics.

For the combination of metrics using different types of GT, the
error obtained through the use of reference silhouettes (RSE) is
taken as PE, while the error obtained through the use of bounding
boxes (BBE) assumes the role of SE. When combining GT and
NGT-based metrics the process consists of two phases: first the
error without GT (NGTE) is taken as SE and BBE as PE, which are
fused through one of the previously described combinations; the re-
sult is an error measure SE′ which is combined with the RSE (as PE)
in the second phase, resulting in the final error value.

In the hybrid approach the interval widths described above were
considered for the second phase, i.e., these intervals are delimited
by consecutive frames with reference silhouette. Again, steps from 3
to 200 were considered for these intervals. For the combination of
the BBE with the NGTE, sub-divisions were performed over the inter-
val. Specifically, divisions by 2, 4, 8 and 16 were considered. When di-
viding the interval, a minimum width of 3 for the sub-intervals was
guaranteed. For the real sequences only a division of the interval by
2 was considered due to a smaller number of frames with manually
generated reference segmentation and to assure a considerable dis-
tance between consecutive frames with reference bounding boxes.

4.3. Identifying GT frame candidates

To explore the use of the proposed hybrid framework in the iden-
tification of key frames candidate for GT generation we put forward
two ideas; these are compared with uniform distributions (GT frames
placed equidistant) over the sequences. Both of the proposed ap-
proaches can be iterative procedures. The first idea consists of interval
refinement. The error output is analyzed and intervals for which the
error measure is above a given value are candidates for refinement;
in our experiments we considered values above the average error
and with at least 5 consecutive frames. In these candidate intervals,
frames with reference information are uniformly distributed with
smaller steps. The process can then be repeated. Interval steps of 25,



(a) Noise level = 0%

(b) Noise level = 10%

(c) Noise level = 50%

Fig. 7. Error comparisons for the GT hybrid approach over a synthetic sequence, consid-
ering different levels of generated noise and distance between consecutive RS frames.
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10 and 5 were considered. In the second idea putted forward, the
error output is analyzed. Reference information is generated for
frames with error values that are local maximum and the process is
repeated.

5. Results

This section summarizes the outcome of the experiments con-
ducted. First, results from combining two different types of GT in
the computation of the error with PD metrics are presented, convey-
ing the information initially presented in [24] with more detail
through new experiments. Next, the correlation analysis of PD and
the chosen NGT metric are presented, followed by the results regard-
ing the combination of the metrics.

For each experiment on GT and metrics combination, the root
mean square error (RMSE) of each approach was computed, relative
to the PD measure using only reference silhouettes — RSE.

5.1. PD metrics with GT combination

The graphics in Fig. 7 depict the RMSE variation for the combina-
tion of metrics using reference bounding box segmentations and sil-
houettes in the computation of the PD metric considering different
levels of noise in the boundary localization error (in addition to the
common tracking and detection simulated errors). For clarity, only
the results for some of the combinations are shown. It was observed
that the values for full and half interval weighting were very similar,
with the same happening for the values for linear interpolation and
normal weighting. Hence, we chose to only present the values for
half interval and normal weighting (HIW and NW respectively). In
the graphics of Fig. 7 it can be observed that, up to a given interval
size, the combination of the two types of GT produces better results
than using only BBs, with the benefit becoming clearer with the in-
crease of the boundary error noise level; this is mainly due to the in-
creased error of using only BBs.

It can be observed that, although achieving better results in some
of the experiments, the behavior of the linear transformation is more
erratic. This is mainly caused by the magnification of the SE when the
PE values delimiting the interval are very similar. The best results are
obtained through the combination with the multiplication factor. This
form of combination always outperforms the use of only BBs.

The results for the real sequences are depicted in Fig. 8. As in the
synthetic case, the combination of error information obtained with
different GT produces better results, with the exception of the linear
transformation for the same reason stated above. For the real se-
quence, the combination MF is outperformed by other forms of
fusion, which is not unexpected; when generating a synthetic
sequence, the reference bounding boxes are derived from the
corresponding silhouette. As the simulated form is an ellipse, there
is a close relation between these two types of masks and their areas,
thus favoring the combination through a multiplication factor.

5.2. GT and NGT-base metrics correlations

As described in Section 4.1, in the NGT metrics three measures are
computed for each object and then combined to obtain an error mea-
sure. Two forms of combination were suggested by the authors: aver-
age and fuzzy. Two strategies for combining the error of the objects
and obtaining a frame level error were also proposed: average of
the errors; maximum error. Table 1 summarizes the correlation re-
sults through the computation of the normalized correlation coeffi-
cient of each individual component and their combination with
regard to the value obtained with partition-distance metrics using
reference silhouettes. Moreover, the two frame-level combination
strategies are also considered. In each frame strategy, the best results



(a) Sequence OneShopOneWait 1

(b) Sequence OneShopOneWait 2

Fig. 8. Error comparisons for the GT hybrid approach over CAVIAR sequences One-
ShopOneWait1 and OneShopOneWait2 considering different distances between con-
secutive RS frames.
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for each individual component and form of combination are
highlighted.

From this analysis, one can observe that the correlations are weak
for the synthetic case with better results being obtained for the real
sequences. This is mainly due to the difficulty level associated with
the synthetic sequence, specifically concerning similarity of move-
ments and appearance of the objects which augment the error
associated with the NGT measures. When analyzing the results for
the synthetic sequence, the best correlation at the frame level is
obtained when the maximum error per object is considered; an
expected behavior since in PD metrics errors in objects with higher
dimensions tend to have a higher contribution. This is consistent with
the argument that errors in larger objects tend to capture most of the
attention [14]. For the real sequences the correlation values are
Table 1
Correlation between PD using reference segmentations and NGT-based metrics.

Correlation factor with regard to PDSym
Objects average

Sequence Noise (%) Color diff. Hist diff. Motion diff. Aver

Synthetic 0 0.05 0.06 0.06 0.06
10 0.07 −0.02 0.07 0.07
50 0.32 −0.00 0.26 0.29

OneShopOneWait1 – 0.35 0.44 −0.45 0.79
OneShopOneWait2 – 0.04 0.18 0.92 0.65
significantly higher which reveals that, even though the NGT measure
is noisier than the PDmetricswith reference silhouettes, their behaviors
are related (i.e., they tend to capture the same errors).

The average of themaximum errors was taken for themetric fusion.
Regarding the results of Table 1, note that only the suggestions of the
authors regarding the combination of the components of the NGT met-
rics were implemented. Other forms of combination of measured com-
ponents can be researched and may produce higher correlations.

5.3. GT and NGT metrics combination

This section summarizes the results on GT and NGT-based metric
combination over the dataset. From the several combinations tested,
two have stand out: full interval and normal weighting (FIW and
NW respectively). For clarity, only the RMSE, relative to the error
obtained using PD metrics and only reference silhouettes, for the
measurements resulting from these forms of combination are pres-
ented. Moreover, the RMSE values for BBE and for RSE with BBE inter-
polation are also presented for comparison purposes. The first uses
bounding boxes as reference segmentations while the second results
from the combination of the reference silhouette and bounding box
associated errors (RSE and BBE respectively), with the values for
frames between consecutive reference BBs given by linear interpola-
tion. Thus, one can compare each fusion derived error with the:
gold standard (RSE); use of only bounding boxes; combination of ref-
erence silhouettes and bounding boxes for a sparse existence of refer-
ence information.

Fig. 9 depicts the results over a synthetic sequence. For clarity, we
chose to represent only the results for a boundary localization error of
50% as this corresponds to the worst case scenario. One can observe
that, with the exception of high intervals (above 100 frames), the hy-
brid approach error is closer to the gold standard than by simply
using BBs. Even though the use of RSE with BBE interpolation pre-
sents, in some instances, an error distance similar or smaller than
the full combination, its behavior is more erratic. This is due to the
non-detection of errors occurring between the consecutive reference
BBs. Up to 100 frame intervals, the full combination of metrics en-
ables a smaller and/or more stable error distance.

For the real sequences, the advantage of using NGT metric informa-
tion ismore obvious, as shown by the experimental results summarized
in Fig. 10. With one exception, for sequence OneShopOneWait2 and in-
terval between consecutive RS frames of 50, the full fusion derived error
is significantly better than the twomeasures being used for comparison
purposes.

The better results obtained through the FIW and NW combina-
tions are justified by the contribution of the three components (the
two measures at the extremities of the interval and the noisier mea-
sure in between) for the complete interval. In HIW the weight of
the extremities' values decreases toward the middle of the interval
were only the noisier measure is considered.

For a better understanding of the benefits of this approach consid-
er the following: for the real sequence OneShopOneWait1, the error
obtained with GT-hybrid and hybrid approaches is approximately
the same (≈0.05), but with significantly less reference information;
Objects maximum

age Fuzzy Color diff. Hist diff. Motion diff. Average Fuzzy

0.05 0.09 0.09 0.16 0.13 0.12
0.06 0.10 0.04 0.17 0.14 0.14
0.29 0.35 0.14 0.37 0.37 0.36
0.96 0.02 0.45 −0.20 0.94 0.51
0.98 0.97 0.52 0.95 0.69 0.98



(a) IntervalSubdivision-2 (b) Interval Subdivision - 4

(c) Interval Subdivision - 8 (d) Interval Subdivision - 16

Fig. 9. Error comparisons for the hybrid approach over the synthetic sequence with 50% noise level.
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for a sequence of 2000 frames with 50 frames between RS frames and
interval sub-division by 2, the hybrid approach requires at least 93%
less reference information than the GT-hybrid one.

5.4. GT key frame identification

Table 2 summarizes the results of the different approaches for
identifying frames candidate for reference information. As previously,
for each experiment it was computed the root mean square error
(RMSE) relatively to the "gold standard". An initial regularization
was made by uniformly distributing reference information over the
sequence with steps of 50 frames. This was taken as basis for subse-
quent refinements. In Table 2 it is also indicated the number of frames
with reference information used in each experiment.

It can be observed that using the error output to identify intervals
candidate for more refined GT can produce better results than uni-
form spacing and, in general, with less reference frames. An exception
is the uniform distribution with steps of 5 frames; however, the num-
ber of reference frames used is significantly greater. The highlight
goes to the identification of key GT frames (frames with local maxi-
mum errors); it enabled better results than the other approaches
and with less GT frames.

6. Conclusion

In this paper a novel approach for the evaluation of video object
tracking algorithms based on the combination of reference informa-
tion and metrics to provide a rich description of the algorithm's be-
havior was proposed. It is not intended to replace frameworks and
metrics previously proposed. Rather, it should complement them by
unifying the use of reference information and benefiting from the
use of different metrics to overcome individual weaknesses. This pro-
posal is intended for the assessment of visual tracking algorithms
with outputs that can be mapped to image regions as is the case of
bounding boxes or labeled silhouettes.

It was demonstrated that the combination of different types of
ground truth can be used to decrease the effort in the generation of
detailed reference silhouettes while still approximating an “ideal”
error measure obtained using only this type of information. The com-
posite measure still maintains information about the temporal evolu-
tion of the tracking error. Despite a valuable effort minimization,
reference information is still required, in one form or another, for
every frame in the sequence.

To overcome the shortcoming of the approach combining differ-
ent types of GT the fusion of different types of GT was proposed as
well as the combination of information of metrics without GT.
Based on this concept, it was successfully demonstrated that it is
possible to significantly decrease the GT required and eliminate its
need for every frame. An error measure is obtained from the NGT
metric and corrected by the available GT information. With such a
solution the final error approximates, up to a given interval between
consecutive frames with detailed reference silhouettes, the ideal
error better than, for example, the solution using only bounding
box references for every frame. This solution can contribute to an
even more flexible video object tracking algorithm assessment
framework.

The results from the fusion of GT and NGT metrics are expected
to improve with the augmented correlation between them, resulting



(a) Sequence OneShopOneWait 1

(b) Sequence OneShopOneWait 2

Fig. 10. Error comparisons for the hybrid approach over the real sequences.
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from different combinations of the individual components of the
NGT metric, as suggested by the better results obtained for the real
sequences.

The experiments conducted were not exhaustive, covering every
possible form of GT and metrics, since it was not the objective of
this paper to identify the very best combination for every scenario.
Rather, the aim was to demonstrate that based on widely used
types of GT and state-of-the-art metrics the ideal error can be approx-
imated with sparse ground truth. As the number of frames with refer-
ence information, and in particular reference silhouettes, increases
the error measure can be made more accurate, but at the expense of
greater effort; a trade-off must be decided according to a given as-
sessment objective. As part of future work, it would be interesting
to research, for a set of test/evaluation sequences, the impact of cho-
sen start and end points of the intervals with reference information in
Table 2
Error approximation using different methods for GT frame identification.

NGT Uniform step 50 Uniform distribution (st

25 10

OSOW1 RMSE 0.6064 0.0364 0.0339 0.0338
# GT frames 29 56 139

OSOW2 RMSE 0.6242 0.0357 0.0268 0.0236
# GT frames 31 60 147
order to avoid loss of information, minimizing the error uncertainty
without a GT increase.

Even though the distribution of reference information and the
corresponding selection criteria is out of the scope of this work, we
putted forward some exploratory ideas. In particular, the use of an it-
erative procedure with candidate frames identified through local
maximums enabled better approximations of the ideal error using
significantly less GT. Nevertheless, these were just some possible
ideas. Other reference frame selection criteria can be envisaged.

Other types of ground truth and metrics may be analyzed in future
research work. Experiments can also be conducted to determine dif-
ferent forms of combination of the metrics and GT.
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