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due to changes between recordings of the same subject
metrics in a probabilistic framework. Using three gait (intra-class variations) and which variation is due to

modalities we describe a process for determining probabilistic changeS_ between subjects (|nter-cl_ass V"’mf"‘t'ons_¢ Th
match scores using intra and inter-class variance models S€cond important weakness of this technique is the
together with Bayes rule. We then propose to fuse theseuncertainty about the range or distribution of scores th
modalities based on established fusion rules with weights will be produced. This is an important factor in
determined in a principled manner. Using a large publicly verification (the one to one match between a new
available database we show improvements through fusion, both sequence and a stored template) and in data fusion. The
in terms of verification accuracy and class separation; we also Eyclidean distance can struggle with verification since
consider how the accuracy of each modality and the ynimportant dimensions in the measurement vector can
correlation between the modalities affects overall performance. o tripute greatly to the similarity score, exacermti
difficulty in finding a suitable threshold.
Data fusion combines metrics from various
1 Introduction techniques to build one single identification score [4, 5,
6]. These methods struggle when using distance based
Gait recognition is defined as the identification of & metrics since the scale and distribution of scoressacr
person through the pattern produced by walking. This myitiple techniques are unlikely to be similar. To
field has produced significant interest over recent years compensate for this, score transformation is ofte ts
and through this work it has been shown that a SUbjECt'Sapproximate the posterior probability [7, 8]; howevesit i
gait pattgrn is sufficiently unique for id_entificgtior!. iGa ot clear whether these are good approximations of the
has particular advantages over other biometrics: itbean posterior probability. In this paper we describe a more
used at_a distance, uses no additional_skills on the part Osuitable method, where the posterior probabilities are
the subject, and may be performed without the subject’s cajcylated directly. Previous approaches to combining
awareness or active participation. All of these ach@es g4t metrics [7, 9] have all relied on score transfdioma
make it particularly valuable in surveillance or security g allow data fusion, also only static fusion rules ased
systems. and no consideration is given to the imbalance of
Recognition methods can be broadly divided into ¢j5ssifiers.
two groups, silhouette-based techniques and model-based One solution for all of the problems described above
techniques. Silhouette-based techniques [1] tend to offer\yoyid be to use the Bayesian classifier [10] to provide a
speed and simplicity, but are only indirectly linked to gait probabilistic measure for the verification  (or
and are difficult to normalise for noise or variatigugh classification) decision. A well designed Bayesian
as clothing. Model-based techniques [2] use the shapec|assifier will take into account intra and inter-glas
and dynamics of gait to guide the extraction of a feature yariation, as well as providing well scaled (guaranteed
vector. In this paper we utilize the dynamic method of petween zero and one) and well distributed outputs. The
Wagg and Nixon [2, 3] and two different silhouette-based |;ge of Bayesian classifiers is unknown in gait
static methods [1]. N _ recognition, although there have been some attempts to
In many recognition approaches, recognition relies jmplement Bayesian classifiers in face recognition [11,
on distance metrics, typically Euclidean distance, i.e a 12, 13, 14]. Whilst these implementations have
form of nearest neighbour classifier, between twdoréC  performed well in the classification task, initial
one of a known subjectc, and one of an unidentified  experiments have suggested that similar performance is
subject,in. A classification decision can be made based not achieved in the verification task. It would appeat th
on the Euclidean distancd, between the two vectors.  tne syitability of the Gaussian distribution for modeili

This approach_has a nu_mber of W_eaknesses; principakhese distributions has not been fully explored and that
amongst them is that it fails to exploit any knowledge of

variation within the data, particularly which variatids

Abstract — This paper examines the fusion of various gait
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the likelihoods arising from these models are poorly silhouettes are normalised to provide a common cefitre o

scaled and distributed [15]. mass and then summed to form an average silhouette
In this paper we examine the application of our across the complete gait cycle. This average silhouette

novel probabilistic framework to the task of data fusion yields a vector of 4,096 dimensions.

We describe our method for obtaining confidences in The second static signature is a 1,836 dimensional

verification decisions using static and dynamic gait vector obtained from a block-based silhouette averaging

vectors. These confidences are combined using weightedmethod.

fusion rules to assess the performance of our method

using a large publicly available database [16]. We

examine the effect of the correlation of classifiensthe

efficacy of fusion.

2 Theory

2.1 Gait signature extraction

For our gait signatures we employ two methods, g
dynamic method proposed by Wagg and Nixon [2, 3] and
two static methods [1]. For the dynamic sighature we
follow the methods of Wagg and Nixon to extract a
seventy-three dimensional measurement vectousing
model based estimation. This signature derives from bulk
motion and shape characteristics of the subject — e
articulated motion estimation using an adaptive mode| Shape Estimation Period Estimation
and motion estimation using deformable contours; i
examples of all of these processes can be seen ir.Fig.
After pre-processing to remove noise and background th
sequence is edge detected with a Sobel operator.
motion compensated temporal accumulation algorithni
[17] is used to extract the bulk motion of the subject in
the horizontal plane. This is then filtered using tengpla
matching, leaving only motion due to the subject. Shapg
estimation is then performed using a more accurat
model of the subject’s shape.

Articulated motion is estimated as sinusoidal
models of hip, knee, ankle and pelvic rotation. These
provide a starting point for model adaptation of the
subject’s limb movements. An adaptive process for joint
location is then applied to the sequence to form a morg Adaptive Model Active Contours
accurate and robust model of limb movement. This Fig. 1 — Gait Parameter Extraction
adaptive process is based on an iterative gradient descent
model repeated until no changes occur over the entire2 2 |ntra and inter-class variation
sequence.

By feature selection, the processes described in [3] We seek to exploit our knowledge of the variation
yield 45 parameters based on joint rotation models fr th within the difference measurkto provide a probabilistic
hip, knee and ankle and 18 parameters describing themeasure of whether the feature vecigrndiy belong to
subject’s speed, gait frequency and body proportions. Athe same subject. Specifically we wish to describe the
further 10 parameters are extracted from the processedariation in two ways, the variation that arisesnir
described in [2]. All of these parameters are normalise differences in measurements from the same subjeca{int
to make them size invariant. class variation) and the variation that is the resflt

For the first static signature the sequence undergoesdifferences between the measurements of different
the same pre-processing to remove distortion and Subjects (inter-class variance).
background and silhouettes are obtained by connected To describe this variance we take a corpus of
component analysis and morphological operators. Thetraining data that contains a number of subjects eébh w
output of this operation is a series of binary imagesef multiple measurement vectors. From this corpus we

subject silhouette over a complete gait cycle. These Subtract every vector from all other vectors of saene
subject to form our intra-class training sBg; we also
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subtract every vector from every other vector in the
corpus where the subjects are not identical, this fahas
inter-class training seD),.

Having created our two training sets we then find
the mean and variance of each set:
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This process is undertaken for both the intra and
inter-class training sets to givee, 1, o’c, andd. We
justify the use of the variance rather than the danae
following Liu and Wechsler's work in face recognition
[13] where they make the assumption that the covariance
matrices are diagonal:

Z:diag{af,azz,...,ai}

(3)

Initial experiments performed on our data show that
the covariance matrices are indeed sparse except on th
diagonal and we concur with Liu and Wechsler's
experiments showing no loss of performance using
variance rather than covariance. We would expect this t
be a general result for biometrics, since most comgsne
are constructed to be orthogonal to one another armkhen
have no covariate properties. If this assumption was
invalid it would reduce the discriminant ability of our
method.

2.3 Likelihood estimation

the likelihoods of obtaining the distandegiven either
intra-class variationP(d|C), or an inter-class variation,
P(d|I), i.e that the subject is either a client or an iniuos

It is desirable to model these two distributions such
that P(d|C) tends to one withd less tharuc, tending to
zero asd increases beyongdc; converselyP(d|l) should
tend to zero withd less thany, and tend to one agd
increases beyong. If the distributions ofl from clients
and impostors are slightly overlapping then the functions
for P(d|C) and P(d]l) should appear as in Fig. 2. To
achieve this distribution we have chosen to méyd|C)
andP(d|l) as logistic functions (Fig. 2) such that:

d-pc

Pd|C)=1 |1+e ® (4)

_(d‘lll)
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b, =v30?%/m* mdi,c

(5)

(6)

These functions conform to our requirements that

they take into account knowledge of the variatiordjn
that they are well distributed and that they are guaednte
to produce outputs between zero and one.
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2.4 Bayesian Classification

butio

ns and

From our estimates of the likelihood, the posterior

probability of a subject being a clien®(C|d) can be
We wish to describe a new sequence’s similarity to a calculated directly. To achieve this we use Bayes' rule
stored sequence of a known subject in a probabilistic (7), with the assumption that the prior probabilitiesaof
manner using the information on the mean and variancecijient or an impostor are equal, Eq. (8), and calculating
obtained in Egs. (1, 2). To achieve this we must caieula p(d)using Eq. (9):

- PEIOP©C)
P(C|d) = P) (7)
P(C)=P(I) (8)
P(d) = P(C)P(d |C)+P(1)P(d|I) )

Eq. (7) then simplifies to:
P(C|d)= =IO (10
P|C)+P]I)
Having calculated the posterior probability, a

suitable decision thresholt,can be implemented for the

verification task. Hence iP(C|d) is greater thart we



accept the assertion that the subject is a cliehéraise
we reject them as an impostor. The value ofiay be
adjusted to achieve the desired trade-off between false
accept and false reject rates.

2.5 Data fusion rules

Having obtained the posterior probability for our
static and dynamic gait vectors we may now combine
them using weighted product and sum decision rules [4,

5]. The rules are given by Egs. (11, 12), whie(€|d) is Fig. 3 — Example Image from Gait Sequence
the posterior probability from thé& classifier andR is the
number of classifiers to be fused. Using the procedure described in section 2.2 the

training vectors were differenced from those of theesa

and different subjects to form 1,322 and 19,558

difference vectors respectively. These were then used t

calculate the intra and inter-class means and vasance

Product rule: for each modality. Posterior probabilities were then
R calculated using the methods set out above for the client

p(c|d1,___,dR):v/|-| P(C|d; "R (12) and impostors sets for each modality. The modalities

I

were then fused using weighted product and sum rules.

R
Sumrule: P(C|dy,...dg)=>wP(C|d) (12)

The optimal weightsw;, for weighted fusion are 4 Results
determined by the additive errdf,qq from each classifier

[18] and may be found using Eq. (13): The Equal Error Rates before fusion are 7.3% for

the dynamic method, 15.5% for the first static method

1 and 23.3% for the second static method. Using the

W ={§ 1 J 1 (13) definitions and theory of Daugman [6], since the error
I

de rate of the best classifier is less than half tfahe other
classifiers, both static methods are termed highly
imbalanced with respect to the dynamic method. Because
of this Daugman asserts that we should see no
improvement when fusing these modalities if using
decision fusion methods. Table 1 shows the results
hodol obtained from the experiments. In this we see thatege
3 Methodology improvements over the unfused results in all cases. It i
Using the Southampton HiD database [16] likely that Daugman’s assertion does not hold for our
consisting of 1,079 sequences from 115 subjects walkingexperiments due to the increased flexibility of the score
to the left (such as the example image shown in Fig. 3) fusion methods we are using.
we were able to construct training, gallery, clientlan Using McNemar's Test [19] to evaluate the
impostor sets; these sets were converted to both dgnam Statistical significance of any improvement we firnctt
and static feature vectors. The training set consisted the improvement over the dynamic method from adding
145 sequences of 15 subjects that could be used tceither static modality using the weighted sum rule is
estimate the intra and inter-class mean and varighee;  significant at the 1% level; further we find that the
gallery consisted of single sequences from 100 subjects;improvement from fusing both static modalities over
the client set consisted of 834 sequences each matched tgsing the single best performing static modality is

K
k Eadd

Due to the difficulties in calculating the value of
Eaqa We instead approximate this value with the equal
error rate of each classifier.

a subject in the gallery set; the impostor set caoebist statistically significant at the 2% level. The slight
834 sequences where the sequences were not matched tg1provement in verification performance by adding the
a subject in the gallery. second static modality to the combination of the dyisam

and first static modalities is not statistically sigggnt.
Despite these improvements appearing to be small it must
be remembered that the methods we are using are already
highly effective and that for those results that are
statistically significant it is unlikely that this
improvement is due to feature space noise. Fig. 4 shows
the Receiver Operator Characteristic curve for thglei



modalities and the fusion of all modalities using the decidability index for an experiment with a classificatio
weighted product and sum rules. rate of 99.2% on 252 examples was 3.43 [20]. The values
for d’ can be seen in Table 1 with an example distribution
= ' ' ' ' from the weighted sum fusion of all modalities shown in
— Dynamic Using the decidability index to evaluate the various

02 — Static 1 g

e methods we see that they are in agreement with thd Equa
5 Weighted Sum Error Rates (Fig. 6). It is apparent that the decidabilit
index is roughly inversely proportional to the Equal Error
Rate for our example methods; this is to be expected as
the more separated the client and impostor sets ae, th
greater noise immunity one would expect the method to

have.
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Fig. 4 — Receiver Operator Characteristic Curves ol

Table 1 — Error Rates and Decidability Index

Count

Method Equal Error Decidability
Rate (%) Index (d")
Dynamic 7.3 2.90 10}
Static 1 15.5 1.93
Static 2 23.2 1.75 |
Weighted Product 6.2 3.19 o
(Dynamic & Static 1) ”HM “ H |
Weighted Product 6.8 3.06 0 II [l I\ i
(Dynamic & Statlcz) " " " Po:t:rior Probabii‘:i;es v " "
Weighted Product 14.5 2.10 Fig. 5 — Distributions from the Weighted Sum
(St_atlc 1 & Static 2) Fusion
Weighted Product 6.3 3.23
(Dynamic & Static 1&2) %
Weighted Sum 5.9 3.24
(Dynamic & Static 1) .
Weighted Sum 6.7 3.11
(Dynamic & Static2) = =
Weighted Sum 13.6 2.16 g" i
(Static 1 & Static 2)
Weighted Sum 5.8 3.33
(Dynamic & Static 1&2)
It is also of interest to consider how the fusion

process improves the separability of the clients and -
D Static1  Static2  Weighted Weighted ngn Wghtd Weighted Weighted Weighted ‘Weighted
F’dt Product Product roduct Sum Sum Sum(SH Sum

impostors; this can be measured by Daugman's o O & o & Ot sy 1 S D

decidability index [6] and is given by: S i
Fig. 6 — Equal Error Rate and Decidability Index

My~ H )
| - 2| (14) We also calculated the correlation between the

w,%(alz +022) various modalities using the methodology described in

Whereyu,; andy, are the mean values of the client [21]. The correlatiorpqcis given by:
and impostor posterior probabilities respectively, ahd ;
and ¢% are the variances for the client and impostor 0 NN¢
posterior probabilities. The decidability concernsdhea ne = N - Nt - N +an
of overlap between the two distributions; if this aiea
large, decidability is low. By way of comparison the

d'=

(15)




Wheren is the number of classifiers under téétis
the total number of sequences (1,664, is the number
of sequences where all classifiers have an incootgput

account for correlation when calculating the weights; w
also wish to extend this work to other biometric
modalities.
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