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Efforts to establish appropriate evaluation
methods, datasets, groundtruth.

Metrics chaos — difficult to establish an accepted
method for ranking the competing algorithms,
particularly for end-users, technology integrators
and governmental agencies.

What is required is a methodology capable of
generating a meaningfatalar measuref
performance and supporting thgtimsation of
algorithm parameters
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Metric Chaos

Metrics for object detection evaluation:

VillegasWIAMIS '99 CorreiaCIP 00, Di StefandCIAP '01,
ErdemICIP '01, CavallardCIP ‘02, Jayne$’ETS 02 Mriano
ICPR '02 BlackPETS '03 VillegaslEEE IP '04, Nascimento
PETS '04 GelascaCVPR '04 SchlogllCPR '04, AguileraPETS
'05, Hall PETS '05 ...

Frameworks and initiatives - datasets,
groundtruth, tools, metrics...

ETISEO, PETS, CAVIAR, VIPER, CLEAR, VIVID,
AVITRACK, VITAL, VAREAAE, CANTATA, REASON...

Approaches:

pixel vs. object, temporal integration, local vl ...
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Overvie

Aim to highlight the complexity and range of f
Issues which underpin the design of good mc
detection evaluation methodology.

* The distinction and relative merits of pixel-based
object-based metrics

« Making explicit evaluation parameters, their effen
evaluation

 The impact of defining thend-user application

e Selecting appropriate algorithm and evaluation
parameters values using F-measure

o Comparing the performance of different algorithons
two datasets
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Typical Evaluation Syste

Metrics
* Pixel base, ~=la_an evaluation of
Individual ¢ COMPARE
* Object based =suwjeeave INterpretation of vectors
of different metrics .
System parameters i |
AN ‘ i
. -

(_ OPTIMISE :
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Methodology for Interpretation of Metri

ROC curves e
 Objective and easy to interpret go» [+
« Cost-ratiodefines different end- = os N
L. 2 f = PR~
user applications 5 , N {Np).
e non-existence of true negativies B ¢
object based evaluation o

False Positive Rate

ldeal properties of an alternative methodology:
* a ‘ROC-like’ scalar to optimise parameters

« exploits the idea of detection evaluation in tbatext of the
end-user application

« avoids the true negative objects
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Application Scenaric

In the previous pixel-based ROC methodology, weneeftwo
application scenariosith different misclassification cost ratios:

ent

t Evaluate motion detectionn
not as a stand-alone module

but In the context of the

o | >ent

; survelllance system.  jdeo

IN




Evaluation Paramete

Object-based approach requires ¢therespondencef
GT and detected blobs, and hence selection of
evaluation par:

I
No -
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Methodolog

1. Select the evaluation parameters for each
application scenari@deally over the space
of all algorithms, all combinations of
algorithm parameters, and all combinations
of evaluation parameters)

2. Optimise each algorithfior best
performance.

3. Compare the performanoéthe optimised
algorithms for a given application scenario.




F-Measure Methodoloc

F-measure method
 Information Retrieval (C.J. van Rijsbergen, 1979)
e Object Boundary Detection (Martet al,2004)
* Not used in Visual Surveillance

Recall- the fraction of gr=__ N
objects that is detected ~ Nre ¥ Nex

Precision- the fraction p-_ N
of detected blobs that Nrp + Nep
IS true positive
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Definition of the F-Measu

F-measure- the weighted harmonic mean of R
and P

1 Pl |so-effectiveness lines

_ | L T 5
F=—s 1 |

a—+@14a)= |
P R

« Parameter controls the

relative importance of P and
R for a given scenatrio.

e Maximise F for the
optimal performance for

given
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Optimal Point Selectic
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Optimal Point Selectic
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Parameterising the Application Scena

F - 1 d reflects the relative importance of
21y (I- a)i precision and recall for a specific
P R  surveillance task application scenario
R = I\ITP — |\ITP
|\ITP + NFN I\ITP T NFP

Ticket FraudScenario:
P essential | > are high

Evidence Gatherin§cenario:

R essential | > dec low
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Optimal Evaluation Parame

PETS-01-caml

Kingston Carpark
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precision

Optimal Algorithm Paramete

Kingston Carpark dataset
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Comparison using F-meas

PETS-2001-cameral Kingston Carpark
Evidence . Evidence .
Gathering Ticket Fraud Gathering Ticket Fraud
L 0.94 0.934 0.755
Grimson
Motion
S 0.867 0.937 0.887 0.72
distillation
Renno et al 0.85 0.807 0.725 0.583

NOTE: The relationship between achieved levelfiefR-measure
for the standardised application scenarios carcatelithe level of
difficulty of a dataset!
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Where Is it best to evaluateotion detectio®
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Thank You
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