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Abstract

This paper describes a novel tracking performance eval-

uation metric based on the successful detection of events,

rather than low-level image processing criteria. A general

event metric is defined to measure whether the agents and

actions in the scene given by the ground truth were cor-

rectly tracked by comparing two event lists using dynamic

programming. This metric is suitable to evaluate and com-

pare different tracking approaches where the underlying al-

gorithm may be completely different.

Furthermore, we introduce an automatic extraction of

those semantically high level events from different types of

low level tracking data and human annotated ground truth.

A case study with two different trackers on public datasets

shows the effectiveness of this evaluation scheme.

1. Introduction

Performance evaluation of multi-object trackers for surveil-

lance has recently received significant attention. Apart

from functional testing, there are several additional reasons

for evaluation: measuring improvements during develop-

ment, scientific justification, benchmarking with competi-

tors, measuring the progress in the whole research com-

munity or commercial and legal purposes. Evaluation met-

rics for surveillance are almost as numerous as multi-object

tracking methods themselves [1]. A problem is that they

mostly address issues which do not directly tie in with the

overall semantic interpretation of the scene that users would

be most interested in. As an example, assessments of pixel-

precise target detections are relevant for the evaluation of

subcomponents like figure-ground segmentation, but fall

short of determining whether a system can make sense of

what is going on in the scene. The interpretation of scores

in terms of what they convey about the correct or incorrect

analysis of actions is often difficult. As a result, human vi-

sual inspection is still needed to compare and estimate gen-

eral performance and limitations.

Our novel tracking performance evaluation method is

motivated by the fact that humans conceptualize the world

in terms of events and objects, and our metric aims to im-

itate this behavior by evaluating tracking performance on

such higher conceptual level. Instead of comparing trackers

and ground truth data directly on a low semantic level, we

extract different types of higher level events such as enter-

ing the scene, occlusion or picking-up a bag from the avail-

able data. Our metric then focuses on the completeness of

such event detection to do the evaluation.

This work is part of the research project HERMES [2],

which aims at developing an artificial cognitive system al-

lowing both recognition and description of a particular set

of semantically meaningful human behaviors from videos.

The system to be developed will combine active and passive

sensors. HERMES pays attention to three resolution levels

of scene analysis. Depending on distance, people’s actions

can be analyzed as moving blobs, or as articulated body ges-

tures, or on the basis of facial expressions. This research

project has set out to interpret and combine the knowledge

inferred from those 3 different motion categories. An im-

portant aspect is the combination of low level vision tasks

with higher level reasoning, as well as the evaluation of dif-

ferent visual systems which cover one or multiple semantic

levels. The recognized behaviors will then be used for nat-

ural language text generation and visualization. Our event-

based tracking evaluation metric can therefore also be seen

as a first attempt towards a unified metric which could com-

bine different visual tracking disciplines on a higher con-

ceptual level.
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Our proposed method comprises the following advantages:

• The lengths of trajectories do not influence the metric

making it independent of the frame rate and density of

the ground truth labeling.

• The type of events taken into account for the final met-

ric can be fine tuned for different application scenarios.

• Easy integration into higher level event and object de-

tection frameworks.

• The metric directly helps to improve tracking algo-

rithms by identifying:

– difficult trajectories

– difficult scene locations

– difficult situations

– difficult event types

• Fast generation of ground-truth data as not every frame

needs to be annotated in full detail, as long as the

events can be reliably extracted from sparse annota-

tion.

• Reuse of already available ground truth data by auto-

matic conversion into our novel event-based represen-

tation.

• Minimizing the human factor within the ground truth

data and its influence onto the metric by means of

event-based evaluation on a higher level.

• A precise distance measurement between objects in

real-world coordinates eliminates the need to define

unreliable 2D bounding box distances.

• Aims at minimizing the need for human visual inspec-

tion of results, allowing faster testing of new algo-

rithms or longer sequences.

• Establishing a least common denominator to represent

tracking data which is versatile to handle many differ-

ent output formats.

1.1. Previous Work

Related work in the field of performance evaluation for ob-

ject tracking can roughly be classified into different seman-

tic classes that specifically address one or more of the fol-

lowing semantic levels:

• pixel-level [3, 4]

• frame-level [5, 3]

• object trajectory level [5, 6]

• behaviors or higher level events [7]

Desurmont et al. [7] which is most closely to our work

presented a general performance evaluation metric for fre-

quent ‘high level’ events where they use dynamic program-

ming to specifically address the problem of automatic re-

alignment between results and ground truth. Their defini-

tion of an event is however very much limited to the detec-

tion of blobs crossing predefined lines in order to count peo-

ple passing by. The same limitation applies also to the use

of dynamic programming, whereas our method integrates

additional location information to the matching problem.

Bashir and Porikli [5] presented a set of unbiased metrics

on the frame and object level which leaves the final evalu-

ation to the community. However, the total number of 48

different metrics make the interpretation difficult. Aguil-

era et al. [3] presented an evaluation method for the frame

and pixel level, all based on segmentation. The pixel-level

metric is currently used for the online service called PETS

metrics [8].

Wu et al. [6] evaluate their body part detector-based

tracker using five criteria on the trajectory level which cover

most of the typical errors they observed. Furthermore, oc-

clusion events were separately evaluated defining short and

long scene or object occlusions. The metric then gives the

number of successful handled occlusions against all occlu-

sions of a certain category by dataset.

The ETISEO Project [9] aims at acquiring precise

knowledge of vision algorithms by inviting multiple dif-

ferent institutes to report on a general corpus of video se-

quences. Different metrics were proposed and a final eval-

uation is still in progress. Within ETISEO Nghiem et al.

[4] presented an interesting approach where they evaluate

multiple trackers on isolated video processing problems of

different difficulties.

The rest of the paper is organized as follows: Section 2

defines the event metric; Section 3 introduces the case study

and their relevant events. Section 4 shows the experiment

results, and Section 5 discusses our findings and draws a

conclusion.

2 Event-Based Tracking Metric

This Section explains how our proposed event-based track-

ing metric is defined, generated and evaluated. Figure 1

shows an overview of the application of the event metric.

Event information is both extracted from the ground truth

data and from the tracker. The lists can then be compared

by using the proposed event metric definition resulting in a

score that reflects how well the tracker is able to handle the

specific sequence.
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Figure 1: Evaluation scheme

2.1 Event concept

The event is our basic building block of the evaluation met-

ric. We represent our higher semantic level as a list of events

which together describe the action in a scene similar to the

conceptual level of humans and similar to human language.

Each event describes an action conducted by an individual

similar to subjects and verbs in natural language. Gerber

and Nagel [10, 11] describe a system which extracts ‘oc-

currences’ from road traffic scenes. Those ‘occurrences’

have a broader meaning than our ‘event’ which is limited

to actions without a duration. Our ‘event’ always describes

instant actions happening at one particular point in time un-

like the ‘occurrences’ which distinguish explicitly between

perpetuative, mutative and terminative actions.

This simplification has several advantages for the evalu-

ation task because continuous unchanged states are extrane-

ous. Furthermore, the evaluation metric can be simplified if

all events are instantaneous. Finally, the use of events does

not prevent us from modeling perpetuative actions as we can

enclose them with starting and ending events as well as sep-

arating mutative evolving actions accordingly. Other defini-

tions of ‘events’ can be found in the literature [1], but none

of these definitions are general enough to suit our needs.

An event E is a 4-tuple and always consists of an event-

typeP , a point in time T , a locationL and it is related to one

object O. The event-type P identifies an action or interest-

ing change in the scene as described in the next subsection.

T is measured in seconds and fraction thereof, computed

from the frame rate and frame number when an event oc-

curs in the sequence. The event location L is defined as

the 3D base point in world coordinates of the associated

object. Given the camera calibration and a ground plane as-

sumption a 2D to 3D correspondence is given in most cases.

Objects O are numbered with unique IDs.

2.2 Event Types

Event types P are selected in such a way that they are rele-

vant for the application, have higher level meaning, can un-

ambiguously be identified from ground truth as well as from

the tracker results and they need to be atomic. In order to

simplify the final evaluation metric described in Section 2.4

we treat each P individually which leads to the following

examples of event types that are used for the case study in

Section 3:

• Entering / Leaving scene

• Starting / Ending occlusion

• Entering / Leaving a specific area like a shop or a

pedestrian crossing

Many more events could be considered for other appli-

cations, for example:

• Pointing at something / Being pointed at

• Starting / Ending walking, running, standing

• Picking up a bag

Actions with a certain duration such as the presence in

the scene, movement attributes like running or an occlusion

are split into a starting and ending event. Very short ac-

tions such as picking up something are single events. Inter-

actions are handled implicitly by expecting the same event

from each involved actor, like for occlusions. In case of

directed actions such as pointing, two different event-types

are used. Furthermore, it is possible to define special areas

in the scene such as a pedestrian crossing or waiting areas

which can trigger events.

Within the scope of this paper, we do not further ex-

pand or group events into different hierarchical layers even

though some events would have a semantic relationship.

Within such a hierarchical event-logic, an ‘entering’ and a

‘leaving’ event for the same object could be grouped into

a ‘object was seen’ event for example. This would fur-

ther require to define a distance measure between events in

order to correctly evaluate partial correct event-structures.

Defining semantic distances is very difficult especially for

the general task of multi-object tracking. However, for spe-

cific applications and well constrained tasks a hierarchical

event-logic could indeed be defined as shown in [10, 11].

2.3 Event Generation

In order to generate events from either manually labeled

data or continuous tracker output, only the four basic build-

ing blocks of an event E(P , T ,L,O) need to be extracted

from the data. This allows to compare different types of

trackers with different flavors of annotation data. However,

individual conversion methods have to be used to generate

the events depending on the type of the underlying data.
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T is measured in seconds andO can directly be extracted

from almost any data type. L is more difficult to extract as

it most often needs further processing to find the 3D base

point from 2D image coordinates of an object given the

camera calibration. The most difficult part is the definition

and extraction of events, which will be discussed in more

detail.

Generally, event extraction rules can be defined as com-

plex as desired, using additional data such as camera cal-

ibrations or location maps, which are not necessarily re-

quired during annotation or tracking. Using the same for-

malism and categorization of Gerber and Nagel [10, 11],

we can define an event by its pre-condition which has to be

satisfied before the event is happening and a post-condition

once the event has happened. Section 3.3 gives concrete

examples.

In order to reliably extract events, it is often important

to take more information into account than just P , T , L,

O. The additional information required to reliably define

an event has to be chosen carefully in order to allow com-

parison between different trackers and sequences.

2.4 Evaluation Metric

Our evaluation metric is based on comparing the list of

events extracted from ground truth data and the list of events

extracted from the trajectories generated by the tracking al-

gorithm. The evaluation can best be described as a pipeline

of 3 steps where we first use dynamic programming to find

the best matches between events of the same P from both

lists. Then we compute the different measurements based

on the matched events. Finally, we analyze the event match-

ing for each object individually in order to measure chang-

ing object identities. Due to the characteristic of the 4-tuple

of each event the metric can exploit either binary matches

or continuous distances as shown in Table 1.

E building blocks binary match cont. distance

P event type X -

T time thresholded X

L location thresholded X

O object ID X -

Table 1: Evaluation metric

As described in Section 2.2, we do not define a distance

metric between different event-types. We only match and

evaluate each event P separately.

2.5 Evaluation Pipeline

In the first step of our evaluation pipeline we use dynamic

programming techniques to match events from the same

event type. As distance measurement between two events

i, j we combine T and L into one distance in the following

manner:

disti,j = min(α|Ti − Tj | + ||Li − Lj ||, maxdist)

Where ||...|| is the Euclidean distance, α is a scaling fac-

tor in order to allow to compare the different units of sec-

onds and meters. The parameter maxdist is a maximal dis-

tance above which the match is considered to have failed.

For our experiments, we have chosen α in such a way that

a difference of 5 seconds respectively 12 meters is equal

maxdist. These values are chosen with a generous mar-

gin above Tave and Lave as we do not want to penalize

reasonable time and location deviation at this early stage

in the evaluation pipeline. The dynamic programming will

give us the optimal match between ground truth and tracker

events according to the above time and location distance as

shown in Figure 2. All matches which stay below the max-

imal distance are counted as true positives (TP). Events on

the ground truth list which have no corresponding event in

the tracker list or match with maxdist are counted as false

negative (FN). Events from the tracker which could not be

matched to any ground truth event are counted as false pos-

itive (FP). This first evaluation measures how well the de-

fined event types were correctly handled by the tracker re-

gardless of a correct and continued identification of the sub-

jects in the scene.

Figure 2: Event matching of same type

In a second step, we compute the average time Tave and

location Lave deviations from ground truth of all correct

matches (TP) to measure the accuracy of the tracker. FP

and FN are important to further identify time periods and

locations where errors in the tracking occurred.

In a third step, we take a closer look at all ground truth

subjects with a TP Entering Scene event and their corre-

sponding O. This metric answers the question: how many

of all events were detected correctly of an object. We com-

pute the percentage of correct events TP out of all events.

This percentage is a measure for the tracking quality of a

certain object. Furthermore, we count the total numberOtot

of different O for the ground truth object it was matched to,

in order to measure identity changes.

Events in the first and last frame of the ground truth

are not evaluated. Tracker events which can be matched
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to those events are discarded. This prevents the evaluation

of events, which might have happened before the first frame

and obviously could not be annotated correctly such as peo-

ple already present in the first frame.

3 Case Study

In order to verify the versatility of our novel evaluation met-

ric we conduct a case study where we apply two differ-

ent tracking algorithms to two well-known benchmarking

data sets: CAVIAR and PETS2001. In this Section we first

present the two data sets and analyze them in order to iden-

tify the relevant events. These are then described using the

notation described above. Furthermore, we briefly present

the two trackers to test our evaluation scheme.

3.1 CAVIAR Data Set

From the numerous CAVIAR datasets [12] we choose the

short OneLeaveShopReenter1cor sequence to demonstrate

the event extraction by evaluating six different event types,

relevant for this sequence: Entering scene, Leaving scene,

Start occlusion, End occlusion, Entering shop and Leaving

shop. The ground truth events were extracted from the pub-

lic available XML annotation data. The shop area shown

in Figure 3 is the sole additional information to this eval-

uation. The base point of the objects in world coordinates

are calculated with the camera calibration as given on the

CAVIAR web-site.

Figure 3: CAVIAR OneLeaveShopReenter1cor sequence

3.2 PETS 2001 Data Set

As another example we experimented with the well known

PETS2001 dataset [13] as it consist of additional challenges

for our metric. Fine tuning of the automatic event extraction

was needed due to the special XML format and the different

object types such as cars and people. For this evaluation we

ran the trackers for the first 1570 frames. Relevant events

for this sequence are Entering scene, Leaving scene, Start

occlusion and End occlusion which were extracted automat-

ically.

3.3 Event Description

Even though the event types are semantically clearly de-

fined, we briefly describe their actual implementation for

the different data formats. Entering and Leaving scene

events are found in those frames where an object is seen the

first and last time in the sequence. Due to common insta-

bilities in size and localization during entering and leaving,

we apply a weighted average filter to the object position.

The object size given by the bounding box area is used as a

weighting factor for L over 10 frames. Human annotations

tend to contain single hands, arms or heads of persons while

they appear or disappear, which would give very wrong base

point assumptions if not filtered. Start and End occlusion

events are triggered as soon as two objects overlap. While

the initial start event needs a significant overlap in order to

filter out small contacts.

Special area events such as Entering and Leaving Shop

use an additional marked image area for which object move-

ments into or out of the area trigger such events. Again, we

filter the number of events for each object to prevent event

bursts due to tracking location inaccuracies.

3.4 Tracker 1

The architecture of the first tacker [14] is based on a modu-

lar and hierarchically-organized system (see Figure 4). A

set of co-operating modules, which work following both

bottom-up and top-down paradigms, are distributed through

three levels. Each level is devoted to one of the main dif-

ferent tasks to be performed: Target Detection, Low-Level

Tracking (LLT), and High-Level Tracking (HLT). Since

high-level analysis of motion is a critical issue, a princi-

pled management system is embedded to control the switch-

ing among different operation modes, namely motion-based

tracking and appearance-based tracking. Tracker 1 has the

ability to track numerous targets during grouping and split-

ting while maximizing the discrimination between the tar-

gets and potential distracters.

The system works as a stand-alone application and is

designed for offline processing of sequences without the

need of real-time operation. For our case study tracking

results were exchanged in a proprietary format containing

ellipse target representations on a frame by frame basis. To

ease further processing of this format, rectangular bounding

boxes were computed around the ellipses prior to event ex-

traction, which resulted in similar data over all trackers and

ground truth.

5



Figure 4: Hierarchical multiple-target tracking architecture

3.5 Tracker 2

The second tracker [15] which we use to test the evalu-

ation metric is a real-time tracker based on segmentation

by exploiting a static background. It performs a per-pixel

classification to assign every pixel to one of the different

objects that have been identified, including a background.

The classification is based on the probability that a given

pixel belongs to one of the objects given its specific color

and position. The object probabilities are determined on

the basis of two components. On the one hand, the appear-

ance of the different objects is learned and updated, which

yields indications of how compatible observed pixel colors

are with these models. On the other hand, a motion model

makes predictions of where to expect the different objects,

based on their previous position. The appearance models of

tracker 2 use Gaussian mixtures in RGB color space with

a single Gaussian per-pixel for the background and mul-

tiple Gaussians for foreground models. The approach is

akin to similar Bayesian filtering approaches, but has been

skimmed down to strike a good balance between robustness

and speed. Figure 5 sketches the tracking framework with

its probability images. Tracking results are generated in

the same XML format like CAVIAR containing rectangu-

lar bounding boxes for each object.

Figure 5: Overview of the Bayesian per-pixel classification

tracker

4 Results

This section presents results from our case study where

we apply the automatic event extraction on different public

datasets to evaluate and compare two different tracking al-

gorithms. Finally, some effects of the metric are discussed.

To test the versatility of our method for different types

of ground truth data, we extracted our event representation

from a PETS and a CAVIAR sequence. For this process the

public available annotation data in different types of XML

formats were processed. No additional human ground truth

labeling was needed to extract the events automatically.

P ground truth tracker 1 tracker 2

Entering Scene 2 2 2

Leaving Scene 1 1 1

Starting Occlusion 2 2 2

Ending Occlusion 2 2 2

Entering Shop 1 1 1

Leaving Shop 1 1 1

Table 2: Detected events of the CAVIAR sequence

4.1 CAVIAR

Table 2 shows the total number of event detections for the

OneLeaveShopReenter1cor CAVIAR sequence and Table

3 contains the evaluation metric applied to the two ob-

ject trackers. As can be seen this sequence is tracked per-

fectly by both trackers. The object-based evaluation is not

shown here, as it does not contain more relevant informa-

tion. Slight differences can be seen in the location accuracy
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Lave where tracker 2 is less accurate than tracker1 due to

strong reflections on the floor especially near the shop area.

However, no significant time delay can be measured on ei-

ther tracker.

P Tracker 1 TP FN FP Tave Lave

Entering Scene 2 0 0 0.18s 0.17m

Leaving Scene 1 0 0 0.16s 0.81m

Starting Occlusion 2 0 0 0.12s 0.34m

Ending Occlusion 2 0 0 0.16s 0.59m

Entering Shop 1 0 0 0.04s 0.47m

Leaving Shop 1 0 0 0.12s 0.30m

P Tracker 2 TP FN FP Tave Lave

Entering Scene 2 0 0 0.32s 1.91m

Leaving Scene 1 0 0 0.08s 0.99m

Starting Occlusion 2 0 0 0.04s 0.12m

Ending Occlusion 2 0 0 0.04s 0.14m

Entering Shop 1 0 0 0.00s 0.81m

Leaving Shop 1 0 0 0.04s 1.44m

Table 3: Event-based evaluation of the CAVIAR sequence

4.2 PETS2001

Table 4 and Figure 4 show for the PETS 2001 DS1 se-

quence the total number of the event detections. Tables 5,

6, 7 give the evaluation metric applied to the two object

trackers. It can clearly be seen that this sequence is more

challenging giving more false negatives (FN) and false posi-

tives (FP). The evaluation also shows that the offline tracker

1 performs better than the real-time tracker 2. Especially

entering and leaving objects are better handled due to the

more sophisticated architecture combining bottom-up and

top-down paradigms. A closer look onto the failures of

tracker 1 shows that most FN and FP are caused by tack-

ing multiple objects as one single object instead of the an-

notated individuals in the ground truth resulting in several

missed occlusion events. Tables 6 and 7 show good results

if we just evaluate those ground truth objects which have an

associated tracker object. The analysis of tracker 2 shows

a high FP numbers of entering and leaving scene events,

which is caused by lost tracks during occlusion. This can

also directly be seen in Table 7 by the high number of Otot

which counts identity switches.

4.3 Metric

Besides the promising results we also found some limita-

tions of the proposed metric. Given the annotated ground

truth, the difficulty of a sequence can not fully be deter-

mined from the number, types and density of events. How-

ever, the number, types and relationships between the events

P ground truth tracker1 tracker2

Entering Scene 10 11 18

Leaving Scene 3 5 15

Starting Occlusion 36 32 28

Ending Occlusion 38 28 26

Table 4: Detected events for the PETS sequence

200 400 600 800 1000 1200 1400
 

Entering Scene

Leaving Scene

Starting Occlusion

Ending Occlusion

Frames

Figure 6: Frames/Event plot for the PETS sequence. Stars

are ground truth events, squares from tracker 1 and dia-

monds show events from tracker 2.

P Tracker 1 TP FN FP Tave Lave

Entering Scene 9 1 2 1.28s 0.11m

Leaving Scene 3 0 2 0.02s 0.06m

Starting Occlusion 23 13 9 0.82s 0.28m

Ending Occlusion 20 18 8 0.43s 0.04m

P Tracker 2 TP FN FP Tave Lave

Entering Scene 7 3 11 1.8s 0.18m

Leaving Scene 3 0 12 0.7s 1.25m

Starting Occlusion 18 18 10 0.52s 0.29m

Ending Occlusion 16 22 10 1.00s 1.05m

Table 5: Event-based evaluation of the PETS sequence

O Tracker 1 TP percentage Otot

GT Object 0 4/4 1

GT Object 1 8/16 3

GT Object 2 12/13 2

GT Object 3 7/11 5

GT Object 5 6/12 2

GT Object 6 3/3 1

GT Object 7 6/10 2

GT Object 8 3/4 2

GT Object 9 2/4 1

Total 51/77 (66%)

Table 6: Object-based evaluation of tracker 1 (PETS)
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O Tracker 2 TP percentage Otot

GT Object 0 4/4 3

GT Object 1 10/16 4

GT Object 2 10/13 5

GT Object 3 5/11 6

GT Object 6 3/3 2

GT Object 7 4/10 4

GT Object 9 1/4 1

Total 37/77 (42%)

Table 7: Object-based evaluation of tracker 2 (PETS)

can give a first estimate for the difficulty of a sequence for

a certain event type. Due to the absence of relevant difficult

’events’ such as illumination changes or scene occlusions

within ground truth and tracking results several difficulties

are not directly visible to our metric. Only human inspec-

tion of the frames were many failures occur might show the

illumination change.

5 Summary and Conclusions

A novel tracking evaluation metric on a semantically higher

level was introduced based on events for multi-object track-

ing. Two different public datasets were automatically pro-

cessed. They showed the versatility of the metric, which

allows to define individual type of events for different appli-

cation scenarios. Already available annotated ground truth

data targeting lower level metrics could be reused and auto-

matically converted into our novel event-based representa-

tion. The metric aims at emulating a human visual inspec-

tion by conceptualizing the evaluation similar to the human

terms of objects and events. This minimizes the need for

human visual inspection, allowing faster testing of new al-

gorithms or longer sequences.

5.1 Outlook

Further tests have to show whether the same type of events

and metric could be used to also integrate visual detection

application such as facial emotion detection or biometric

identification.
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