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Abstract proaches [6, 16, 11], recognition features are extracted from

silhouette images. Although these features are invariant to
The reliable extraction of characteristic gait features from texture and color, the static human shape, which is easy to
image sequences and their recognition are two important be concealed, inevitably mingles with the movement fea-
issues in gait recognition. In this paper, we propose a novel tures. In this paper, we propose a 2-step, model-based ap-
2-step, model-based approach to gait recognition by em-proach, in which reliable gait features are extracted by fit-
ploying a 5-link biped locomotion human model. We first ting a five-link biped human locomotion model for each
extract the gait features from image sequences using theimage to avoid shape information, followed by recogni-
Metropolis-Hasting method. Hidden Markov Models are tion using Hidden Markov Models (HMMs) based on the
then trained based on the frequencies of these feature trafrequency components of the trajectories of the relative
jectories, from which recognition is performed. As itis en- joint positions. Applying our approach to both the USF
tirely based on human gait, our approach is robust to dif- Gait Challenge data-set and the CMU MoBo data-set, we
ferent type of clothes the subjects wear. The model-basediemonstrate that promising recognition rate can be obtained
gait feature extraction step is insensitive to noise, cluttered using gait only features.
background or even moving background. Furthermore, this  This paper is organized as follows. Section 2 summa-
approach also minimizes the size of the data required for rizes the existing approaches to the gait recognition prob-

recognition compared to model-free algorithms. We applied jem. The five-link biped human model is described in Sec-
our method to both the USF Gait Challenge data-set and tion 3. Section 4 provides details of the extraction of gait

CMU MoBo data-set, and achieved recognition rate of 61% features, while recognition using HMM is described in Sec-
and 96%, respectively. The results suggest that the recognition 5. Experimental results are presented in Section 6, fol-
tion rate is significantly limited by the distance of the sub- |owed by conclusions in Section 7.

ject to the camera.

1. Introduction 2. Pr.e.wous Approaches to Gait Recog
nition
Human recognition is an important task in a variety of ap-
plications, such as access control, surveillance, etc. To disExisting methods for gait recognition can be divided in two
tinguish different persons by the manner they walk is a nat- main categories: model-free and model-based.
ural task people perform everyday. Psychological studies Two model-free baseline approaches have been proposed
[10, 19] have showed that gait signatures obtained from for gait recognition based on the silhouette images: Phillips
video can be used as a reliable cue to identify individu- et al. [16] measured the correlation between the probe sil-
als. These findings inspired researchers in computer visionhouette image sequences and those in a data-set, while
to extract potential gait signatures from images to identify Collins et al. [3] applied template matching between se-
people. Itis challenging, however, to find idiosyncratic gait lected key frames. Other low level image features are ex-
features in marker-less motion sequences, where the use dfacted, for identification of the spatial and temporal vari-
markers is avoided because it is intrusive and not suitable inances of human gait: the width of the outer contour of the
general gait recognition settings. silhouette [11], gait mask responses [6], moments of the
Ideally, the recognition features extracted from images optical flows [14], generalized symmetry operator [8], etc.
should be invariant to factors other than gait, such as color,Lee et al. [13] fit seven ellipses in the human body area,
texture, or type of clothing. In most gait recognition ap- and used their locations, orientations, and aspect ratios as



features to represent the gait. All features used in these
approaches are calculated either on the pixel level (back-
ground subtraction) or within small regions (edge map and

optical flow calculation), hence are susceptible to noise and
background cluttering. More recently, silhouette refinement

[12] has been proposed to improve the recognition rate.

However, the features extracted using the above methods in-
clude shape information, which should be avoided for gait

recognition.

On the other hand, with gait features closely related to
the walking mechanics, model-based approaches have the
potential for robust feature extraction. Human-like struc-
tures are proposed in gait feature extraction: A 2D-stick (@) (b) (c)
model was obtained through line fitting to the skeleton of
the silhouette images by Niyogi and Adelson [15], while Figure 1: (a) Sagittal plane. (b) Five-link biped human
Cunado et al. [4] modelled the thighs as interlinked pen- model. (c) An individual body part
dular to extract their angular movements. These recogni-

tion features are extracted over large regions, which are less o ] )
sensitive to the image noise. More significantly, theses fea-LOF consisting of sagittal plane elevation angles (SEAs) for

tures do not contain shape information. The above methodsne five body parts. The SEAs of a certain body part is de-
achieved satisfactory recognition rate over small gait datafin€d as the angle between the main axis of the body part

set, demonstrating the potential of identifying persons us-and the y axis [20], as shown in Figure 1 (b). However, the
ing movement features only. size of each body part in the images may differ with differ-

ent persons, or even the same person at different distances
} ] ! from the camera. One way to obtain the shape model for
3. Five-link Biped Model each person is to manually find the joint positions on the
first image, which is tedious when the data set is huge. In
our work, we develop a model fitting method for the initial-

ization process, in which the size of each body part in the

enough to .capture_tht_a dynamics of m_ost ped.estnans, and t‘?mage is specified by fitting the human shape model to the
be customized to fit different persons in tracking Sequences.q o ette image.

Complicated human models, such as the 3D deformable
model [18], are not practical for efficient human tracking. . .
Studies carried out by physiologists show [2] that most 3.1. Scale-invariant body model
walking dynamics take place in the sagittal plane, or the For our purpose, we need a general human shape model in-
plane bisecting the human body [Figure 1 (a)]. Hence, we dependent of scaling. As shown in Figure 1, the human
use a 2D five-link biped locomotion model to represent the body model, without considering neck and head, consists of
human body in the image sequences when the person isive trapezoids, connected at the joints. Each trapezoid is
walking parallel to the camera (side view). defined by its heightlf and the lengths of the top and bot-
The biped model is constructed as shown in Figure 1.tom basest(andb, respectively). Hence, each body pat
The lower limbs are represented as trapezoids, whereas the=1,...,5, can be represented by = {«;, 5;,;}, where
upper body is simplified as the upper half of the human sil- « = ¢/l andg = b/l are base-to-height ratios. By nor-
houette without arms. For people walking at a distance, it is malizing the body part heights with respect to the height of
difficult to recover the exact arm positions, as little informa- the trunk (5), we obtain a shape model invariant to scaling,
tion of the arms is available in the visual images. Therefore, which is parameterized by two vectors: the base-to-height
the influence of the arm dynamics has been neglected inratio vector,K = {«1, 31, a2, 52, . - ., as, 35}, and the rel-
our dynamic model. These simplifications are necessary forative height vectoR = {ry,ra,...,r5}, wherer; = I,/Is.
a compact model to reduce the computational complexity, Together with the biped modal/, we can describe the hu-
while at the same time enabling capturing most dynamics man body posture a = {K, R, M }.

Walking is a complex dynamic activity. A good human
model for gait recognition should be simple, but general

of pedestrians. We assume that the model parameters are independent
If the length of each part (shape model) is fixed, the of each other, subject to Gaussian distributions. The ori-
biped modelM has seven degrees of freedad, = (C' = entation vector is subject to a uniform distribution over an

{z,y},0 = {601,602, 05,04,05}), whereC is the position of interval Lo, provided by physical limits of the joints. Thus,
the body center in the image, afis the orientation vec-  the probabilistic distribution of the human model can be ex-



pressed as

H={K,R,M} ~GK,Xk)G(R,Zr)U(C)U(©; Lo)
(1)
The means and variances are estimated from the mea-
surements provided in [21].

3.2. Initialization of body shape model

The orientation and the actual length of each body part in
the image are defined in the initialization step. We choose
to fit the silhouette image when the two legs are furthest

apart from each other (double stance phase). In this phase, @) (b) ©
the SEAs of the shank and calf of the same leg are roughly
identical. Figure 2: (a) Silhouette image. The three blocks indicate

We first obtain a rough estimation of the human model regions for shape model calculation. (b) Rough estimation
H from the silhouette imag€. The body center positionin  yesylt. (c) Initialization result

the image is set to the middle point of the silhouette pixels

C=(z,y)= (mf%ign(wi)7mgéggn(yi))- ) is the minimum distance from pointto the contour ofS,
) ) calculated by the distance transform.
To calculate the orientation vecté, we select three Finding the global optimaH* is rather difficult. Here

sub-regions within the silhouette image, one for the uppere use the Metropolis-Hasting method, which guarantees
body and one for each leg as shown in Figure 2 (a). Theconvergence to sample from the posterior. Starting from the

SEA of each body part is set as the angle of the main axisroygh estimatior obtained above, the Metropolis-Hasting
for pixels within the corresponding region, which is the axis steps for adjustind? are:

with the least second moment [9]. Givén the height of
each body part can be obtained based on the height of the 1. Generate new samplé’ according toy(H — H').
silhouette image.

The above estimation provides a good approximation,
however it may not be accurate in some cases. For further
adjustment, we seek for a human modg&!l which fits the

q(H— H') x p(H)G(H — H',Xg), (6)

whereX. g is the covariance matrix for model parame-

ters.
silhouette image best. Using Bayesian inference, we for-
mulate this procedure as: 2. AcceptH’ according to
H* = argmax p(H|S) . p(H'|S)q(H" — H)
H = 1 .
© o= S g — 1)

= argmax p(S|H)p(H)

3. Repeat step 1 and 2 unfi(H|S) is high enough or a

where the prior distributiop( H) is given in Eg. (1), and the maximum number of iterations is reached.

likelihood p(S|H) specifies the silhouette generating pro-
cess from human modéf to S. The sizes of neck and head are then calculated through
AssumesS’ is the shape generated by the human model the relative size with respect to the trunk length based on
H, Cs is the boundary point set for shapeand.A(S) is  [21]. Figure 2 (c) shows the initialization result, which
the Corresponding area. The likelihood function is defined shows improvement from the rough estimation in Figure 2
as (b). In addition, we can obtain the appearance moudé) (
p(S|H) = p(5|S") of each bod_y part based on the colqr ir?fo.rma}tion within t_he
v N 9w corresponding image region. The initialization step relies
~( H G(D(v,Cs),03))" (G(A(S) — A(5"),05))"* on the quality of the silhouette image; therefore, further ad-
veCy justment of the parameters may be needed if the silhouette
4) image is severely corrupted.

wheres?, ando? are the variances of the distance and area, 4. Tracki
respectivelyuw; andws are the weights for the two compo- - Iracking

nents, and Since we have extracted the shape model and the initial con-
D(v,Cs) = min d(v,v") 5)

VeOs figuration, the next step is to extract gait signatures over



time based on this shape model. Current 2D-based track-
ing methods use either image edges or dense optical flow
for detection and tracking. However, image cues, such as
optical flows and edges, are not totally reliable, especially
when calculated from noisy images. To achieve robustness,
we need to carry out our computations within large regions,
e.g., at the body part level. The image information we uti-
lize is the color and the inner silhouette region.

For an input framd, at the time instance we use the
background model to obtain the silhouette im&geGiven
the appearance modél{) and human model parameters
M; = (Cy, ©,), we can compose an imageM,; W). The
best human model configuration should make this image as
close tol; as possible. In addition, the area of the human
model should be equal to the area of the silhouette image,
and the difference of the biped model configurations be-
tween time instance — 1 and¢ is small. Therefore, we
want to estimate the best biped modé] which minimizes
the total energy of the following equation,

E=w.Y p(I — I(My; W), 0)
+ w.A('A(Sf) - A(Mt))2 + wnL|Mt - Mt—1|

wherew.., w4, andw,, are three weight factorg, is the

Kneestride width

- - Knee
elevation

Ankle stride width

Figure 3: The space domain features

5.1. Recognition Features

Based on the tracking results obtained with the biped model,
(7 the differences across people are largely temporal. It is,
therefore, necessary to choose a feature representation that
makes the temporal characteristics of the data signal ex-

Geman-McClure function defined as [1]:

72

p(x,0) = m, 8)

plicit. Because gait is cyclic, a frequency domain-based
representation seems particularly suitable.

To this end, we first compute the following space do-
main features: ankle elevatios,, knee elevationsy), an-

which is robust error norm since it constrains the effect of kle stride width §3), and knee stride widths{) (Figure 3).
large residuexf) value. The scale parameters defined as:  The trajectories of the above four features within normal-
o = 14826 x median| I, — I(My; W)| ©) ized gait cycle are shown in Figure 4. .
For each of these four features we compute the Dis-
The initial C; is calculated as the mass center of the sil- crete Fourier Transform (DFT), denoted $sover a fixed
houette image as given in Eq. (2). The predicted orientationwindow size of 32 frames which we slide over the feature

are given by: signal sequences.
O =2x0;_1 — 02 (10) 31
L. . . . . 1 —2mink/32
The minimization of the energy term in Eq. (7) is maxi-  Si(n) = 32 Z si(k)e forn=0,---,31
mizing the following probability k=0

(12)
The size of 32 frames was chosen close to a typical hu-
man gait cycle. Future work should also investigate adap-
tive window size based on the actual period of the gait cycle
of different person.
5. Recognition The DFT_s reveal periodicities in_the_ feature data as V\_/ell
as the relative strengths of any periodic components. Since
The sagittal elevation angles extracted from the above track-that the lowest frequency component does not provide any
ing procedure capture the temporal dynamics of the gait ofinformation on the periodicity of the signal, while high fre-
the subject, whereas the trajectories of the correspondingguency components mainly capture the noise, we sample
joint position reveal the spatial-temporal history. In addi- the magnitude and phase of the second to fifth lowest fre-
tion, studies [2, 20] showed that the SEAs exhibit less inter- quency components. This leads to a feature vector contain-
subject variation across humans. Therefore, our recognitioning 4 magnitude and 4 phase measures for each of the four
method focuses on the joint position trajectories. In this space domain base featurés (- - -, S4), an overall dimen-
section, we provide details of the recognition process. sion of 32.

p(Mi|1}) x exp(—E), (11)

by employing the same Metropolis-Hasting method used in
the initialization step.
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Figure 4: The trajectories of space domain features for two
different subjects

5.2. Recognition Method

After computing the features, for each of the gait data sam- — ca
ples, we then segment the resulting data stream according to . |
its gait cycles, such that any single example contains only
the data from a single gait cycle. In this way, recognition is 4 '5 i
analogous to isolated speech recognition. Therefore, we ap-
plied the Hidden Markov model (HMM) for identification,
which have been used successfully in speech recognition.

We consider HMM of degree one, where the current state
depends only on the previous state. The observation for
HMM is the 32-dimensional feature described above. The Figure 6: Tracking results for one subject
HMM is represented agr, A, B). In the training step, the
initial state distributionr, transition probabilitiest and the
observation probability3 are estimated using the standard
Baum-Welch re-estimation method [17].

6. Experiments and results

The above algorithm is applied to both the CMU MoBo
Given a test example, we compute the likelihood of each data-set [7] and the USF Gait Challenge data set [16].

HMM on the example, and choose the HMM with the high-

est likelihood as the correct one, i.e., label it@ssuch that 6.1. CMU MoBo data-set

k* = argmaxy, pr(O|m, A, B).

The CMU data-set contains video of 25 individuals with

W'th. multiple ga_ut cycle_s fpr_ the Same person, We can g, 4 gait cycles, who are walking on a treadmill under four
recognize each gait cycle individually using above method. different conditions: slow walk, fast walk, incline walk and
To combine the recognition results together, we aggregate : '

the N-best ition: for th iti It of h walking with a ball in hand. Figure 5 and Figure 6 shows
€ /v-best recognition. for the recognition resuit ot each tracking result of sample images.
gait cycle, assign a score 2 to the first rank 19 to the sec- ) . . .
i In our first experiment, we split the gait cycles randomly
ond rank, and so on; and then sum up all the rank scores forinto a training and a test set by a ratio of 3:1, so that both
all possible hypotheses, and pick the result with the high- 9 y o

. . L sets contain a mix of examples from all four walking activ-
est cumulative score. Performing aggregation in this way ;. - .
; . : L ities. The results are shown in Figure 7. We achieve 96%
yields an improved identification rate.
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Figure 7: CMS plot of CMU gait data (@) (b)

Figure 8: (a) Original images (b) Silhouette images

Figure 9: Sample silhouettes from the USF data

identification accuracy (Rank = 1), and the correct identifi-
cation always occurs within top 3 ranks.

We also carried out the following experiments on this
data-set:

1. Train with slow walk and test with slow walk.

2. Train with fast walk and test with fast walk.
3. Train with incline walk and test with incline walk.

4. Train with walking while holding a ball and test with ~ subject are accurately captured using our method. How-
walking while holding a ball. ever, our recognition result is much worse for experiment

(5) than (1)-(4). Observed that while holding a ball, the
5. Train with slow walk and test with walking while hold-  subject slightly changes his/her gait due to the necessary ad-
ing a ball. justment to balance the additional weight. As a result, poor
recognition rate is a natural outcome for methods using only
movement information. This also indicates that the higher
recognition rates achieved using other recognition methods
employ the human shape information, in addition to gait.

In the first four experiments, the sequences are divided
into two training and testing sets, by the ratio of 4:1. In case
(5), the entire slow walk sequences are used for training,
and only one gait cycle for walking with a ball is used for
evaluation.

The results of the five experiments are shown in Ta- 6.2. USF Gait Challenge data-set
ble 1. As we can see, the recognition rate hit 100% at the
top match for experiments (1) and (4), and is nearly per-
fect (around 96%) for (2) and (3). This shows our method
even perform better than those shape-based approach su
as [11], which suggests the motion dynamics of different

For the USF Gait Challenge data-set, since they are taken
outdoors, we need to handle shadow, moving background,
éﬁhting changes, etc., in the silhouette extraction step.

erefore, we applied the non-parametric background mod-
elling [5] for silhouette extraction. Figure 8 and Figure 9
show the silhouette images.

Train vs Test P; (%) (at rank) Typically, each gait data sample in this data-set contains
1 2 5 10 4 to 7 individual gait cycles. Overall, there are 75 subjects

Slowvs Slow | 100 100 100 100 in the data set, with a total of 2045 gait cycles. 75% of
FastvsFast | 96.0 100 100 100 the cycles are randomly selected to form the training set,
Incline vs Incline| 95.8 100 100 100 with the rest forming the test set. Both sets contain a mix
Ball vs Ball 100 100 100 100 of examples from the subjects with different camera views,
Slow vs Ball 52.2 609 69.6 91.3 types of shoes and surfaces. The identification rate for the

entire USF data-set is 61%, shown in Figure 10.
Table 1: Performances for CMU MoBo data-setinterms of  The recognition rate is lower than that for the CMU data-

the identification rate’; at ranks 1, 2, 5 and 10 set, which may be attributed to either the number of subjects
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Figure 10: CMS plot of USF gait data
[2]

in the data-set, or the distance between the subjects and the
camera. We randomly pick 25 subjects from the USF data- [3]
set and use their data for the recognition process. This ex-
periment is carried out 20 times, and we obtained an av-
erage recognition rate of 77% with a standard deviation of
5%. The recognition rate is improved comparing to using 75
subject altogether, however this alone still does not account
for the lower recognition rate for the USF data-set. We no-
tice that the average image length of thighs for the subjects
is 26.7 pixels, whilev 130 in CMU data-set. Therefore, the
accuracy of the extracted feature is limited in USF data-set.
The subtle inter-subject movement differences could not be
fully extracted from these images, which results in lower
recognition rate. Both the number of subjects and the image [6]
resolution are hence important in affecting the recognition
rate.

(4]

(5]

(7]

7. Conclusion

(8]
In this paper, we have shown a novel 2-step, model-based
approach for gait recognition using human body move-
ments exclusively. As the concealable shape information [9]
is avoided, our method is more robust than the shape-baseg )
ones. Applying this approach to CMU MoBo data-set and
USF Gait Challenge data-set, we achieve recognition rates
of 96% and 61% respectively. The lower recognition rate (11
for USF data-set is attributed to both the larger number of
subjects and the longer distance from camera to subjects.
This suggests that proper zoom lenses are needed to ensure
that the gait motion is seen at sufficient detail. [12]

The experimental results show that the sagittal plane
contains identification information. In our future work, we
would combine the frontal view of the subject for other in-
formation such as the toe-out and the bending of the legs
[20], to further improve the recognition rate.

(13]

NSF:0200983.
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