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Abstract

We present a parametric method to automatically identify peo-
plein monocular low-resol ution video by estimating the height and
stride parameters of their gait. Stride parameters (stride length
and cadence) are functions of body height, weight, and gender.
Previous work has demonstrated effective use of these biometrics
for identification and verification of people. In this paper, we show
that performance is significantly improved by using height as an
additional discriminant feature. Height is estimated by segmenting
the person from the background and fitting their apparent height
to a time-dependent model. Wth a database of 45 people and 4
samples of each, we show that a person is correctly identified with
49% probability when using both height and stride parameters,
compared with 21% when using stride parameters only. Height es-
timates for this configuration are accurate to within o = 3.5¢m.
This method works with low-resolution images of people, and is
robust to changes in lighting, clothing, and tracking errors.

1 Introduction

An emergent behavioral biometric is gait, i.e. the use of an
individual’s walking style to determine or validate identity, mainly
due to its non-invasive nature not requiring direct participation or
even cooperation of the subject [4]. Furthermore, because it can
be measured “at a distance’, there is an increased interest in using
gait features for human identification in surveillance applications.

The motivation for this line of research comes from psy-
chophysical experiments [15, 6] as well as biomechanics studies
[18, 13, 21], both of which have provided evidence that gait dy-
namics contain a signature that is characteristic of, and possibly
unique to, each individual. However, complete and accurate char-
acterization of gait dynamics requires knowledge of the kinemat-
ics of tens, if not hundreds, of body landmarks (such as joints and
extremities) [22]. Furthermore, achieving this via automatic fea-
ture extraction and tracking in typical low-resolution surveillance
video is error-prone due to occlusion, insufficient texture, etc.

In this paper, we propose a correspondence-free method to au-
tomatically and robustly extract four view-invariant gait variables
(parameters) from low-resolution video. The first two variables
characterize the person’s apparent height (the mean and amplitude

of oscillation), and the other two characterize the stride dimen-
sions (the cadence and stride length). We use the term ‘apparent
height’ to refer to the person’s height while walking, which is a
time-dependent quantity, and is different from, though related to,
their stature (i.e. standing-height), as we shall explain later.

Accurate estimation of the gait features is achieved by exploit-
ing the periodic nature of human walking, and computing the fea-
tures over many steps. Cadence is estimated based on the period-
icity of a walking person. Using a calibrated camera system, the
stride length is estimated by first tracking the person and estimat-
ing their distance travelled over a period of time, then counting the
number of steps (again using periodicity). Height parameters are
estimated by robustly segmenting the person from the background
and fitting their apparent height to a time-dependent model.

To evaluate the discrimination power of these four gait fea-
tures, we apply K-nearest neighbor classification in this 4-D fea-
ture space on a database of fronto-parallel sequences of 45 people.
The obtained identification accuracy of 49% shows that height and
stride parameters alone are not enough to achieve perfect recogni-
tion; an intuitively expected result. More importantly, however,
we show that these features are quite effective identity filters.

This method works with low-resolution images of people, and
is robust to changes in lighting, clothing, and tracking errors. It
is view-invariant, albeit the estimation of height and stride param-
eters is typically more accurate in a fronto-parallel configuration.
Our method also makes a few assumptions, mainly that people
walk upright with constant velocity for at least 3-4 seconds, that
the frame rate is greater than twice the frequency of walking, and
that the camera is calibrated with respect to the ground plane.

2 Background and Related Work

Several approaches already exist in the computer vision lit-
erature on automatic person identification from gait (termed gait
recognition) from video. They are typically either holistic [17, 12,
11, 1] or model-based [5, 23, 16]. In the former, gait is character-
ized by the statistics of the spatiotemporal patterns generated by
the walking person in the image. Model-based approaches use a
model of either the person’s shape or motion, in order to recover
features of gait mechanics, such as stride dimensions [24, 7, 16]
and kinematics of joint angles [5, 23].



3 Method

The algorithm consists of three main modules (Figure 1). The
first module tracks the walking person in each frame, extracts their
binary silhouette and 2D position in the image. Assuming the
camera is static, we segment moving objects via a non-parametric
background modeling technique [8], that is quite robust to lighting
changes, camera jitter, background clutter, and shadows. Tracking
of foreground blobs is achieved via simple spatial and temporal
coherence [10].

Once a person has been tracked for a sufficient number of
frames, the second module uses the obtained sequence of binary
silhouettes to estimate the height and stride parameters. Finally,
the third module determines the person’s identity via standard pat-
tern classification in this 4-D feature space.

The gait period is is estimated via periodicity analysis of the
silhouette bounding box width (Figure 2), and the 3D trajectory
is computed from the person’s 2D trajectory in the image and the
calibration parameters of the camera with respect to the ground
plane of walking [2].
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Figure 1. Overview of Method.

3.1 Estimating Stride Parameters

Given that the person has walked a distance T meters over n
frames at T" frames per cycle (stride), the cadence C' (in steps per
minute) and stride length L (in meters) are obtained by C' = 120 -
Lsand L = n/ﬂT respectively, where F. is the frame rate [19].
Note that /T is the (possibly non-discrete) number of gait cycles
travelled during n frames, and that W is computed as the distance
between the initial (in first frame) and the last (in nth frame) 3D
positions of the person, which hence relies on the assumption that
the person is walking in a straight line.

3.2 Estimating Height Parameters

Human walking involves rhythmic up-and-down displacement
of the upper body (from pelvis to head), hence the apparent bob-
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Figure 2. Computation of the period of gait.
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Figure 3. Estimating person’s height from image height.

bing of the head [13, 21]. Furthermore, these vertical movements
must occur in a smooth sinusoidal manner for the conservation of
energy [13]. Thus, the apparent height of a walking person can be
modelled as a sinusoidal curve:

h(t) = pn + an sin(wt + @) (€))

The maximum height, p, + a, occurs at the mid-stance phase of
walking (when the legs are closest together), and is slightly smaller
than the person’s stature (i.e. standing-height), typically within
less than 1 cm. The minimum height, p, — a,, occurs at the mid-
swing phase of walking (when the legs are furthest apart).

Assuming the person is sufficiently far from the camera (i.e.
orthographic projection applies), the apparent height at any time
can be estimated from an image as:

him
Z=p
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where y and h;,,, are respectively the person’s vertical position
and height in the image, 6, is the tilt angle, f is the camera focal
length, and Z is the distance from camera center to the person
(see Figure 3). The person’s height in the image is taken to be the
bounding box height of the binary silhouette. Note this assumes no
systematic (persistent) segmentation errors in the silhouette (such
as shadows), no clothing style that modifies the person’s apparent
height significantly (such as a very long hat), and obviously that
the person is walking upright.

Then, given the time-series h; of apparent heights of a walking
person measured over a video sequence of length n, and assum-
ing a known frequency of gait w (note w = %), we estimate
the three parameters of the model in Equation 1 via least squares
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Figure 4. Height data (blue); model (red).

fitting as described in [3]. Specifically, assuming a data model

ht = pn + ap cos(wt + @) + e, t =0,1,..,n 3

the unknown parameters of the model that minimize the sum-
square of the residuals ¢ are given by u, = %Z?:ﬁft and
an = VA2+ B2, where A = 23" (2, — &) coswt and
B = 2%7"  (x— Z)sinwt. Figure 4 shows an example of a
height series (blue dashed line) fitted to the model (red solid line)
via above method. Here, pup = 175.3cm and ap, = 2.7cm, and
the person’s real height is 177¢m.

4 Experimentsand Results

The method is tested on a database of fronto-parallel sequences
taken in an outdoor environment with 45 different people (7 fe-
males and 38 males) on 2 different days. Each subject walked a
fixed straight path, approximately 5 meters-long, back-and-forth
at their natural pace. The video sequences were captured at 20
fps and a full color resolution of 644x484 pixels (Figure 5). The
distributions of the corresponding height and stride features are il-
lustrated in Figure 6. Height estimates (H = up + ap) for this
configuration are accurate to within o = 3.5cm.

L

Figure 5. Example of outdoor walking sequence used to
test method.

We use KNN with K = 1 and leave-one-out cross validation
technique [9] to estimate the classification rate. Table 1 shows two
different measures of separability and the classification rate for
each of the 3" _, () = 15 feature subsets (S, is the between-
group scatter matrix, and S, the within-group scatter matrix [14]).

Another useful performance measure is the rank order statistic,
defined as the (cumulative) probability that the actual class of a test

measurement is among its k top matches; k is called the rank [20].
Hence it effectively characterizes the “filtering capability’ of the
classification features, i.e. how much of the database is eliminated
as possible matches of the given person with some confidence.
Figure 7(a) shows the rank order statistic for three different feature
subsets. For example, it indicates that, based on all 4 gait features,
a person is identified as one of 12 people with 90% confidence,
which eliminates more than 2/3 of the database.

Obviously, the feature set (un,an,C, L) achieves the best
class separability and consequently the best classification accu-
racy. Note however that, although it is a much filter/discriminant
than (C, L), it is only slightly better than (s, C, L). In other
words, using a;, does not ‘buy’ us much.

Finally, Figure 7(b) shows the classification rate as a function
of the number of subjects in the database. Each point in this graph
was obtained by randomly selecting different subsets of the sub-
jects in the database and computing the average classification rate
over all these subsets. Obviously classification performance de-
grades almost exponentially. However, we expect that it will level-
off and converge asymptotically to the true classification rate.

Feature Set ||ssi‘| I‘Sil;ll Classification Rate
) 116 | 106 1
(o, an) 24.9 121 A2
C, D) 518 | 382 21
(un,C,L) | 5245 | 3449 41
(n,an,C,L) | 10457 | 328.4 49

Table 1. Classification rate and separability measure for
different feature subsets.

5 Conclusions and Future Work

We presented a parametric approach for human identification
from low-resolution video using height and stride parameters of
walking gait. It achieves its accuracy by exploiting the periodic
nature of human walking, and computing the gait features over
many steps. Based on a database of 45 subjects, we found a signif-
icant improvement in identification performance when using both
height and stride parameters (49%) compared to using stride pa-
rameters only (21%).

The primary goal of this work was not to achieve perfect recog-
nition, but rather to show that stride and height are useful discrim-
inant features for person identification, and that they contain in-
dependent pieces of information. Perhaps the best approach for
achieving practical identification results (above 95%) is to com-
bine these features with other biometrics, such as face recognition
and hair color. This method can also be used to recognize asym-
metric gaits (e.g. a limping person).
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Figure 6. Distribution of data in feature space: (a) Scatter
plot of p;, C and L. (b) Histograms of (clockwise from
top-left to lower-right) s, ., C and L, respectively.

Figure 7. (a) Identification performance in terms of rank
order statistics. Note the classification rate corresponds to
rank = 1. (b) Classification rate as a function of the num-
ber of subjects in the database.
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