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Preface

In September of 2003 a one week meeting of the authors1 of this document was held near Colch-
ester, funded by EU IST project 1999-14159, to discuss best practices in the design and evaluation
of computer vision systems. The main aim of the meeting was the generation of this document,
an attempt by the authors to relate common problems and scienti�c issues across a broad range
of topics in the �eld. It is our intention to publish this work in an international journal, in the
meantime this working version is to be distributed from our web pages. The intended audience
is primarily PhD students, though we expect that established researchers may �nd some of the
contents interesting.

Abstract

It is frequently remarked that designers of computer visionalgorithms and systems
cannot reliably predict how algorithms will respond to new problems. A variety of
reasons have been given for this situation, and a variety of remedies prescribed [99, 213,
33]. Most of these involve, in some way, paying greater attention to the domain of the
problem and to performing detailed empirical analysis. This document is not intended
to be a a standard review article. Rather, the goal of this paper is to review only what we
see as current best practices in these areas and also suggestre�nements that may bene�t
the �eld of computer vision. A distinction is made between the historical emphasis on
algorithmic novelty and the increasing importance of validation on particular data sets
and problems.

1With the exception of Bill Crum who was invited to contribute later.
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1 Introduction

The aim of this paper is to relate and consolidate common approaches to the task of understanding
the performance characteristics of algorithms in a varietyof application tasks. By performance
characterisation we refer speci�cally to obtaining a su�ciently quantitative understanding of per-
formance that the output data from an algorithm can be interpreted correctly. This can be
understood as an entirely statistical task. This touches onother aspects of building complete
systems, such as validating software though not testing hardware, though clearly this is a related
task.

This paper consists of two main parts: a review of selected past work in performance characteri-
sation as it has appeared across a range of subject areas in computer vision; and the presentation
of a conceptual framework that ties these e�orts together and describes the new insights gained
by doing so, as well as pointing to current scienti�c challenges and possible new directions.

We begin by describing a framework that is based on a set of keyquestions aimed at revealing the
current state of development of methodologies and best practices, as well as the results obtained.
We review previous published work in the context of this framework, covering a number of problem
domains addressed in the computer vision literature. The areas covered include both lower level
(feature detection, shape description,etc.) and high-level visual tasks (eg detecting structural
changes in medical images) but is by no means exhaustive. Theintention is to demonstrate the
commonality between the research questions that de�ne scienti�c progress in the subject, while
giving practical examples of the range of potential issues that these questions raise. We then
discuss the consequences of applying the framework to the current work.

2 Background and Motivation

Discussion over the need for and role of rigorous performance evaluation of vision algorithms was
raised as a speci�c question within the academic community from 1986 [97, 204]; again in the
early 1990s [127]; continued by Haralick within DARPA and elsewhere [83, 98, 100, 101] and by
F•orstner [79] and was taken up within certain communities,in particular OCR [176, 177, 215],
document understanding [149, 150] and graphics recognition [62, 137, 41, 266, 154, 267, 260], and
photogrammetry [186, 47].

The mid to late 1990s saw the organisation of a number of workshops (ECVnet [51]; ECCV96 [114]
leading to a special issue of Machine Vision and Applications [78]; DAGM'97 [77]; CVPR98 [32],
a 1998 Dagstuhl workshop [136]; ICVS99 [45]; AVICS99 [25] and ECCV2000 [43], also leading
to a book [44]), journal special issues ( [199, 196]), as wellas web resources ECVnet2, PEIPA 3

and CMU4) which have evolved today to a set of well-established workshop series (eg PETS5,
Empirical Evaluation in Computer Vision6, and NIST's PerMIS Performance Metrics for Intel-
ligent Systems7), as well as a tutorial series of the PCCV project sponsored by the European
Commission8.

In the industrial arena, the initial high expectations of machine vision were not fully met and
the anticipated growth of a vision industry did not materialise outside a few signi�cant niches
(notably semiconductor manufacturing and pharmaceuticalmanufacturing). Many potential end-
users remained sceptical well into the 1990s, citing a lack of robustness [15]. Recent years have

2http://www-prima.inrialpes.fr/ECVNet/benchmarking.h tml
3http://peipa.essex.ac.uk/
4http://www-2.cs.cmu.edu/afs/cs/project/cil/ftp/html /vision.html
5http://visualsurveillance.org/
6http://www.cs.colostate.edu/eemcv2005/
7http://www.isd.mel.nist.gov/PerMIS 2004/
8http://www.tina-vision.net/
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seen the increasing acceptance of vision in a wide range of speci�c applications where highly hand-
crafted solutions have been commercialised. Our observation is that these successes have generally
been developed on a one-o� basis by experts in their own �eldsand not as a result of systematic
application of results published in the computer vision literature. Researchers interested in system
building and higher-order behaviours, such as robot navigation and generalised learning exhibiting
graceful degradation, have also been frustrated by the brittleness of the vision modules they have
to work with.

As the �eld of computer vision has developed, the pool of experienced vision researchers and fresh
PhDs has increased. New application areas have been sought out and explored in collaboration
with technical experts in those �elds. The computer vision community is now interacting with a
much wider scienti�c and funding community than ever before. Although the comparative testing
of algorithms has been slow to establish itself, these widergroups are asking questions about the
validity of speci�c tools for their given data analysis problems.

The availability of the World Wide Web as a means of exchanging and sharing common data
sets and code has greatly facilitated the increase in performance comparisons in the presentation
of new work, as witnessed by the increasing reference to servers where data and/or code may
be downloaded. The rise of the Web and multimedia tools have also played a role in presenting
new vision applications. Increased computing power has enabled the running of experiments and
simulations which would not have been possible before.

Finally, the few published evaluation methodologies have started to be taken up in certain areas.
There is a gradual acknowledgement that sharing code and data is important for replication as
the basis of the scienti�c method, and that the community needs to build on the work of others
for the �eld to advance, just as it has in other scienti�c disciplines.

3 A Framework for Understanding the Performance of Vision Al go-
rithms and Systems

Whilst the subject of algorithm performance characterisation has become established as one of the
set of issues to be considered in computer vision research (as evidenced by recent conference calls),
there is still a lack of consensus on the appropriate questions to be asked. Phillips [197] outlined
the di�erent levels of analysis for a biometric system, and this also appears to be applicable to
vision systems in general:

Technology evaluation concerns the characteristics of the technology as conditions are changed
(sensor noise, contrast, model database size,etc.) for a range of parameter settings. Pre-
recorded data sets are used, so that the tests are repeatableand can be used for comparison
purposes. It is at this level that algorithm developers can determine the characteristics
of their algorithms using generic metrics such as ROC (Receiver Operating Characteristic)
curves. A good analogy is with measuring the properties of a transistor: it is characterised by
a number of simple parameters (gain, voltage drop) which describe the relationship between
inputs and outputs (voltage, current) over a range of conditions (voltage, temperature), and
which is independent of the actual use in a large system (switch, ampli�er, detector, �lter,
etc).

Scenario evaluation concerns how the system behaves for a particular application domain for
a speci�c functionality eg recognition, veri�cation with i ts set of variables (type of lighting,
number of users) and how the parameters should be set to obtain the best performance.

Ramesh [213] independently summarised a system engineering methodology for building vision
systems with two main steps;component identi�cation and application domain characterisation,
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which are equivalent to thetechnology evaluationand scenario evaluationjust described.

3.1 The Role of Quantitative Statistics

Characterisation of an algorithm requires a more formal statistical approach than is conventionally
attempted in computer vision. In particular, many algorithms seem to have been designed without
explicitly considering the statistical character of the input data at all and this makes it very
di�cult to proceed to the next step of quantitative predicti on of performance. It is useful to
consider algorithms as estimation processes wherever possible. In general, it is possible to take any
algorithm that has a de�ned optimisation measure and relatethe computational form to likelihood.
Similarly, one can take any algorithm that applies a threshold and relate it to hypothesis tests or
Bayes theory. In the process of doing this, one discovers theassumptions necessary in order to
achieve the association. Although the computational details of many algorithms may look very
di�erent to standard methods in use in statistics, all seemingly novel data analysis methods are
ultimately reconcilable with existing ideas in quantitative statistics. In fact, this can be seen as
inevitable once one accepts that probability theory is the only self-consistent form of data analysis.

Once the algorithm has been interpreted in a quantitative statistical form, it is then possible
to apply the conventional methods of stability analysis andprediction in order to test these
assumptions.

This in turn leads to the proposition that if the assumptionsmade do not match the true data
distributions, it may be possible to pre-process data or re-de�ne the problem so that they do. For
example, if the data has a Poisson distribution but a Gaussian is assumed in the algorithm, then
the data can be preprocessed using a square-root transform to regain Gaussian behaviour[66].
Likewise a binomial distribution may be converted into an approximation to a Gaussian by the
arcsine transform, Indeed these are standard techniques already described in the statistical liter-
ature [236].

In addition, the quantitative nature of these approaches has the advantage that it is possible
to make de�nite statements regarding the expected performance of a system using the theory
upon which the method is based, and against which actual performance can be compared. This
approach should perhaps be regarded as the only possible theoretical basis for computer vision
algorithm design and testing. We summarise many of the methods in common use below.

A factor that makes machine vision research a particular challenge is that conventional vi-
sion/statistical techniques often need to be further developed and adapted, in order to avoid
di�culties with numerical or non-linear aspects of the algorithm. Clearly simpler algorithms are
the most straightforward to analyse. It then remains for these results to be validated using data
for the forms of variation which most in
uence the performance of the method.

We suggest that the questions an algorithm developer shouldask are ones that relate directly to
the identi�cation of sources of variation and the use of a quantitative methodology. Historically,
and we feel erroneously, these issues have not been seen as being of primary importance in the
computer vision literature. In order to give an assessment of where computer vision as a �eld
is today, we devote a sizeable portion of this paper to reviewing the current state of empirical
evaluation for a number of visual tasks.

3.2 Characterising Variation

A common observation is that algorithms perform di�erently when run on apparently similar
data. Characterising this variation is both essential and di�cult. Underlying this di�culty is the
the perception that there is one unique variation associated with an algorithm. To underscore
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the idea that there are di�erent ways of formalising the concept of variation let us consider three
speci�c examples.

The �rst type of variation we might wish to consider is therepeatability of the estimation process
| that is, how much might the results from our algorithm vary i f we were to acquire another,
identical data set di�ering only due to measurement noise. For many estimation processes, this
variation is already a su�cient result to allow this processto be used in the design of a larger
system, by matching the characteristics of the output data to the assumed behaviour needed for
the design of subsequent modules. It also tests the stability of the algorithm by allowing us to
establish whether small changes in the data, at the level expected due to natural variation, result
in correspondingly small changes in the output.

A second type of variation is due tointrinsic variability in a problem description. Using face
recognition as an example, what might we expect the recognition rate to be given di�erent images
of the same 100 people under for example variations in lighting and pose? The variance due to
intrinsic variability characterises how much an algorithm's behaviour will vary from one execution
to another on data drawn from a population/domain (rather than sensor noise).

Another type of variation occurs in test reliability due to sample size. It essentially answers
the question: \We have observed onlyn samples from a population; how sure are we about the
population as a whole?" Imagine we observe that a face recognition algorithm has a recognition
rate of 80% on 100 test images. What range of recognition rates would we expect on a di�erent
set of 100 imagesfrom the same domain/population? More importantly, do we require a sample
of 1; 000 images, in order to conclude that one algorithm is betterthan another [95].

In fact, for any algorithm, you can choose to �x any given set of variables on the input data and
vary those remaining to generate a variance estimate. Each will inform us about di�erent aspects
of algorithm performance and give corresponding insights which might lead to modi�cation of the
algorithm. Equally however, this degree of freedom can alsolead to confusion as to what is the
most appropriate way of testing systems and the conclusionswe can expect to draw.

3.3 Black Box and White Box Testing

Most of the papers in the empirical evaluation workshops areaimed at addressing black box
evaluation methodologies for vision algorithms. By this wemean that the internal workings of
an algorithm are not directly considered, only the output which follows from an input. This is in
contrast to Ramesh and Haralick ( [208], [211]) and Ramesh etal [214] that address white box
evaluation.

The white box approach to performance characterization requires abstracting the essence of the
algorithm into a formal mathematical expression or transform, identifying a statistical model of
the input data and deriving the output statistical model. The complexity of the process depends
on the nature of the algorithm, the input data types and the output data types.

To facilitate the propagation of variation through white box models, tools used in [214] along
with other numerical methods (e.g. bootstrap ([63])) perform the characterization with analytical
statistical models. The tools/steps available include:

� Distribution propagation: The input to an algorithm (i.e. an estimator) is characterized by
one or more random variables specifying the ideal model, itsparameters, and by a noise
model with a given probability density function (pdf). The output distribution is derived
as a function of the tuning constants, the input model parameters, and the noise model
parameters.

� Covariance propagation: The algorithm output is thought ofas a non-linear function of the
input data and noise model parameters. Linearization is used to propagate the uncertainty
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in the input to the output uncertainty. Care should be taken while using this tool since the
approximation may be only good when the linearization and �rst order error approximations
are valid. Further details are presented in [103].

� Empirical methods: Courtney et al [55] describe an empirical approach to systems evaluation.
Statistical resampling techniques (e.g. bootstrap) are used to characterize the behavior of
the estimator. For example, the bias and uncertainty can be calculated numerically (see Cho
and Meer [42] for the �rst description of edge detection performance characterization using
bootstrap). Monte-Carlo methods are used for the veri�cation of theoretical results derived
in the previous two steps.

� Statistical modeling: Modeling at the level of sensor errors (Gaussian or other perturbations
in input), prior models for 3D geometry, spatial distribution of objects, and modeling of phys-
ical properties (e.g. constraints on the types of light sources in the scene), etc. The related
literature is rather vast and encompasses methods from �elds such as Bayesian statistics,
Spatial statistics, and Computer Vision and we shall not discuss this further here.

3.4 Assessing Progress

The purpose of this paper is to try to identify what might be considered best research practices in
the �eld. In order to do this we must establish a criterion forwhat constitutes scienti�c progress.

We go back here to the de�nition used to assess the contents ofa paper or a thesis, that the work
must make a contribution to knowledge. Based upon this, it isour belief that where possible,
research papers should contain results which are as independent as possible of the details of the
particular analysis method selected. As explained previously, this raises an immediate challenge
in a �eld with so many particular application areas. In particular performance �gures for any
algorithm can vary according to the dataset tested. Thus quantitative results are often less useful
for future researchers than some might think they should be.One way to avoid this problem is to
develop an understanding of how well an algorithm is expected to work, in order to con�rm that
a given implementation really conforms to expected behaviour. We need to ask whether we know
enough about the problem to be able to recognise the right answer when we get it. Sometimes
preconceptions of what we expect to see as results can take the place of a more formal de�nition
of what is actually required or intended. This is a particular issue when our preconceptions of
what we would like are actually impossible given the information contained in the data available.

Another way to �nesse these problems is to de�ne and work withcommon data sets, but this is
accepted to be very di�cult and can only work up to a point. In cases where we cannot de�ne
a single test data set, then we need an alternative method which will put the results from an
algorithm into the context of other approaches, ie: a comparison, and for this we need some
agreement within the �eld for which algorithms should be used for comparative purposes. The
speci�c details regarding which algorithms are selected for these purposes, and why, might be less
important than an acceptance that such a mechanism is necessary and a basic agreement of which
would be acceptable.

Developing a scienti�c understanding of performance requires us to quantitatively understand how
our correct answers would be expected to match those delivered from the algorithm under real
world circumstances (such as noise). This level of understanding begins to make possible the use
of the algorithms in larger systems. Such exploitation of methods represents another form of direct
contribution to scienti�c knowledge. Assuming that all algorithms should be ultimately reconcil-
able with probability theory, we need to ask whether the bodyof theory is present which would
allow the assumptions, required to derive a particular analysis approach, to be identi�ed. This
gives us the theoretical underpinnings of the subject, so that we know not only how to approach
solving a problem but why that approach is fundamentally correct for a speci�c de�nition of the
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task. On the basis of all of these levels of understanding, wecan �nally make recommendations
regarding the methods available for the design and testing of speci�c algorithms. Making sure
that we match the de�nition of what was required to how output data is intended to be used.

In this paper we attempt to take the issue of technology evaluation a step further by de�ning the
following KEY QUESTIONS to highlight the current state of development of methodologies and
best practices.

� How is testing currently performed?

� Is there a data set for which the correct answers are known?

� Are there datasets in common use?

� Are there experiments which show algorithms are stable and work as expected?

� Are there any strawman algorithms?

� What code and data are available?

� Is there a quantitative methodology for the design of algorithms?

� What should we be measuring to quantify performance?What metrics are used?

The idea here is to encapsulate what may be seen as genuine scienti�c progress, culminating with
the identi�cation of a theory of image data analysis. One aspect of our approach is to try to de�ne
what might be appropriate metrics by appealing to the statistical de�nition of the task. In doing
so we will be asserting that all algorithm constructs shouldcome from a probabilistic statement
for the solution of the problem, such as: the probability of aparticular interpretation of the image
data given a set of assumptions regarding expected data distributions. In particular, a good test
metric describes concepts such as detection reliability (which can be derived from the concept of a
statistical hypothesis test), estimates of parameter covariance (derived from statistical de�nitions
of likelihood) and classi�cation error (which have originsin Bayes error rates). In all cases, the
technology evaluation stage requires simple metrics related to the function (estimation, detection,
classi�cation), whereas scenario evaluation [197] makes use of more complex metrics relating to
the task (such as system reliability rate expressed as mean time between failure).

4 Review of Performance Analysis Work in Speci�c Classes of A lgo-
rithms within Computer Vision

4.1 Sensor Characterisation

Although much of computer vision employs straightforward colour or monochrome imagery, the
range of sensors that can be employed for particular applications is vast | so much so that it is
impractical to provide a single model that will describe anysensor. Once again, this situation can
lead to confusion, particularly if there is an expectation that algorithms should work on any image
regardless of the assumptions needed to relate the method toa principled statistical method. A
safer and a more scienti�c approach would lead us to always assume that methods will not work
on any other sensor than that for which it was originally developed and validated, until the work
was done to identify the underlying assumptions and show that these still hold for the new data
set.

Perhaps the earliest step in describing the general characteristics of a sensor is to consider the
illumination regime in which it operates. Illumination may be considered in three basic forms:
incoherent, coherent and partially-coherent. Sensors such as cameras (�lm, CCD, videcon, X-ray,
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etc.) working with re
ected or re-emitted illumination from conventional sources operate in an
incoherent regime. Illumination by stimulated emission sources such as laser stripers, ultrasound
systems and radar (including synthetic aperture radar) result in coherent imaging.

The important distinction, at least to a �rst approximation , concerns the underlying statistical
distribution of random noise. For incoherent illumination, where the arrival of any photon is an
independent event, Poisson statistics apply. As the Poisson distribution can be approximated well
by a Gaussian for large mean (large numbers of photons per pixel), this gives rise to the model of
spatially-independent Gaussian noise commonly used throughout image processing and analysis.
With coherent illumination, however, the arrival of photons is not independent and, consequently,
Poisson statistics do not apply; hence the Gaussian noise distribution used in incoherent imaging
is not appropriate.

Partially-coherent imaging occurs for example in devices such as high-resolution electron micro-
scopes and those based on low cost semiconductor laser. The choice of appropriate noise model
depends to a great extent on the degree of coherence present.

How is testing currently performed? Sensor speci�cations are often characterised in terms of
photometric quality by their signal-to-noise ratio. This measure, however, is not usually directly
applicable to image processing and analysis as it is a measurement of how well the sensor works
rather than the information content it produces. It may confound issues of intrinsic detector
noise, electronic noise and digitisation precision. A sensor will also su�er from geometric error,
including lens distortion, sensor deformation, etc.. Suchissues have been extensively studied
by the photogrammetric community for visible and IR detectors [186, 252] and occasionally the
computer vision community [165, 110, 254], but do not appearto form the basis of the majority
of algorithm development work reported in the literature.

Furthermore, systems that involve processing as an inherent part of capture will exhibit speci�c
noise characteristics that di�er from those described above; for example, images from MRI scan-
ners exhibit a Rician noise distribution [91]. Likewise, sensors intended for visual presentation
of information may employ histogram equalisation which introduces discontinuities into the data
distribution and may cause failures in the downstream algorithms if not accounted for.

Are there experiments that show subsystems are stable and wo rk as expected? Di�erent sensor
types have vastly di�erent noise characteristics. The various noise distributions that apply in
di�erent illumination regimes can be measured from imagery.

The experiments which demonstrate that the sensors have theexpected characteristics are those
of repeated acquisition of a static scene. The expected noise characteristics can be analysed by
looking at di�erences between images of identical targets.

Many types of imagery exhibitsystematicerrors: for example, synthetic aperture radar imagery
may su�er from \blocking" and other artefacts due to the way in which the raw data returns are
processed. Non-stationary noise sources and longer term thermal e�ects in CCD cameras were
described in [20, 47] and require careful experimentation.

Is there a quantitative methodology for the design of subsys tems? It is absolutely critical to un-
derstand the imaging process of the sensor subsystem to develop processing algorithms that stand
any chance of working robustly. As an example, conventionaledge detectors, which implicitly
assume additive noise, will not work well on images where thenoise is high and multiplicative,
such as radar and low light cameras.
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What should we be measuring to quantify performance? A parameterised model of sensor stability
and repeatability experiments are adequate.

4.2 Lossy Image and Video Compression

How is testing currently performed? The most common quantitative methodology is mean-square
error or similar between the original image and the decompressed image after compression; but
this is acknowledged as being signi�cantly inferior to subjective testing, as the ultimate target is
the human vision system. There are standardised ways of carrying out and analysing subjective
tests based around the use of forced choices in comparisons of images.

Is there a data set for which the correct answers are known? Coding is perhaps unusual in that
any image or sequence can be used: the original data are always the correct answer.

Are there data sets in common use? There are several widely-used images (e.g., Lenna)(see [121]
for an interesting discussion) and sequences (e.g., salesman) used for basic comparison. Each
coding technique is developed in conjunction with a standard set of images or image sequences.
Practically all researchers working on the coding technique use the data set. Some images or
sequences are chosen because they have speci�c properties that are likely to be problematic; and
others are chosen because they are typical of particular types of common imagery or video.

Are there experiments that show algorithms are stable and wo rk as expected? There are such
experiments but it is unlikely that they prove stability in any statistical sense.

Are there any strawman algorithms? Yes. Coding is almost unique in image processing in that
signi�cant e�ort has been (and continues to be) put into developing international standards: the
ITU H.2nn series and the JPEG and MPEG series, for example. The development of data coding
techniques involve the development and re�nement of algorithms which are distributed amongst
the community.

Is there a quantitative methodology for the design of algori thms? No. Although there is sound
theory in the form of \information metrics" for data compression in general, these measures are not
expected to be relevant to lossy compression of images. The algorithms used make assumptions
about the nature of images, such as an expectation of exponential residuals in block-matching for
motion compensation in video coding. Although this appearsto work well in practice, this has
not been formally tested.

What should we be measuring to quantify performance? The human visual system is the ultimate
target for all image and video coding, so that is whatshouldbe measured. The various quantitative
measures in common use must be considered as approximationsto that. Ideally, in order to
eliminate subjective variability, we would like to have access to a realistic computational model
of the human vision system, or at least the early parts of the visual pathway. This is clearly a
signi�cant challenge.

4.3 Feature Detection

This section covers primarily edge and corner features, though the conclusions of this analysis
could be applied to the extraction of larger scale image structures such as arc and circles [222,
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220] [266, 260].

A great many papers over the years have evaluated novel feature detectors by producing feature
extraction (or enhancement) images. Unfortunately, this has often been based on unique data
sets and o�ers no quantitative performance estimate. Cannyfamously provided a theoretical
derivation based upon a particular choice of \optimality" [39], though the predictions he makes
for (location) performance are not observed in Monte-Carlostudies [60]. This is a key point, as
if we are to use de�nitions of optimality to design algorithms these measures are not meaningful
unless they have quantitative agreement with actual performance.

Early proposals for interest operators included variants of auto and cross-correlation such as oper-
ators by Morovec [174] and Harris [106]. A cursory demonstration of function was given by a small
number of images, and by their inclusion in robotic systems (DROID [38]). Scale-independent
extensions proposed [234, 233] were similarly demonstrated on single images as well as arti�cial
scenes, demonstrating the limitations of the original formulations and providing visual evidence
that these had been overcome. More recently, the emergence of a new family of operators with
a�ne and/or scale invariance has started to appear (steerable �lters [82], moment invariants [143],
SIFT [156]).

How is testing currently performed? Edge and line detection Numerous papers have appeared
in the literature on boundary segmentation performance evaluation. Some of the early papers
include Ramesh and Haralick [208], [210], [212], Wang and Binford [263].

The �rst set of papers evaluate edge parameter estimation errors in terms of the probability
of false alarm and mis-detection as a function of the gradient threshold. In addition, the edge
location uncertainty and the orientation estimate distribution is derived to illustrate that at
low signal to noise ratios the orientation estimate has large uncertainty. Heath [111, 112] visually
compares the outputs from various edge detectors. [42] was the �rst to use a resampling techniques
(e.g., bootstrap) as a tool for studying the performance of edge detection techniques.

Most of the papers described above use simulations and/ or hand-drawn ground truth to compare
algorithm results with ground truth results. Baker and Nayar [9] is unusual in that it does
not require ground truth. The evaluation is made by examining statistics that measure global
coherence of detected edge points (e.g. collinearity etc.). Konishi[138] addresses edge detector
evaluation by using information theoretic principles. More speci�cally, they use estimates of the
Cherno� bound to compare various multi-scale edge detection �lters.

Interest operators behaving as local image descriptors (sometimes called `corners') have been
sought to overcome the aperture problem inherent with line/edge descriptors for a range of ap-
plications (matching for motion and stereo estimation, object recognition). Anecdotal evidence
of poor reliability was explored by studies on synthetic images which revealed non linear depen-
dence on image contrast, noise and confounding edge features [53, 54]. By 2000 more rigorous
evaluations were being reported [89, 228, 170] with detection rate against false positive rate (ROC
curves) being calculated for a set of viewpoint changes across a database of images.

Is there a data set for which the correct answers are known? There is no mutually agreed data set
with reliable ground truth. It would be very di�cult to desig n a single data set for every possible
feature detector, though an appropriate simulated test data set could be constructed from an
appropriate theoretical de�nition of the detector. The RADIUS data set with ground truth [250]
has served in some studies [221].

Are there data sets in common use? Earlier papers demonstrated e�ects on the Lena/Lenna or
the Cameraman image. Image data sets are now made available on the web [112]. The latest
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interest operator study [170] utilises shared code made available by the original developers. A
database of 1000 images taken from a single 3 hour video of a planar scene undergoing viewpoint
change was created, yielding some 300,000 points and subsequently made available on the web.
The study was su�cient to consistently rank the operators but the statistical properties of the
data and the relative contribution of various error sourcesis not discussed further.

Are there experiments that show algorithms are stable and wo rk as expected? Stability has been
explored in terms of some image properties but has not been related to any theoretical prediction,
such as error propagation (except Haralick [102]). For wellde�ned structure, Monte-Carlo or
resampling techniques could be used, if an appropriate de�nition of the task was available.

Are there any strawman algorithms? For edge detection the commonly quoted algorithm is Canny,
though implementations vary. Furthermore, the original Canny work included a scale-space anal-
ysis, though under most circumstances only the edges at the highest resolution scale are of quan-
titative use for measurement. In addition, use of the scale-space analysis also presupposes that
the data will be used for the same tasks as in Canny's originalwork, which di�ers from tasks such
as simple measurement.

Strawman edge detection code, data and scoring tools are available [31]9 10. For corner detection
we have found that the Harris and Stephens algorithm works well [107] and is available11. The
SUSAN code is available12. As mentioned above, corner detection software is now beingshared
between research groups [170].

Is there a quantitative methodology for the design of algori thms? All feature detection algorithms,
based upon a single process to enhance the feature and then thresholding, should be interpreted
as a hypothesis test. Generally, the hypothesis under test is that there is no feature present
and the results of the feature enhancement stage can be accounted for entirely by noise. This
requires explicit account of the image formation process tobe made. Here statistical limits are
often replaced by equivalent empirical thresholds. Alternative methods, based upon the Bayesian
approach which requires the identi�cation of both background and signal distributions, are not
expected to be strictly quantitative without considerablecare.

What should we be measuring to quantify performance? Following from the previous statistical
interpretation, we should evaluate the probability of false alarm and mis-detection as a function of
threshold as in [209]. Algorithms can also be compared usingROC or FROC (fractional receiver
operating characteristic) curves. Ideally, any speci�cation for a feature detector should come
complete with quantitative measures of estimation performance, such as orientation and location
accuracy as a function of image noise. Some uses of the data also require strict geometrical
interpretations of the located features (such as vertices).

4.4 Shape- and Grey-Level-Based Object Localisation

The localisation and recognition of a known object in an image are tasks that have received a large
amount of attention. The two tasks are often linked but we shall try to consider them separately,
since from a performance evaluation point of view, di�erentinformation is sought, with di�erent
failure modes and performance metrics. Localisation involves estimation of the transformation

9marathon.csee.usf.edu/edge/edge detection.html
10 �gment.csee.usf.edu/edge/roc
11 www.tina-vision.net
12 www.fmrib.ox.ac.uk/~steve/susan
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between the image coordinate frame and the object coordinate frame. This may range from a
simple translation vector to full six degree of freedomRt transformations, according to the nature
of the object and the scene. Our remarks is this section are therefore also relevant to tasks such
as image alignment or registration [74].

A great many techniques have been proposed, from template matching, Hough transform, 3D
wire-frame location, to techniques for deformable objectssuch as Snake models [134], Active
Shape Models (ASM) and Active Appearance Models (AAM) [50],where a low-parameter model
of an object is aligned over a corresponding image region viathe minimisation of some cost
function. Localisation techniques often comprise a representation stage (operating on pixels or
derived primitives)13, and a matching stage based on a cost function.

How is testing currently performed? Novel localisation techniques are generally demonstrated
on marked-up data and with localisation error expressed in terms of image-plane error. The
main issues a�ecting localisation performance include sensor noise (resulting in imprecise image
plane feature location), occlusion (missing features) andclutter (spurious non-object features).
Lindenbaum [152, 153] examined both localisation and indexing performance to model the e�ect
of these three factors, and added object model self-similarity to provide estimates of performance
bounds.

In [256] a black box comparison of �ve object localisation techniques was carried out on an ex-
tended data set of an integrated circuit, to determine accuracy in translation and orientation, and
robustness to varying degrees of occlusion, clutter, and changes in illumination. The techniques
used were based around grey level and edge intensity information, including template matching
and Hough transform, from a commercial imaging library and shared code.

The precision of 3D pose estimates also appears to be be strongly dependent on object geometry
and viewpoint. In [159, 160] a large (more than 100:1) variation in stability was found across the
range of viewpoint and geometry of 3D polygonal objects using an error propagation approach.
In addition, camera parameters have an in
uence as studied in [140, 141, 142].

Haralick studied a number of formulations for 3-point pose estimation and revealed wide variation
in localisation accuracy according to the order in which thecalculations are performed [104]. A
study of four alternative optimisation techniques on synthetic data suggests that this choice does
not appear to play a signi�cant role [155, 64].

Localisation plays a role in mobile robotics [258, 132]. Performance of closed loop pose estimation
and tracking of 3D polyhedral objects was reported in [52].

In one co-operative study of co-registration, blinded ground-truthed image sets were distributed [74]
thought this raised a number of technical and organisational issues [86].

Is there a data set for which the correct answers are known? Image sets with known transfor-
mations may be generated either from known mechanical motion [256] or reference marks [74].
Errors in these independent estimates are not given. Image synthesis tools have also been popular
for providing synthetic images and ground truth [104, 155, 64, 52].

Are there data sets in common use? For some tasks, such as face localisation [271], and graphics
recognition [267, 150] researchers use existing data sets.For other tasks, data sets tend to be
speci�cally created [160, 74, 256]. The MPEG-7 community have provided a shape dataset which
has been used in some studies, though others have questionedthe quality [145, 268].

13 See [275] for a recent review of shape representations schemes
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Are there experiments that show algorithms are stable and wo rk as expected? The choice of
representation scheme and cost function encode key assumptions about the data and task which
may be tested. The establishment of upper and lower performance bounds permits empirical
validation of this performance and thus the validation of assumptions about the properties of the
data.

There appears to be no published quantitative methodology applied to AAM and ASM work,
though in principle error propagation could be applied and con�rmed using repeatability exper-
iments. Error propagation has been applied to wire-frame approaches for location of 3D rigid
objects, for both stereo geometry and projected image models, formulated either as an optimi-
sation or as a Hough transform shared good agreement betweenpredicted and observed object
location accuracy (covariance) [5].

Are there any strawman algorithms? Template-based and Fourier techniques are well supported
in the many public domain and commercial libraries, albeit with substantial variation in im-
plementation details. There are many variants of ASM and AAMalgorithms in use across the
community, including a publicly available source at DTU14, but there does not appear to be any
code in common use. There are isolated instances of code sharing such as reported in [256].

Is there a quantitative methodology for the design of algori thms? Yes. In principle all such
techniques are directly reconcilable with likelihood though the assumptions regarding distributions
and resulting accuracy of localisation are not tested. Indeed researchers appear to working with
similarity measures (for example \mutual information") which have only recently been explicitly
reconciled with corresponding quantitative statistical assumptions [34], thus otherwise impeding
progress in this area.

What should we be measuring to quantify performance? Since localisation is essentially an esti-
mation task, algorithms should provide quantitative estimates of location and shape parameters
complete with error covariances. Major comparative tests such as [74] have limited predictive
power without accompanying con�dence measures (but see [56]). These should be con�rmed on
test datasets by comparing predicted error distributions with practical performance. This would
produce systems which were capable of providing all necessary salient information for use in a
larger system. Use of the shape parameters in object indexing (recognition) is covered in the next
section.

4.5 Shape-Based Object Indexing ( i.e. Recognition)

As with localisation, a similar range of model-free or model-based techniques have been proposed
for indexing. These often comprise a representation stage (parametric and non-parametric, op-
erating on pixels or derived primitives), and a matching (correspondence) stage based on a cost
function. The choice of representation scheme and cost function encode key assumptions about
the data and task. These may be treated separately (white box) or together (black box). The
problem of identifying the best correspondence is something that needs to be done by applying
the appropriate similarity measure to the chosen representation.

The concept ofscope is important in this context. This is the theoretical class of problem |
degree of allowable clutter, occlusion, etc.). This determines the appropriate representation, e.g.
curves vs. histograms. As a consequence some algorithms have obvious limitations of scope
that make them impractical for many classes of scenes. In particular, Fourier descriptors require

14 www.imm.dtu.dk/~aam
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completea priori segmentation of the curve, while moment descriptors require scene segmentation
| both in the absence of knowledge of the shapes that are expected. The method of geometric
histograms has scope to work on cluttered scenes of disjointedge features while also taking account
of expected feature localisation uncertainty[247]. The alternative is to try to select more stable
feature measures. For example [142] suggested that edge segment orientation was more stable
than length or mid-point. Similarly, the match criterion may be designed according to object
number and similarity, and type of allowable variation or articulation.

Some workers have proposed invariance measures such as the cross-ratio as a potential repre-
sentation for the recognition task. However, as Maybank [168, 167] pointed out, under realistic
conditions of measurement noise, the indexing capacity is likely to be limited to some 20 objects,
although a more recent paper with an alternate formulation of the feature point PDFs suggests
more optimistic results [122].

How is testing currently performed? Testing is normally performed on a number of images and
a small set of objects, in terms of true detection rates, or confusion matrices. Early work on
performance issues involved the veri�cation of matches [148, 262] and the sensitivity of the
hashing [261]. They studied the false alarm characteristics of the recognition technique when a
spatially random clutter model is assumed with a given density and a bounded error model is
assumed for the object feature points that are detected. Theanalysis provides a mechanism to
automatically set up the recognition threshold so that a given false alarm rate can be met by the
system. This was extended in [2] to include occlusion. Bounds on indexing performance were
established in [152, 153] in the presence of uncertainty, occlusion and clutter.

Sarachik [225] studied the e�ect of a Gaussian noise model comprising occlusion, clutter and sensor
error on planar object recognition, deriving pdfs for correct and incorrect hypotheses to present
true positive and false positive metrics in the form of an ROCcurve. From this work it appeared
that uniform clutter models under-estimate error rates butit was shown that that detection
thresholds can advantageously be set according to estimates of feature density to minimise error
rates, that is to say, feature-dense regions require more evidence to attain the same con�dence
level. Knowledge of the object database allows performanceto be optimised further.

Shin [229] studied object recognition system performance as a function of the edge operator chosen
at the �rst step of the recognition system. Their conclusionwas that the Canny edge detector
was superior to the others compared.

Further evaluation of recognition of articulated and occluded objects using invariance features
applied to SAR data was carried out in [129] using a simulatorto produce ROC curves for
varying orientation angle. Boshra [29] predicted performance bounds using synthetic and real
SAR data from the public MSTAR SAR data set [244].

Is there a data set for which the correct answers are known? The correct answer here is generally
knowledge of scene contents, though unfortunately pixel-labelled segmentation does not have a
unique answer due to the variety of objects and sub-components which may require identi�cation.
The de�nition depends on the intended task (scenario), however a number of labelled data sets
have been collected and made available [ref].

One popular source is images is the Corel image dataset. Although very large (1M images) and
popular with the information retrieval community, there appear to be a number of drawbacks.
The images are well framed and of good contrast, unrealistically so compared to what would be
expected from a roaming camera. In addition, the labels are too abstract in nature for use in a
recognition task.

An initiative by Microsoft proposed a selection of 10,000 images from the Corel dataset labelled
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with 100 low-level categories and new metrics [268]. Similarly the UCID subset has been pro-
posed15.

A number of alternative labelled datasets of everyday objects have been made available: COIL-
100 from Columbia University, a data set from Washington University16, and the SOIL-47 Surrey
Object Image colour dataset [?]. However, few if any outside groups appear to have published
work based on these data sets.

Are there data sets in common use? Although some large data sets are available, researchers tend
to select arbitrary subsets, or generate their own data [225, 229] thus precluding the possibility
of results that will transfer to other domains or for comparison with other algorithms.

Whilst large data sets are used eg CMU face detection [223] itis not clear that they span the
space of possible data densely enough to permit good estimation of false detection rates.

Are there experiments that show algorithms are stable and wo rk as expected? Stability of algo-
rithms can be assessed by repeated acquisition of images, and by acquiring data under multiple
conditions, such as orientation, lighting and occlusion. Image synthesis tools are useful in this
respect.

Are there any strawman algorithms? Fourier descriptors of curvature and moment analysis are
common in the literature and available is many libraries. Various ASM and AAM algorithms are
in use and there is very limited code sharing. Geometric histogram code is also available17.

Is there a quantitative methodology for the design of algori thms? Yes. For Fourier descriptions
the process of curve-�tting is a well-understood techniqueas it is common to many scienti�c �elds.
This can be used as the basis of a likelihood-based shape similarity measure. Likewise, the Hough
transform has been well studied as a tool for recognition [205].

In the case of 2D sample histograms this can be done using Cosine measures which can be
related to Poisson statistics for large histograms [245]. This can be combined with proofs of
theoretical completeness of representation (i.e., no data are lost) to make statements regarding
use of information [247]. Detailed work has also been done toinvestigate the stability of geometric
invariance based indexing schemes [168, 167].

What should we be measuring to quantify performance? Recognition performance for individual
models may be described using a true detection and false detection metric18. Whilst the �rst
is common, the latter is much rarer (see above). For a libraryof models, the confusion matrix
is more appropriate, together with a rejection rate if a non-library object is allowed. Within a
particular application, object-dependent data distributions, the prior probabilities of individual
objects, and di�ering mis-recognition are likely to make the performance an issue ofscenario
evaluation. We consider the case of faces and other biometrics, as well as articulated and motion
tracking in separate sections. However, we can say this here; it is impossible to de�ne one
single data set which will be applicable to all applications. In addition, performance �gures for
individual applications would appear to be of limited scienti�c value, in the sense that the results
do not transfer to other data sets. It would therefore seem crucial that these areas develop a

15 http://vision.doc.ntu.ac.uk/datasets/UCID/ucid.html
16 www.cs.washington.edu/research/imagedatabase/ground truth
17 www.tina-vision.net
18 Terminology from the information retrieval area is sometim e used: `recall' (ratio of number of similar shapes retrieve d : total

number of similar shapes in database, equivalent to 1-false rate) and `precision' (ratio of number of similar shapes ret rieved : total
number retrieved, equivalent to true rate).
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theoretical understanding of the behaviour of algorithms which is su�cient to allow approaches
to be compared both at the level of the assumptions made and the e�ects these assumptions have
on performance for characteristic data types.

4.6 Di�erential Optical Flow

This section dicuses the the measurement of 2D and 3D optical
ow as measured from 1st and 2nd

intensity derivatives. In 2D, optical 
ow is an approximation to the local 2D image motion (the
2D velocity of pixels in units of pixels/frame). 3D optical 
ow, an approximation to 3D voxel
motion, can be measured either volumetrically or on a surface. 3D volumetric 
ow is what one
would normally consider as 3D optical 
ow: we compute the motion of each voxel in the datasets
(in units of voxels per volume). 3D surface optical 
ow is computed with respect to a moving
surface via derivatives of the surface's depth values,ZX , ZY and Z t , as computed from depth
values,Z , measured, for example, by a range sensor in millimeters/second. Surface optical 
ow
is often referred to as 3D range 
ow [241]. Some range sensorsalso provide an intensity image
and in some situations the fusion of depth and image data allows a 3D motion calculation where
range 
ow or optical 
ow alone cannot [241]. Other types of 3Ddata include radial velocity
from Doppler storm weather datasets [243], gated MRI data which we can use to compute 3D
volumetric optical 
ow [11] and multi-view video silhouette sequences [249].

The 2D/3D derivatives are usually computed by repeated application of lowpass and highpass
�lters, for example the �lters proposed by Simoncelli [231]. Thus the computation of di�erential
optical 
ow is, essentially, a two-step procedure:

1. measure the spatio-temporal intensity derivatives (which is equivalent to measuring the ve-
locities normal to the local intensity structures) and

2. integrate normal velocities into full velocities, for example, either locally via a least squares
calculation [157, 11] or globally via a regularization [119, 11].

Such algorithms are generally designed to work on a speci�c form of image. There can be no
occlusion (one object moving in front of/or behind another object), again unless this is modelled
for. The images should be \textured" in some way so that derivatives can be computed. For
example, no optical 
ow can be computed for a rotating textureless sphere. The lighting must be
uniform or changing in a known way [185, 276, 181, 109], so that intensity derivatives must be
due to scene motion only and not to illumination or other changes. Similarly we assume there are
no specularities in the scene (otherwise the light source(s) and sensor(s) positions would have to
be explicitly modelled).

Finally, all objects in the scene are rigid, no shape changesallowed. This assumption is often
relaxed to local rigidity. This assumption assures that optical 
ow actually captures real motions
in a scene rather than expansions, contractions, deformations and/or shears of various scene
objects.

How is Testing Currently Performed? Optical 
ow can be evaluated either qualitatively and/or
quantitatively. Quantitatively, error can be measured as average error in magnitude or direction
[241] or an angle error measure capturing both the magnitudeand direction deviation from ground
truth [75]. Qualitative 
ow evaluation is only useful for general judgements and as a proceed/don't
proceed measure. It is usually performed in the absence of ground truth and does not produce
results which can be compared in any meaningful way to other work. Synthetic or real data must
be accompanied by ground truth to perform quantitative error analysis.
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Are there Image Sequences for which the Correct Answers are K nown? We can compute optical

ow for a real image sequence made using an optical bench withknown camera motion and scene
structure and use it in a motion and structure calculation [12]. Similarly, one can measure optical

ow for synthetic image sequences where true dense depth is known and perform a quantitative
error analysis on the computed depth maps [251]. One exampleof 2D and 3D synthetic data is
sinusoidal images/volumes (which are perfectly di�erentiable) and thus might be considergold
standard data. 2D/3D sinusoidal image sequences were used in [13, 11]. Tagged MRI data may
supply accurate 3D motion information for 3D MRI analysis but is not yet commonly available.

Are there datasets in Common Use? Barron et al. [13] performed a quantitative analysis for 9
optical 
ow algorithms using the translating/ diverging tr ee sequence made by David Fleet [75],
the Yosemite 
y-through sequence made by Lynn Quam at SRI anda number of translating
sinusoidal/square image sequences. Otte and Nagel [191] have made a calibrated real image
sequence. These data have known ground truth and are publicly available19. Though these
datasets have been available for a considerable length of time it could probably not be said that
these datasets are accepted as any sort of de facto standard.

Are there experiments which show that the algorithms are sta ble and work as expected? A num-
ber of researchers have derived covariances for optic 
ow estimates (see for example, [232, 49, 58]).
Simoncelli used a Bayesian framework assuming input Gaussian errors for the image values and
multi-scale Gaussian priors for optic 
ow estimates and computed the optic 
ow estimates along
with uncertainties. Comaniciu and his colleagues [58] alsouse a multi-scale framework and esti-
mates the uncertainties for the optic 
ow estimate by utilizing the variable bandwidth meanshift
estimation framework. The main signi�cance of their work isthat a non-parametric density rep-
resentation for the local optic 
ow distribution allows for multiple motion regions in a local patch.
The mode estimate of the density function, and the covariance around that mode obtained via
variable-bandwidth meanshift �lter is used as the �nal re�ned estimate for optic 
ow. Other
researchers have performed covariance propagation for optic 
ow [102, 164]. Here we are inter-
ested in the propagation of covariance matrices for random input perturbations to the covariances
associated with �nal computed results, in this case, optical 
ow. There may be an inherent bias
in many optical 
ow estimators because of the fact that the regularization assumption (e.g. the
Horn and Schunck smoothness assumption in the 
ow �eld [119]) is not necessarily correct with all
datasets. In other words, the true underlying smoothness constraint is an unknown and the esti-
mation framework naturally has biases. More recent work wasdone by Ferm•uller and Aloimonos
and colleagues [69, 72, 71, 70] and seeks to explain perceptual illusions through the estimation
framework bias.

Ye and Haralick [272, 273] propose a 2 stage optical 
ow algorithm, using `least trimmed squares'
followed by weighted least square estimators. The 1st stage takes into account poor derivative
quality. Nestares et al. [182] use an estimate of optical 
owand its covariance at each pixel
[183] in a likelihood function framework to extract con�dence measures of the translational sensor
parameters.

Are there any Strawman Algorithms? Some of the \old" optical 
ow algorithms are still pretty
good. Of course, there are now better algorithms, but algorithms such as Lucas and Kanade [157]
and Horn and Schunck [119], and, to a lesser extent, Nagel [175] and Uras et al. [257] are pretty
good, readily accessible to researchers and the code is available [13]20. Lots of new algorithms

19 anonymous ftp to ftp.csd.uwo.ca, cd to pub/vision and http: //i21www.ira.uka.de/image sequences.
20 The algorithms of Nagel and Uras et al. use 2 nd order intensity derivatives which are often di�cult to meas ure accurately. Indeed,

Horn and Schunck's use of 1 st order intensity derivative is e�ectively a 2 nd order method because their smoothness constraint uses
derivatives of image velocities, themselves constrained b y 1st order intensity derivatives.
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have appeared in the literature (one only has to scan the maincomputer vision journals and
conferences since 1994) and all claim to give better optical
ow results compared to those in [13].
Still, often the results are only marginally better and the codes are not generally available. Some
of these classical 2D algorithms also allow simple extensions into 3D. For example, 3D optical 
ow
on gated MRI data has been computed using simple extensions of 2D Lucas and Kanade and 2D
Horn and Schunck [11].

Is there a Quantitative Methodology for the Design of Algori thms? Every algorithm has some
assumptions from which the method could be derived using quantitative statistics (generally
likelihood). The task therefore falls into the category of aconstrained estimation problem. Until
now most of the following assumptions have been implicitly made for di�erential optical 
ow.

1. The data has to be appropriately sampled to avoid aliasing, i.e. the Nyquist sampling
conditions are satis�ed (no aliasing). In other words, the data must allow the calculation
of good derivatives! For large motions, hierarchical structures, such as a Gaussian pyramid
[18] may allow di�erentiation. An implementation of Bergenet al.'s hierarchical approach is
described in [14].

2. We assume the input noise in the images is mean zero i.i.d. Gaussian error,N (0; � 2). Most
but not all sensors satisfy this assumption. Algorithms using least squares/total least squares
then give an optical solution.

3. We assume local translation. If the sensor motion has a rotational component we assume
that it can be approximated by a number of small local translations.

4. For 1st order derivatives the data should �t a straight line: the deviation from a straight line
(a residual) could be used as a measure of the \goodness" of a derivative and these goodness
values could be use in the subsequent optical 
ow calculation. Spies [239] showed that the
sum of the normalized squared errors follows a� 2 distribution [240].

What Should We be Measuring to Quantify Performance? The information available in a pair
of images of the same scene are not su�cient to unambiguouslydetermine point to point corre-
spondences with uniform accuracy at all locations [259]. Yet the common interpretation of the
de�nition of such tasks is for the delivery of dense data. Optical 
ow algorithms should provide
not only an estimate of 
ow but also a measure of how good the 
ow is. An optical 
ow �eld
with no error estimates cannot be con�dently used to provideinput to other applications. Covari-
ance matrices are one good candidate for such a con�dence measure and Haralick's propagation
framework is a good way to integrate such information in a larger vision system.

There are also a number of approaches which allow us to address the fundamental problem of
constructing a gold standard for quantitative testing.

� We can use reconstruction error: with the computed 
ow and the current image, generate
the image at the next time and compare that constructed imageto the next image [151]. If
the metric adopted is small (in comparison to the expected errors) then both the optical 
ow
and the reconstruction method are good, otherwise you probably don't know with certainity
which/or both is not working.

� Given good 
ow, it should correctly predict a future event. For example, the velocity of a
Doppler storm represented as a 3D ellipsoid should be able topredict the storm(s) in the
next image. We can compute the intersection of predicted andactual storm ellipsoids in the
next image [243] as a measure of the 3D velocity accuracy. Quantitative comparison requires
the error covariances.
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4.7 Stereo Vision

Stereo reconstruction is a well established topic and has given rise to a range of algorithms, gener-
ally based around features [67, 108, 201] or area-based [8, 10] measures, which are often associated
with sparse and dense stereo, respectively. Dense depth estimation methods require supplemen-
tary interpolation schemes to generate complete depth mapsfrom data with low information
content regions.

How is testing currently performed? The two approaches have have been the subject of direct
comparison papers [61, 68, 144] as well as coordinated competitions [92, 93, 206] which have shown
that they give generally good performance for well-behavedscenes with su�cient information
content.

In a typical recent paper [117] uses a standard ground-truthed image pair to validate various
improvements to a reimplementation of a basic algorithm using a small number of metrics de�ned
speci�cally for the study. Although performance improvements are demonstrated, thereby giving
some indication of the value of the idea, such work provides little opportunity to understand the
underlying statistics of the input data or results, nor to understand the validity of the assumptions
made.

Whilst much progress has been made in projective geometry indetermining the minimal formu-
lations, Kanatani pointed out the importance of understanding the noise on the input data and
showed the bias in standard techniques [265, 133]. This was further studied in [36, 37] and further
developed error propagation for structured lighting systems [128]. In an unusual paper [131] uses
knowledge of errors in the image data, which is propagated togenerate con�dence ranges in the
depth estimation and reject unreliable estimates.

In Scharstein [226, 227] a number of objective error metricsare proposed to cover aspects of
reliability as bad matching pixels de�ned as depth estimates outside acceptable ground truth; rms
depth error in disparity units (depth precision). Special attention is given to the types of regions
involved, so that textureless, occluded and depth discontinuity regions are treated separately. As
an exercise in visualisation - the gaps in reprojected images for unseen viewpoints were also used
for a subjective assessment of algorithm performance.

Is there a data set for which the correct answers are known? The subject of data sets for stereo has
led to considerable debate about the need for accurate ground truth, as well as the density, source
as well as accuracy of the ground truth - whether mechanically derived, manually-annotated, or
independently measured (laser range�nder, by structured lighting, etc).

Schafer proposed a useful taxonomy of data sets which categorises them in terms of the extent
to which they use real or synthetic data [161]. Synthetic data, with added noise, in the form of
indoor corridors21 though [226] points out that the lack of realistic textures adversely a�ects the
performance of area-based algorithms.

Some scenes would appear to be simpler than others, for example, the classic Pentagon, Tsukuba/O�ce-
head and SRI/Trees images, although seemingly complex outdoor images, are mostly composed
of in-plane surfaces which do not challenge most of the techniques that are based around this
assumption.

Are there data sets in common use? Several ground-truthed data sets have been collected, made
available and their use reported, with the Pentagon, Tsukuba/O�ce-head and SRI/Trees images
being particularly popular. Available datasets include: the Stuttgart ISPRS Image Understanding

21 www-dbv.cs.uni-bonn.de/stereo data
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datasets22 [92, 93], JISCT Stereo Images23 [206], the INRIA Syntim stereo databases24 and
various datasets from CMU25 and the Middlebury dense stereo dataset26 both of which include
multi-baseline data. Furthermore Oxford/INRIA have made available uncalibrated sequences of
Valbonne church27 [67, 108] which can serve as redundant datasets as proposed in [146].

The Middlebury study [226, 227] describes an analysis of dense stereo algorithms as four steps in
which the �rst is equivalent to the matching stages common with sparse stereo algorithms.

A collection of 6 test image sets with multiple quasi-planartextured surfaces are established and
used to examine the sensitivity of pixel-by-pixel depth estimation reliability to a number of algo-
rithms and parameterisations. The other algorithm steps, notably sparse-to-dense interpolation
are also exercised. Test code, test data, ground truth and scoring code are o�ered to other groups
via the Middlebury website. The stated intention is to extend the scheme to more complex scenes
including textureless and more complex surface geometries.

Consensus still appears to be missing on the appropriate test data, and no work appears to have
been carried out on relating the characteristics of a data set which would allow the performance
on unseen data to be estimated.

Are there experiments that show algorithms are stable and wo rk as expected? It is possible to
use error propagation on edge-based estimation of depth (following correspondence) [139]. This
can be tested with simulated data in order to show that the quantitative estimation of depth (for
correct matches) has the expected behaviour [105].

The collection of additional redundant images of a scene hasbeen proposed [146] to permit self-
consistency checks to characterise accuracy and reliability of the correspondence stage. In this
manner, reconstruction of the scene from two pairs permits comparison of extracted 3D structure
in the common image frame. Some aspects of this redundancy are available in datasets which
provide multibaseline data, e.g. the Middlebury datasets.

Are there any strawman algorithms? Although a great many stereo vision algorithms have been
described in the literature, implementations other than the TINA system ref TINA (which contains
feature and area based approaches) were not made publicly available until the creation of the
Middlebury site which provides a set of modules, so the situation is much improved [4].

Is there a quantitative methodology for the design of algori thms? Correspondence matching is
essentially a statistical selection problem which has beendescribed in terms of probability the-
ory [8]. Some aspects of the quantitative performance of these algorithms have been addressed
using empirically-determined match and mis-match distributions providing a white box analysis
of a feature matching algorithm [246] describing the relationship between the statistical assump-
tions, statistics of the data and parameter settings. The correspondence problem has also been
considered as a MAP estimation of a geometric triangulation[16].

Torr and others [57, 253] investigated the stability of the fundamental matrix, a common inter-
mediate representation for relating camera con�guration to image plane and disparity.

The work of [117] makes some progress in improving performance at discontinuities, but no overall
framework for quantitatively validating design decisionshas been widely accepted.

22 ftp://ftp.ifp.uni-stuttgart.de/pub/wg3
23 ftp://ftp.vislist.com/IMAGERY/JISCT
24 www-rocq.inria.fr/~tarel/syntim/paires.html
25 www.ius.cs.cmu.edu/idb, www.cs.cmu.edu/~cil/cil-ster -html
26 www.middlebury.edu/stereo
27 www.robots.ox.ac.uk/~vgg/data1.html
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What should we be measuring to quantify performance? Several metrics have been proposed to
quantify the ability to generate accurate and reliable depth estimates.

Several authors have also examined the performance of individual algorithms in terms of quanti-
sation error [218, 217] and 3D error [166, 27, 135, 173, 120, 73, 248, 269, 195, 219].

Whilst early work emphasised accuracy in the 3D world frame,the 1=Z depth-dependence on
this measure had resulted in a move to disparity or image plane error estimation as a more
representative measure.

The performance of stereo vision algorithms actually has three aspects:

1. Reliability: the ability to identify suitable correspondences, measured in terms of the number
of features recovered with correct (usable) geometry.

2. Accuracy: The geometric precision of correctly-recovered features. Both of these properties
require quanti�cation and are su�cient for feature-based algorithms [203].

3. For the determination of dense depth data the accuracy of interpolation of stereo across
smooth (featureless) surfaces becomes an issue. This can beachieved either on the basis of
either an explicit surface model on the basis of known objectshape or an implicit model
hidden within the algorithm (see shape-based object indexing above).

One could logically argue that if knowledge of the correct model were available and used explicitly,
then a likelihood-based determination of surface shape would give an optimal interpolation of
surface position. Conventional techniques could then be used to provide error estimates in dense
regions. Algorithms that embed interpolation within the matching process are unlikely to produce
results that correspond to the correct surface model, thus requiring separate quanti�cation for
characteristic surface types. In fact this issue has much incommon with the problems faced by
estimation methods for dense optical 
ow, and most of the same arguments restricting quantitative
use of derived data still apply [259].

4.8 Face Recognition

A practical face recognition algorithm must �rst detect faces and then recognize them. Perfor-
mance characterization studies sometimes separate detection and recognition. For example, in
the FERET evaluations [198] the distinction is drawn between fully automatic algorithms that
detect, localize and recognize faces, versus partially automatic algorithms, that assume a face has
already been detected and localized. Whether evaluation should decouple detection from recogni-
tion depends on what one wants to understand. To understand the operational characteristics of
a complete algorithm, one should study fully automatic algorithms, as for example is done in the
Face Recognition Vendor Tests [24, 200]. On the other hand, to characterize the best a particular
recognition algorithm can do, absent errors in detection and localization, one should study just
the recognition component behavior. Much of the academic literature on face recognition has
adopted this latter approach.

Space will not permit us to cover best practices for performance characterization of face recognition
algorithms at the level of detail covered in [198, 192, 1] andserious readers are strongly encouraged
to review these papers. Here we will brie
y summarize the current state-of-the-art as well as give
a few indications of important directions for the future.

In characterizing face recognition algorithms, it is essential to distinguish between three distinct
problems or tasks. The �rst task is detection and localization, as already suggested. The other
two both fall under the broad term recognition, but are very di�erent in their particulars. These
two tasks are identi�cation and veri�cation [192]. Identi� cation is the task of naming a person
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from a novel image of that person [198]. Veri�cation is the task of deciding if a person is who they
claim to be based upon a novel image [216, 1]. Several documents provide important background
for evaluation of face veri�cation algorithms. One is the best practices document by Mans�eld and
Wayman [1]. It covers many aspects of analyzing and comparing di�erent biometric veri�cation
systems, including those for faces. In particular, there are subtleties associated with some measures
that space will not allow us to explore here.

For face recognition systems, as with most other biometric systems, one distinguishes between
enrollment and operation. During enrollment, stored examples of known faces are added to
the system, for face recognition these are typically storedin a gallery. During operation, when
recognition is carried out, one or several novel images of a subject are compared to images in the
gallery. Novel images are often called probe images, and performance in general depends upon
how well a system can match probe images to the gallery.

The similarity matrix is a nearly universal abstraction and is used to characterize both face
identi�cation and veri�cation algorithms. The presumptio n is that all veri�cation and identi-
�cation algorithms generate similarity scores between pairs of images. This abstraction lies at
the heart of how modern large-scale evaluations such as FERET [198] or the Face Recognition
Vendor Tests [24, 200] are carried out and is consistent withthe o�ine approach to match score
generation advocated in the \Best Practices in Testing and Reporting Performance of Biometric
Devices" [1] . This abstraction allows analysis to be decoupled from the actual running of the
algorithms. Typically algorithms are run over the union of all imagery that will be included in
an evaluation and a single large similarity matrix is recorded. Analysis can then be carried out
using just the information stored in the similarity matrices.

For identi�cation, the gallery is sorted by decreasing similarity relative to the probe image, and
the rank of the �rst gallery image of the same subject as the probe image is de�ned as the
recognition rank. A recognition rank value of one indicatesthe corresponding gallery image of
the same subject is more similar to the probe image than is anyother subject's image in the
gallery. Recognition rank two indicates one other subject had a probe image that was a better
match to the probe image than the correct subject's image, and so on for higher recognition
rank values. Recognition rate at rankk is de�ned over a set of probe images, and is the number
of probe images recognized correctly at rankk over the total number of probe images. Some
algorithms also normalize similarity scores for identi�cation, and as with veri�cation, so long
as the normalization technique is known and only dependent upon the other scores, it can be
accounted for when analyzing performance.

A combination of veri�cation and identi�cation arises when the task is to decide whether a person
is among a speci�ed set of people, and if so, who they are. Thisis sometimes called the watch-list
task and it arises in contexts such as airport passenger screening. There are examples of watch-
list evaluations [200], but the evaluation protocols for watch-list tasks are not as mature as for
identi�cation and veri�cation, and we shall not say more about it here.

4.8.1 Face Detection & Localization

Face detection algorithms determine where faces are present in an image, and consequently there
are essentially two issues from a performance characterization standpoint. First, are faces found
and when found how accurately are they localized. Most performance characterization focuses
on detection rather than localization, and hence detectionrates, false alarm rates [171], and
more generally ROC curves are reported [124, 207]. The face detection survey paper by Yang,
Kriegman and Ahuja [171] is an excellent resource and Yang also maintains a website28 that
provides pointers to face detection data and algorithms as asupplement to the journal article.

28 http://vision.ai.uiuc.edu/mhyang/face-detection-sur vey.html
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Compared to analysis of detection, quantitative evaluation of localization behavior for algorithms
is less common, and will not be addressed further here.

How is testing currently performed? Face detection is tested in essentially two related ways. One
particularly easy way to test is to use only image chips that are either faces or not faces, and then
simply score an algorithm according to whether it correctlydistinguishes the face chips from the
non-face chips. The alternative, and somewhat more realistic way, is to pass the detector over
large images containing possibly many faces, and scoring how many faces are detected, how many
are missed, and how many detections are false alarms. This latter approach, while more realistic,
does introduce minor judgments relative to when a detectionoverlaps a true face su�ciently to
be categorized as a true detection, as well as how to handle multiple detections of the same face.

Is there a data set for which the correct answers are known? There are two related data sets in
common usage. One is the CMU Frontal Face Data29. This dataset is divided into Test Sets A,
B, C and the Rotated Test Set. Test Sets A, C and the Rotated Test Set were collected at CMU
by Henry A. Rowley, Shumeet Baluja, and Takeo Kanade. Test Set B was collected by Kah-Kay
Sung and Tomaso Poggio at the AI/CBCL Lab at MIT. Ground truth is available for images in
each of the four Test Sets. Eye, nose and corner of the mouth coordinates are provided for 169
faces in 40 images for Test Set A, 157 faces in 25 images for Test Set B, 185 faces in 55 images
in Test Set C and 223 faces in 50 images in the Rotated Test Set.The other data set is the MIT
CBCL Face Data Set30. This data set includes 19 by 19 pixel image chips, some of which are
faces and some are not. The data set comes divided into a training and a test set, with 2,429
faces and 4,548 non-faces in the training set and 472 faces and 23,573 non-face images in the test
set.

Are there datasets in common use? The two data sets just mentioned are the most common.
Face detection can also be tested on more standard face data sets such as FERET and others
listed below. However, a lack of non-face images makes serious evaluation of face detectors using
only such data sets problematic.

Are there experiments that show algorithms are stable and wo rk as expected? Most all face
detection algorithms are trained, and so standard protocols for separating training data from test
date are employed to test generalization. Beyond these standard tests of generalization, there are
no other commonly used tests for predictability or stability.

Are there any strawman algorithms? There is no single universally recognized strawman algo-
rithm against which to test new algorithms. However, several algorithms are emerging as possible
standards of comparison. One is the face detector developedby Viola and Jones [194] using
the AdaBoost [274] learning algorithm. There is an implementation of an AdaBoost frontal face
detection algorithm with some re�nements by Lienhart [207]available as part of the OpenCV
distribution 31. In the survey of Face Detection paper by Yang et al. [171] detection rates and
false detection rates are compared for 9 di�erent face detection algorithms, including Yang and
Ahuja's SNOW face detector [158]. The SNOW algorithm is another possible strawman algorithm.
However, while there is public code for the basic SNoW algorithm 32, the code is not packaged
to work on face detection speci�cally. A third possible strawman algorithm is the SvmFu SVM

29 http://vasc.ri.cmu.edu//idb/html/face/frontal images/index.html
30 MIT CBCL data - http://cbcl.mit.edu/cbcl/software-datas ets/FaceData2.html
31 http://sourceforge.net/projects/opencvlibrary
32 http://l2r.cs.uiuc.edu/ cogcomp/ and follow link to softw are.
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Data Set Summaries.
Approx. number of

Data Set Source Subjects Images
FERET[198] NIST > 1,000 > 4,000

UND Database University of Notre Dame > 500 > 30,000
UTD Database [190] University of Texas, Dallas 284 > 2,500

BANCA [7] Surrey University 208 > 5,000
AR Face Purdue University 126 > 4,000

PIE Database [230] Carnegie Mellon University 68 41,368
Links and/or contacts for Data Sets.

FERET www.itl.nist.gov/iad/humanid/feret/
UND Database http://www.nd.edu/ cvrl/UNDBiometricsDatabase.htm
UTD Database Contact Alice O'toole { http://www.utdallas.edu/ � otoole

BANCA http://www.ee.surrey.ac.uk/banca/
AR Face rvl1.ecn.purdue.edu/� aleix/aleix face DB.html

PIE Database http://www.ri.cmu.edu/projects/project 418.html

Table 1: Common data sets used for face identi�cation evaluation.

system developed by Rifken at MIT33 and compared with SNoW both in [171] and [3]. The MIT
CBCL data includes data already in the format required by theSvmFu algorithm.

Is there a quantitative methodology for the design of algori thms? Theoretically, the measurement
of biological parameters should be treated as an estimationtask, with subsequent decision stages
treated as hypothesis tests. There appears to be no global acceptance of this fact or any body of
work which lays down the foundations for systematic application of these approaches. There are
as many methodologies as there are distinct learning approaches [189, 194, 113].

What should we be measuring to quantify performance? Face detection is a classic detection
problem, and standard ROC analysis is su�cient in most cases. There is an open question when
an observed di�erence is statistically meaningful, and we are not aware of work that has addressed
this speci�cally in the context of face detection.

4.8.2 Face Identi�cation

The FERET protocol [198] already mentioned established a common framework for comparing
face identi�cation algorithms. Subsequent large scale evaluations include the Face Recognition
Vendor Tests [24, 200].

How is testing currently performed? Typically a cumulative match characteristic (CMC) curve
is presented for one or more algorithms tested on a speci�c set of probe and gallery images. The
horizontal axis on such a curve is the recognition rank. As described above, the recognition rank
for a speci�c probe image is the rank of the matching image of the same subject in the gallery
when the gallery is sorted by decreasing similarity. The vertical axis is the recognition rate. Thus,
a CMC curve reports how many probe images are correctly recognized at rank 1, rank 2, etc.
Di�erent combinations of probe and gallery sets may be used to capture such things as images
taken on di�erent days, under di�erent lighting, etc.

33 http://�ve-percent-nation.mit.edu/SvmFu/
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Is there a data set for which the correct answers are known? Good identi�cation experiments
require large galleries of human subjects: 96% correct versus 92% on 25 subjects is a di�erence of
one subject and not meaningful. Opinions on the exact numberof subjects required vary, but it
is probably a good rule of thumb that data sets of fewer than 100 subjects are inadequate. Thus,
while there are many public face data sets, there are comparatively few with a su�ciently large
number of distinct human subjects. Table 1 summarizes some of the most common publicly used
data sets. All but the PIE database contain over 100 subjects, and PIE is included because it has
an unusually high number of images per subject and these images were acquired under carefully
controlled and varied conditions. In some cases, for example U.T. Dallas, and the BANCA
datasets, video imagery is available.

Are there data sets in common use? The FERET data set is probably the most commonly used,
and while it is poor in terms of the number of replicate imagesper subject, it is still a very useful
and competitive data set in terms of the total number of subjects. However, the Notre Dame
data is quickly becoming an extremely useful alternative with a much higher number of replicate
images per subject.

Are there experiments that show algorithms are stable and wo rk as expected? Common practice
when addressing these types of questions is to conduct experiments that compare results obtained
by an algorithm across a modest set of sample problems in which some external variable is sampled.
For example, the original FERET tests compared performanceunder three qualitatively stated
conditions: 1) same day images with di�erent facial expressions, 2) images taken under changing
illumination, and 3) extended elapsed time between acquisition of images. This general approach
of dividing test data into a small number of cases and qualitatively comparing performance across
cases is the most common approach to characterizing stability.

This partitioning of test data and coarse sampling is a limited methodology in so far as it lacks
any underlying model of the data and provides only a coarse indication of future performance on
novel data sets. There are some sources of variability, for example lighting, that have attracted
particular attention and for which analytical models exist [17]. Hence, lighting variability is
arguably a more mature and easier form of variation to study.Also, as illustrated by the Yale
data set and the more recent and comprehensive PIE data set [230], data �nely sampled across
di�erent illuminations settings is available.

Stability relative to changes in human subjects is of coursemeasured whenever algorithms are
trained on one set of subjects and tested on another. However, explanatory models relating
attributes of human subjects to recognition di�culty are rare [87, 184]. We think such modeling
is very important and expect to see more of it in the future.

Are there any strawman algorithms? A standard implementation of a Principle Components
Analysis (PCA) based algorithm, sometimes call Eigenfaces[255], is the clear choice as a strawman
algorithm. The algorithm is readily implemented in an environment such as MatLab. There is also
a standardized ANSI C implementation that is available as part of the CSU Face Identi�cation
Evaluation System[28].

Some care must be taken, however, if doing one's own implementation, since apparently small
details can alter performance greatly. Choice of distance measure in particular is critical. Using
Euclidean distance will, for example, yield relatively weak results in many cases, while a measure
that uses a cosine measure between images in a variance corrected, whitened, subspace performs
very well in many cases [28]. For these reasons, It is best to use not only a standard algorithm,
PCA, but a standardized implementation and competitive distance measure as well.
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The CSU Face Identi�cation Evaluation System also includesre-implementations of three of the
original algorithms included in the FERET evaluation:

� A Combined Principle Components Analysis and Linear Discriminant Analysis algorithm
(PCA+LDA) based upon the work of Zhao and Chellapa[277] at the University of Maryland.

� A Bayesian Intrapersonal/Extrapersonal Classi�er (BIC) based upon the work of Moghaddam
and Pentland[172] at MIT.

� An Elastic Bunch Graph Matching (EBGM) algorithm based uponthe work of [187] et. al.
at the University of Southern California.

Is there a quantitative methodology for the design of algori thms? Face identi�cation falls into the
theoretical category of labelling via probability densityestimation. There is no single accepted
quantitative methodology, just as there are no adequate andcomplete �rst principles models of
how face imagery behaves. In other words, there are no comprehensive models that capture all the
pertinent sources of variability.34. However, some of the most notable sources of images' variability
are well studied and in some cases underlying models are usedto either to guide algorithm design
or actively as a part of an algorithm. Notable examples include illumination modeling [17] and 3D
model-based viewpoint correction [26, 200]. Finally, while in no way special to face identi�cation,
most algorithm design follows a process of successive re�nement as representative training and
test data is used to isolate and correct weaknesses.

What should we be measuring to quantify performance? Current practice is to measure recogni-
tion rate at a given rank. As rank is varied, this leads to the Cumulative Match Characteristic
(CMC) curve de�ned above. At a minimum, an author today wishing to argue for the superiority
of new algorithm must provide comparative results demonstrating improved performance relative
to some baseline using CMC analysis.

The most compelling problem with current analytical techniques is their sensitivity to unmodeled
changes in scenario or problem. To put matters simply, too often a marked di�erence in perfor-
mance on one data set does not consistently generalize. A �rst step toward greater con�dence in
the persistence of an observed di�erence is to explicitly capture some aspect of the uncertainty in
the measured di�erence. A simple way of doing so that captures only uncertainty due to sample
size, i.e. the number of observed di�erences, is McNamar's test [264]. Monte Carlo resampling
may be used to capture other sources of variability, including choice of probe image [169] as well
as probe and gallery images [19].

Finally, statistical models that make explicit connections between identi�able attributes of the face
identi�cation task and expected algorithm performance will, we think, prove to be very important.
Thus, as already suggested, works such as [87] and [184] are early examples of what we trust will
become a more common and fruitful approach to identifying and quantifying the factors a�ecting
performance.

4.9 Measuring Structural Di�erences in Medical Images

A common task in medical image analysis is to compare two scans and quantify the di�erences
between them in a clinically useful way. Situations where such comparisons are commonly made
include (i) where an individual has had several scans of a particular type (modality) over periods
from minutes through to days or even years (ii) where two or more individuals have had a single

34 Nor does it seem likely that complete models will arise any ti me soon given the open nature of human subjects and appearanc e.

29



modality scan each35. . There are particular di�culties involved with analysing medical images
that include (i) modality-dependent noise-characteristics (ii) relatively low resolution in some
of the most common modalities (e.g. MRI (Magnetic ResonanceImaging) typically acquires
> = 1mm3 voxels) (iii) wide variation in scan quality depending on acquisition hardware, scanning
protocol, scan-related image artefacts, patient cooperation (or lack of it) (iv) normal physiological
processes (v) the need for robustness where image analysis is used to support clinical decision
making and (vi) the small size of structures of interest suchas lesions or important anatomic
areas (e.g. the subthalamic nuclei) relative to the acquired voxel dimensions.

The di�erences of interest (tasks involved) fall into four broad categories:

� Appearance (or disappearance) of features.

� Di�erences in volume of corresponding features.

� Di�erences of shape of corresponding features.

� Di�erences of texture of corresponding features.

It is common for more than one of these processes to occur concurrently. For instance the size,
shape and textural appearance of a tumour can change over time either due to natural growth
processes or as a result of chemical, radiological or surgical intervention. Clearly this may make
the identi�cation of corresponding structures di�cult. Me asurement of di�erences is a three step
process (i) identify corresponding features of interest inthe images (ii) determine a mapping
between the images, usually by some form of image registration (iii) compute statistics which
summarise the di�erences between the features of interest.The order of the steps can vary (e.g.
feature identi�cation can be used to constrain image registration or image registration derived on
the basis of voxel similarity can be used to identify corresponding features).

As discussed above, methods for detecting structural change usually rely on feature-detection (or
segmentation) and image registration pre-processing steps to achieve correspondence of anatomy.
Here we focus on the methods for quantifying the di�erences themselves and comment brie
y
where the detail of the pre-processing steps is important orwhere particular caveats apply. For
more in depth coverage of image registration see the papers by Hill et al [116] and Zitova and
Flusser [278]. For coverage of segmentation and feature detection see Olabarriaga and Smeul-
ders [188] and Suri et al [130]. The appearance of new features can in principle be detected
automatically using digital subtraction images and knowledge of the noise characteristics of the
images. Simple statistical tests are used to identify voxels in the di�erence images with intensities
su�ciently bright or dark that they are unlikely to be part of the noise spectrum. Clearly this
approach can only be used when the intensity characteristics of tissues are the same in a set of
images36 so this is essentially a within-modality technique where, if necessary, the images are
pre- registered so that corresponding features are in alignment. This approach has been most suc-
cessful in brain applications such as lesion detection in pairs of pre- and post-contrast images in
multiple sclerosis but there remain traps for the unwary [35]. The brain can often be considered a
rigid-body for the purposes of image registration and as this analysis is performed within-subject,
problems of anatomical correspondence [56] don't arise. A somewhat related brain application is
so-called Voxel Based Morphometry (VBM) where groups of subjects are compared to discover
population anatomical di�erences. One standard techniquerequires "spatial normalisation" of all
subjects to an anatomical standard frame of reference followed by voxel-wise statistical analysis
to identify regions where di�erences between the groups cannot be explained by intra-group vari-
ation. There are many methodological details to do with boththe normalisation (which must not

35 A complementary problem which will not be discussed here is w here an individual has had several di�erent scans (e.g. x-ra y
Computed Tomography, Magnetic Resonance Imaging, Ultraso und, radio-isotope imaging etc) which are acquired on di�er ent machines
but which must be viewed (and fused) in a single frame of refer ence.

36 Or an intensity mapping between the images can be estimated.
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introduce anatomical bias but has to preserve real structural di�erences) [6] and the statistical
framework (which must properly account for structural correlations within the images) that have
lead to some debate about the validity of the framework (e.g.Crum et al. [?]; Davatzikos [59]).
A slightly di�erent case is dynamic contrast imaging where atime-series of images are acquired
during injection of a contrast agent that is designed to identify structures of interest (such as
blood-
ow in vessels or leakage from lesions) by changing their intensity characteristics over time
compared with uninteresting structures [126]. Analysis ofsuch time-series to identify tumours or
in
amed tissue requires a parametric model of time- varyingcontrast enhancement to be �tted at
each voxel. Patient motion during image acquisition is an obvious confound which can in principle
be addressed by image registration. However the time-varying nature of the contrast of di�erent
tissues can confound registration schemes with large degrees of freedom which operate by match-
ing image intensity alone. In cardiac imaging, the dynamic change in volume and shape of the
chambers of the heart can be measured by registering MR images acquired as snapshots during
the cardiac cycle37. To analyse function in more detail, models of mechanical deformation can
be constructed from the registered series of images to identify regional abnormalities in the my-
ocardium (heart muscle). Over much longer timescales, there is growing interest in monitoring the
progressive reduction in brain volume associated with dementia. Here, MR images of individuals'
brains acquired months or years apart are registered eitherassuming the brain is a rigid struc-
ture, or by allowing the registration to deform one image to match the other [81]. In the former
approach, analysis of brain volume change can proceed by directly integrating signi�cant inten-
sity di�erences over the registered brain region. In this so-called Brain Boundary Shift Integral
(BBSI) [80] the changes in image intensity caused by shifting tissue boundaries are transformed
into a volume change. In a complementary approach known as Structural Image Evaluation,
using Normalisation, of Atrophy (SIENA), (Smith et al, [235]) brain edge-maps are constructed
explicitly on each of the registered brain images and the distances between corresponding edge-
points are integrated to obtain the volume change. Where non-rigid registration is used to match
the images, di�erences in shape and volume are encoded in thedeformation �eld. Local volume
change can be estimated by computing the Jacobian determinant of the transformation [81]. In
comparisons of groups of subjects, statistical analysis can be performed directly on the parame-
ters of the deformation �elds to detect signi�cant group di� erences in the location and shape of
structures - so-called deformation based morphometry [6, 85]. Ashburner et al. [123] distinguish
this from tensor-based morphometry where statistical analysis is performed on quantities derived
from the deformation �elds, the simplest example being the determinant of the Jacobian of the
transformation which is an estimate of local volume change.

How is testing currently performed? A variety of testing strategies are employed. There are few
standardised benchmarks. For lesion detection concordance with expert manual observers can
be used as a gold standard as can images featuring simulated lesions. Automated estimates of
volume change can be tested by comparison with manual measurement or by image pairs displaying
proscribed (simulated) atrophy. Techniques such as VBM rely on a carefully thought out statistical
framework and correlation with other clinical indicators rather than explicit testing against a
gold standard. Some attempts to compare this class of algorithm with manual methods have
been inconclusive [85, 88]. Some researchers have investigated the e�ect of parameter choices on
the spatial normalisation (registration) component of thealgorithms by examining co-localisation
of manually de�ned landmarks [224]. In some clinically applied situations a direct comparison
of the results of dynamic contrast imaging against analysisof excised tissue can be made (e.g.
[270, 193]).

37 In practice data is aggregated over several heartbeats to ob tain higher quality images. Motion due to breathing can be co mpensated
for in most subjects by breath-holding for between 10s and 40 s during the image acquisition.
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Is there a data set for which the correct answers are known? Both real and digital test objects
(\phantoms") are often used. Phantoms are constructed commercially for quality assurance of
imaging systems and are often relatively simple. Phantoms suitable for testing image analysis
must have a realistic appearance under imaging and must be constructed of materials that give
acceptable contrast and in some cases are compatible with more than one imaging modality[30].
Phantoms constructed to closely resemble human anatomy arereferred to as "anthropomorphic".
Often so-called \digital" phantoms are employed where a simulation of the imaging of a known
anatomical model can create realistic test objects (e.g. generating nuclear medicine brain images
from an MR image, [90], or carefully labelling acquired images to form a digital model as in the
Zubal phantom [279]38). In applications that measure structural change, some wayto represent
realistic shape and volume change or growth processes must be found. Castellano Smith et al.
[40] used a model of di�use brain atrophy applied to the BrainWeb digital phantom to produce
images of a brain subject to varying amounts of atrophy. Schnabel et al. [125] used a biomechanical
model of the breast to simulate the e�ect of plate compression, needle-biopsy, muscle relaxation
etc. during dynamic contrast imaging.

Are there datasets in common use? There are a variety of datasets used to test algorithms
although they tend to be very application dependent and not always freely available. The Centre
for Morphometric Analysis has set up the Internet Brain Repository 39 to make available sets
of expertly labelled MR brains to use as a gold standard for evaluation of novel segmentation
schemes. They have also been used for evaluating non-rigid registration algorithms (Crum et al.,
2004). The Montreal Neurological Institute provide the BrainWeb digital brain phantom [48] that
comprises a simulated MR brain volume (either normal or withMS lesions) and is widely used as
both a test object and an anatomical standard.

Are there experiments that show that the algorithms are stab le and work as expected? Consistency
over multiple scans is used to check the robustness of algorithms. For algorithms which quantify
change over time, a common check is to ensure that for three scans, A, B and C, of a subject,
adding the measured change between scans A and B, and B and C, gives change measured between
scans A and C. A related consistency check is to ensure that the change measured between scans
A and C is minus the change measured between scans C and A. To check for scanner related
robustness, \same-day" scans are used during testing wherea subject has two scans A1 and A2
within a few minutes or hours of each other. The measured changes between A1 and A2 and a
later scan B are then compared. The assumption is that the changes of interest in the patient are
occurring over a longer time-scale then normal physiological changes or factors that contribute to
noise in the scanner. Simulated images with varying levels of noise and/or artifact are also used
to characterise the stability of algorithms. Unfortunately there are so many sources of variation
in medical imaging applications that is extremely di�cult t o test all eventualities, but the use of
simulation data makes it at least possible to test for bias and errors on `normal' data.

Are there any strawman algorithms? There are no completely generic straw-man algorithms.
Although some advances in algorithms are purely improvements on previous methods and so
can be tested against them, others re
ect advances in image acquisition and cannot be easily
related to more established techniques. As an example, measurements of volumetric change have
been performed using manual tracing or semi-automatic region-growing techniques for well over
a decade and can often be used as a yardstick for newer algorithms. Newer imaging techniques
such as MR tagging (used to track dynamic tissue motion) and Di�usion Tensor Imaging (used

38 http://noodle.med.yale.edu/zubal/index.htm
39 http://www.cma.mgh.harvard.edu/ibsr/
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to extract directional information from tissue structure) have required the development of novel
analysis algorithms that cannot easily be referred back to older methods.

Is there a quantitative methodology for the design of algori thms? Most algorithms display at least
some awareness of the noise properties of the images. Usually they assume Gaussian stationary
noise that can be estimated from examining zero signal regions of the image. This is often an
approximation (e.g. structural MR images are nearly alwaysmagnitude images reconstructed from
two-channel data with noise on each channel; the resulting noise distribution in the reconstructed
data is Rician) and in Ultrasound images much of the speckle originates from coherent scattering in
the images which can in principle provide more information about the underlying anatomy. Much
e�ort has been expended into incorporating knowledge of image artifacts into analysis algorithms,
a common example being MR tissue segmentation algorithms which simultaneously recover a low
frequency intensity bias artifact. In general algorithms make assumptions about the intensity
ranges associated with particular tissue types. In the caseof X-ray CT, the images provide direct
quantitative information about x-ray attenuation coe�cie nts that can be used to discriminate
between tissues. MR is more complicated as the returned signal is a relative value that depends
on several physical parameters and can vary greatly depending on how the scanner is con�gured.
Algorithms usually specify some generic MR image type (or combination of types) and assume,
for instance, that in intensity terms CSF< grey matter < white matter in the case of T1-weighted
volumetric imaging [178]. Algorithms often try to account for the so-called partial volume e�ect
where the intensity at a single voxel results from a combination of more than one tissue present
in that volume. There have also been e�orts to normalise acquired images using a physics based
acquisition model to aid analysis (e.g. the HINT representation in mammography [115] ). As
illustrated by algorithms attempting non-rigid registration, the one quantitative aspect lacking
from much of this work is an attempt to provide error estimates for estimated parameters, though
this failure has been noted [56].

What should we be measuring to quantify performance? The two standard approaches are to
compare results against the same measurements made by an expert human observer or to use the
results to classify subjects in a way that can be tested against classi�cation based on independent
clinical observations. Both of these approaches, while a necessary part of initial testing, only
estimate expected error rather than gauging success on previously unseen data. In principle a
statistical analysis can assign a con�dence to the detection of a novel structure against a back-
ground of Gaussian noise of known mean and variance. In fact one of the most popular forms of
Voxel-Based Morphometry works, essentially by looking forinter-group di�erences that can't be
explained by intra- group variation. However one of the mainunresolved problems at the time
of writing is that the detection task is not isolated but is at the end of a pipeline of multiple
stages each of which introduces uncertainty to the analysis. Many of these sources of error can
either be measured (e.g. imaging noise) or guarded against (e.g. careful scanner calibration to
reduce non-linear spatial distortion in MR). In most applications where structural change over
time is being measured an image registration step is required to bring scans acquired at di�erent
times into spatial correspondence. The propagation of errors in rigid landmark-based registration
is well understood but in the voxel-based and non-rigid cases, despite being increasingly used for
clinically applied applications, signi�cant additional manual e�ort is required to estimate errors
in new data. Therefore the priority is to develop new methodsfor measuring registration error, as
this will greatly simplify analysis of structural change. This problem has much in common with
issues relating to the quantitative estimation of optical 
ow, object localisation and dense stereo,
as described above. The solution, to make quantitative predictions of measurement error, would
appear to be the same and require the same technical approaches.
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Sensor characterisation Yes Yes Yes N/A Yes
Video Compression Yes Yes Yes Yes No
Feature Detection (Yes) Yes (Yes) Yes (Yes)

Object Localisation Yes No (Yes) No (Yes)
Object Indexing Yes (Yes) (Yes) No (Yes)

Optical Flow Yes (Yes) Yes Yes (Yes)
Stereo Vision Yes (Yes) (Yes) Yes (Yes)

Face Recognition Yes (Yes) (Yes) (one) No
Medical Structure Yes Yes Yes (Yes) (Yes)

Table 2: Summary of answers to the �ve closed questions

4.10 Summary

In this section we attempt to collate the answers to the �ve closed key questions for each of the
visual tasks and draw some conclusions.

Table 2 summarises the response as a clear 'yes' or 'no' wherethe evidence supports this. In some
cases only a quali�ed '(yes)' can be justi�ed, because thereare only a few examples or we believe
that the situation is not generally accepted.

From the table we can observe the following:

� There is clearly still variable use of performance characterisation techniques by researchers
across in the various areas of vision. Some tools are in use insome areas, whilst others could
be applied across other areas. The biometric best practice guidelines [163] is probably the
best developed overall guide at present.

� There now appears to be fairly widespread use of annotated datasets across most visual tasks,
except curiously object localisation.
There is still some dissatisfaction expressed about limited data set size and coverage. While
some work on data set design has been published [94, 46, 95] and the problems are quite well
understood within other �elds such as text corpora [237, 238, 147, 84], these lessons do not
appear to have been applied systematically within computervision. There is considerable
sharing of such data sets via the internet or digital media, thus reducing the cost of data
collection and annotation.
The use of data generation/synthesis was demonstrated within OCR [118] and more recently
for �ngerprint biometrics [162], and this may be expected tospread to other tasks.

� There is now a substantial appreciation of the importance ofthe replication of results using
common data and protocols. This is most strongly demonstrated by work in stereo [226] and
corner detection [170] though most areas are now sharing data.

� When organised around workshops (the PETS series40) or speci�c tasks, (FERET/FRVT [22,
40 http://visualsurveillance.org/

34



23]) this kind work appears to be leading to co-operation andaccelerated technical progress,
just as previously experienced within the speech communityas a result of NIST workshops
and comparisons.

� There appears to be broad acceptance of the value of testing at the technology level [197]
using generic metrics independent of the context of any speci�c application task (although
it is rarely described as such) as evidenced by the wide availability of datasets.

There is convergence towards common evaluation metrics andpresentation formats, most
notably ROC curves, which are now standard practice, after along period when few detection
algorithms discussed false detection rates. There is stillsome variation in terminology (which
is perhaps to be expected) and some ongoing debate [65, 21, 180, 242] and numerical metrics
are still not uniformly de�ned.

� Regarding experiments which show that algorithm works as expected, consistency measures
across multiple images of the same scene are now commonly used to demonstrate stability
for almost all classes of algorithm. Training generalisation protocol are followed in object
and face recognition and Monte Carlo studies can reveal bias. However estimation pdfs are
rarely examined, and the use of covariances to determine signi�cance of di�erences is still
very limited [152, 153] making comparisons between papers very di�cult.

� The majority of evaluation experiments would still appear to fall into the category of black
box analysis - testing on data sets and recording of results -with relatively little ability to
utilise these results to predict performance. The buildingof explicit white box models of
performance [208, 214] is a very strong idea as it allows the building of explicit modelling
linking the properties of the data with performance, and thus gives a means to predict
performance on an unseen dataset, based only on the properties of that data set.

� The availability of shared or strawman code in most areas hasmade comparison of multiple
existing algorithms easier and more consistent. Open source code (such as OpenCV, PhD
toolkits) is starting to play a role, despite some quality issues.

� A number of evaluation protocols have been published and taken up, most particularly within
biometrics and stereo vision. Downloadable packages comprising annotated data, strawman
code and unambiguous scoring code have started to become available, but are not yet widely
used.

� Regarding a quantitative methodology for the design of algorithms, there is limited work
which addresses this aspect. One can point to Canny's de�nition of an optimality criteria[39]
and Spies' [239, 240] studies in optical 
ow. Likewise whitebox-like analyses of the behaviour
of intermediate representations in object recognition (modelling the Hough transform [205]
and of an invariance scheme [168, 167]); types of variability in face recognition (e.g. illumina-
tion [17] and 3D viewpoint [26, 200]) and stereo (stability of the fundamental matrix [57, 253];
match and mis-match distributions [246]). A �rm `yes' wouldbe required to provide valid
approaches and appropriate (correct) solutions. This goesto the core of what would be re-
garded as making scienti�c progress in this area. However the fact that this column has so
few unambiguous `yes' answers suggests that as a subject, wehave only just started to lay
the foundations which would establish machine vision as a mature scienti�c discipline.

An unambiguous (scienti�c) solution of a particular visual task would require a `yes' to every
question. It is important to note that the table would have looked very di�erent just a few years
ago, as the majority of the `yes' answers are due to recent publications. So in general, all of the
elements to achieve this would appear to already be in the literature, but the subject seems to
lack the motivation to form scienti�c conclusions.
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In this paper we have tried to highlight the main performanceissues by showing the commonality
of themes across a variety of topics. This has given us the opportunity to identify, what we feel
to be, the insights which may take the subject toward �rm conclusions.

We readily acknowledge that there are many other subject areas of active research in computer
vision which cannot be explored further in this paper due to space limitations 41.

5 Discussion and Future Directions

5.1 Software Validation

In implementing a particular algorithm as computer code, the question arises about the correctness
of the code. In [76] F•orstner proposed that vision algorithms should include `tra�c light' outputs
as a self-diagnosis tool to indicate the level of con�dence in their own operation: green for good,
red for poor or no output, and amber for intermediate.

Looking at the covariance and comparing with the Monte Carloperformance can demonstrate
that all aspects of the theory have been correctly implemented. However, disagreement does not
necessarily indicate that the algorithm is wrong - since there may be numerical problems with the
covariance calculation such as non-linearities [98, 101, 103]. Before we can claim that the software
is �t for use, we also need to ensure that the data matches the assumptions made in the Monte
Carlo simulation.

Little progress seems to have been made regarding the general problem of changingimage domain.
This is, being able to predict algorithm behaviours on unseen images, with di�erent characteris-
tics. While it is expected that use of covariance propagation will at least provide self-consistent
estimates of accuracy, issues involving correspondence require scenario evaluation. This problem
is intimately linked with the ultimate intended use of the algorithm. Ultimately we believe that
this cannot be addressed solely by the acquisition of isolated sets of test data sets in order to test
with them. In fact we believe that what is required is a simulation of the imaging system and its
environment.

Calibration of such a simulation using the test data sets would make it possible to evaluate any
other performance scenario as a function of whichever characteristics were believed to be salient.

Figure 1 shows three di�erent approaches to testing an algorithm. The simplest approach, the
one most commonly followed, is shown on the right: given a population of imagery, one samples
a set of images for any training and another set for testing. The result of the testing process is
intended to be representative of the results that would be obtained by testing the system on the
entire population.

An alternative approach, shown on the left of Figure 1, is to analyse the types of variation
encountered in the population. This can be used to develop adata generator, both as an analytical
model and as a piece of software. The analytical model can be used to derive a prediction of how
well the algorithm should perform. If the analytical model is correct, it should predict performance
that is | within statistical sampling limits | equivalent to the results obtained by the purely
test-based approach.

There is a further possible route for testing. The analytical model can form the basis of a piece
of software, and the latter can then be used to generate synthetic imagery that exhibits the same
variations as the population as a whole. (Of course, the software may be hybrid, incorporating
both analytic and sampling components.) The algorithm can then be applied to the synthesised
data; the results obtained from this process should be comparable with the results obtained by

41 A more complete bibliography of some 1,000 evaluation-rela ted papers can be found at
http://peipa.essex.ac.uk/benchmark/bib/index.html
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Figure 1: Di�erent approaches to testing algorithms

the methods outlined inboth the previous paragraphs.

5.2 Developments in The Science of Algorithm Development

As we have shown, there are number of tools that are availabletoday that have been used in a
number of di�erent areas to provide quantitative evaluations of algorithms. In doing so, the basic
tools have had to be adapted to the speci�c circumstances which revolve around numerical issues,
in common with the algorithms themselves. This often requires a substantial amount of creative
thought to overcome. The skills required to solve problems of numerical stability are ones with
which computer vision researchers are already familiar butwhich still require substantial amounts
of creative thought.

In the future, this might lead to o�-shoots into research exploring numerically stable techniques,
for example for stable estimation of covariances from noisydata. In addition, the whole issue
of more powerful optimisation techniques is worthy of further study but cannot currently be
identi�ed as a problem as we do not know what an algorithm could be expected to have delivered.

In some cases, further development in quantitative statistical methods is required for better un-
derstanding and modelling the behaviour of algorithms.

The use of higher order statistics may be a way to avoid problems with the non-quadratic or non-
linear shape of some functions where reformulation is not possible. However, reliable estimation
of higher order statistics places greater demands on the quality of the data. In the future we
might expect that these techniques would be required, but only in specialised circumstances.

Model selection is another topic for further work that is keyto the automatic interpretation
of arbitrary images. Likelihood techniques require the useof an appropriate model and the
determination of the appropriate number of free parameters. Unfortunately, likelihood methods do
not return values that can be directly used to select methods. The neural information criteria, the
Bhattacharyya metric and the AIC have been used [96], as often illustrated for speci�c formulations
(e.g. in curve model �tting [179]).
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5.3 New Application Areas

In seeking to apply vision algorithms, it is important to test their validity not just novelty, so
that the techniques developed by the community may be applied to problems outside. This will
have the advantage for the researchers that recognition, inthe form of additional collaborative
publications may be gained from the joint validation and application of the techniques, and that
the techniques justify being added to the armory of validated tools for new application problems.

6 Conclusions

In general there appear to be common di�culties which are shared across the subject, in many
areas speci�c toolkits have been developed to address di�cult issues and we believe that these
could be applied in other application areas. Unfortunately, what is becoming increasingly apparent
is that the knowledge base of many researchers does not generally provide them with access to these
techniques, it is therefore important that workers in the �eld make e�orts to increase the general
breadth of skills, particularly in areas such as probability theory and quantitative statistics. This
would support a better theory of algorithm design and methodology. We need to be able to get to
the position that algorithms are correct by design, rather than relying entirely upon empiricism
and shootouts. It is particularly worrying that although a lot of good work does appear to have
been addressing fundamental issues there is a lack of general acceptance for what would appear
to be scienti�cally justi�able opinions. We therefore needbetter ways of arriving at consensus
within the community for such results, so that these approaches are more widely accepted as valid
within the community.
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A Honest Probabilities

In the process of �nding the best interpretation of a set of data, we would anticipate the need
to compute the probability of a particular hypothesis, either as a direct interpretation of scene
contents or as the likely outcome of an action. Statistical measures of performance can be obtained
by testing on a representative set of data. The correct use ofstatistics in algorithm design should
be fully quantitative. Probabilities should correspond toa genuine prediction of data frequency,
this property has been described ashonest . From the point of view of algorithmic evaluation,
if an algorithm does not make quantitative predictions thenit is by de�nition untestable in any
meaningful manner.

The term honest simply means computed probability values should directly re
ect the relative
frequency of occurrence of the hypothesis in sample data. Examples are; classi�cation probabili-
ties P(C|data) should be wrong 1-P(C|data) of the time, Hypo thesis tests, ( that a particular
set of data could have been generated by a particular model),should have a uniform probability
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distribution by construction, and error estimates from Likelihood should match the true distri-
bution of estimated quantities. Direct con�rmation of suchcharacteristics provide powerful tools
for the quantitative validation of systems and provide mechanisms for online self test.

Some approaches to pattern recognition, such as k-nearest neighbours, are almost guaranteed to
be honest by construction. In addition the concept of honesty provides a very powerful way of
assessing the validity of probabilistic approaches. In thecase of combining regional information to
re�ne a label category, a topic often referred to as probabilistic relaxation labelling, Poole [202]
was able to argue that any system which drives iterated probability estimates to conclusive 0 or
1 labels, and yet still had a �nite performance error, could not be honest. It was shown that
this problem originated with the assumption that the updatefunction was equal at all update
iterations, and how this could be improved by estimating these functions from sample data.

B Systems Analysis Methodology Review: Based on Ramesh&Har alick94

In this section we outline the systems analysis methodologydescribed in [214]. The methodology
essentially addresses the problem of analyzing and settingup tuning constants for a vision system
with a chosen architecture. The methodology does not address computational issues nor the choice
of the architecture itself.

B.0.1 Systems Analysis Given Chosen Algorithm Sequence

Let A denote an algorithm. At the abstract level, the algorithm takes in as input, a set of
observations, call them input unitsUIn , and produces a set of output unitsUOut . Associated
with the algorithm is a vector of tuning parametersT . The algorithm can be thought of as a
mapping A : (UIn ; T ) ! UOut . Under ideal circumstances, if the input data is ideal (perfect), the
algorithm will produce the ideal output. In this situation, doing performance characterization is
meaningless. In reality the input data is perturbed, perhaps due to sensor noise or perhaps due to
the fact that the implicit model assumed in the algorithm is violated. Hence the output data is also
perturbed. Under this case the inputs to (and the outputs from) an algorithm are observations of
random variables. Therefore, we view the algorithm as a mapping: A : (ÛIn ; T ) ! ÛOut , where
the^symbol is used to indicate that the data values are observations of random variables. This
brings us to the verbal de�nition of performance characterization with respect to an algorithm:

\Performance characterization or Component Identi�cation for an algorithm has to do with es-
tablishing the correspondence between the random variations and imperfections on the output data
and the random variations and imperfections on the input data."

More speci�cally, the essential steps for performance characterization of an algorithm include:

1. the speci�cation of a model (with parameterD ) for the ideal input data.

2. the speci�cation of a model for the ideal output data.

3. the speci�cation of an appropriate perturbation model (with parameter P In ) for the input
data.

4. the derivation of the appropriate perturbation model (with parameter POut ) for the output
data (for the given input perturbation model and algorithm ).

5. the speci�cation and the evaluation of an appropriate criterion function (denoted by QOut )
relative to the �nal calculation that the algorithm makes to characterize the performance of
the algorithm.
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The main challenge is in the derivation of appropriate perturbation models for the output data and
relating the parameters of the output perturbation model tothe input perturbation, the algorithm
tuning constants, and the ideal input data model parameters. This is due to the fact that the
speci�cation of the perturbation model must be natural and suitable for ease of characterization
of the performance of the subsequent higher level process. Once an output perturbation model is
speci�ed, estimation schemes for obtaining the model parameters have to be devised. In addition,
the model has to be validated, as theoretical derivations may often involve approximations.

The ideal input data is often speci�ed by a model with parameters speci�ed by a vectorD and
the algorithm is often an estimator of these parameters. First, we note that the ideal input data
is nothing but a sample from a population of ideal inputs. Thecharacteristics of this population,
i.e. the exact nature of the probability distributions forD , are dependent on the problem domain.
The process of generation of a given ideal input can be visualized as the random sampling of a
value of D according to a given probability distribution FD .

Let P In denote the vector of parameters for the input perturbation model. Let QOut (T ; P In ; D )
denote the criterion function that is to be optimized42. Then the problem is to selectT so as to
optimize the performance measureQ, over the entire population, that is given by:

Q(T ; P In )
Z

QOut (T ; P In ; D )dFD (1)

In the situation where the perturbation model parameters,P In , are not �xed, but have a speci�c
prior distribution then one can evaluate the overall performance measure by integrating outP In .
That is:

Q(T )
Z

Q(T ; P In )dFP In (2)

Having discussed the meaning of performance characterization with respect to a single algorithm,
we now turn to the situation where simple algorithms are cascaded to form complex systems.

Let � denote the collection of all algorithms. Let A(i ) 2 �, then A(i ) : U(i )
In ! U(i )

Out is the mapping
of the input data U(i )

In to the output U(i )
Out . Note that the unit for U(i )

In may not be the same as the
unit for U(i )

Out and perturbations in the input unit type causes perturbations in the output unit
type. A performance measure,Q(i ) , is associated withA i . Associated with each algorithm is the
set of input parametersT (i ) . The performance measure is a function of the parametersT (i ) .

An algorithm sequence,S, is an ordered tuple:

S : (A(1) ; A(2) ; : : : ; A(n))

where n is the number of algorithms utilized in the sequence. Associated with an algorithm
sequence is a parameter vector sequence

T : (T (1) ; T (2) ; : : : ; T (n))

and a ideal input data model parameter sequence:

D : (D (1) ; D (2) ; : : : ; D (n))

. The performance at one step of the sequence is dependent on the tuning parameters, and the
perturbation model parameters at all previous stages. So:

Qi f i (T (i ) ; T (i � 1); : : : ; T (1) ; P In
(i � 1) ; : : : ; P In

(1) ):
42 Note that the input data ÛIn is not one of the parameters in the criterion function. This i s correct if all the input data do not

violate any of the assumptions about the distribution(s) of D and P In .
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So the overall performance of the sequence is given by:

Qn (T ; P In ) f n (T (n) ; T (n� 1); : : : ; T (1) ;

P In
(n� 1); : : : ; P In

(1) ):

The free parameter selection problem can now be stated as follows: Given an algorithm sequence
S along with the parameter sequenceT and performance measureQn , select the parameter vector
T that maximizesQn . Note that Qn is actually the integral:

Qn (T ; P In )
Z

: : :
Z

f n (T (n� 1); : : : ; T (1) ; P In
(n� 1); : : : ;

P In
(1) ; D (n� 1); : : : ; D (1) )dFD ( n � 1) : : : dFD (1) :

Note that at each stage a di�erent set of prior distributions FD ( i ) comes into play. Also, the
perturbation model parametersP In

(i ) is a function gi (T (i � 1); P In
(i � 1) ; D (i � 1); A(i � 1)). In other

words, the perturbation model parameters at the output of stage i are a function of the tuning
parameters at stagei � 1, the input perturbation model parameters in the stagei � 1, the ideal
input data model parameters, and the algorithm employed in the stagei � 1. It is important to
note that the functions gi depend on the algorithm used. No assumption is made about theform
of the function gi .

The derivation of the optimal parametersT that maximize Qn (T ; P In ) is rather tedious and
involved. Therefore in practice the thresholdsT are selected in each individual stage relative to
the �nal task. For example, in [210], thresholds for a sequence of operations involving boundary
extraction and linking were chosen relative to the global classi�cation task of extracting building
features to satisfy a given misdetection rate for building feature detection and a given false alarm
rate for clutter boundary pixels. In the examples that follow, we will adopt a similar strategy. That
is, we will set up pruning thresholds in a video surveillanceapplication by de�ning probability of
missing valid hypotheses and probability of false hypotheses as criterions. The reader must note
that these criterion functions are essentially functions of the ideal parametersD 's and one has to
integrate over the prior distribution of the D 's.
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