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Abstract

Thispaper describes a representation of gait appearance
for the purpose of person identification and classification.
This gait representation is based on simple features such as
moments extracted from orthogonal view video silhouettes
of human walking motion. Despite its simplicity, the re-
sulting feature vector contains enough information to per-
formwell on human identification and gender classification
tasks. We explore the recognition behaviors of two differ-
ent methods to aggregate features over time under different
recognition tasks. WWe demonstrate the accuracy of recogni-
tion using gait video sequences collected over different days
and times and under varying lighting environments. In ad-
dition, we show results for gender classification based our
gait appearance features using a support-vector machine.

1 Introduction

Gait is defined as “a manner of walking” in Webster's
New Collegiate Dictionary. However, human gait is more
than that: it is an idiosyncratic feature of a person that is
determined by, among other things, an individual’s weight,
limb length, footwear, and posture combined with charac-
teristic motion. Hence, gait can be used as a biometric mea-
sureto recognize known persons and classify unknown sub-
jects. Moreover, we extend our definition of gait to include
certain aspects of the appearance of the person, such as: the
aspect ratio of the torso, the clothing, the amount of arm
swing, the period and phase of awalking cycle, etc. To this
end, we have designed a representation for the overall ap-
pearance of human gait that facilitates the recognition and
classification of people by their gait.

Gait can be detected and measured at low resolution,
and therefore it can be used in situations where face or iris
information is not available in high enough resolution for
recognition. Johansson [9] had shown in the 1970'sthat ob-
servers could recognize walking subjects familiar to them
just by watching video sequences of lights affixed to joints
of the walker. Hence, in theory, joint angles are sufficient
for recognition of people by their gait. However, recovering

joint angles from a video of walking person is an unsolved
problem. In addition, using only joint angles ignores the
appearance traits that are associated with individuals, such
as heavy-set vs. dlim, long hair vs. bald, or persona cloth-
ing and accessories. For these reasons, we have included
appearance as part of our gait recognition features.

The challenges involved in gait recognition include im-
perfect foreground segmentation of the walking subject
from the background scene, changesin clothing of the sub-
ject, variations in the camera viewing angle with respect
to the walking subjects, and changes in gait as a result of
mood or speed change, or as a result of carrying objects.
The gait appearance features discussed below will tolerate
some imperfection in segmentation and clothing changes,
but not drastic style changes such as pants to skirts, nor
is it impervious to changes in a person’s gait. The view-
dependent constraint of our gait appearance feature repre-
sentation could be removed by synthesizing a walking se-
guencein acanonical view using thevisual hull constructed
from multiple cameras[17].

In the following sections, we summarize some of the
previous work on the perception of gait and computational
methods to measure gait, introduce our gait silhouette ap-
pearance representation along with two ways of aggregating
the appearance representations over time, apply our repre-
sentation to recognition and classification tasks, and suggest
future work to improve the representation.

2 PreviousWork

Several researchers have concluded that gait isindicative
of aperson’s gender and identity. Johansson[9] used lights
affixed to joints of a human body and showed observers
motion sequences of the lights as a person walks. The ob-
serverswere able to identify gender and, in cases where the
observer was familiar with the walking subject, the identity
of the walker. Cutting, et al. [5] studied human perception
of gait using moving light displays (MLD) similar to that
used by Johansson and showed human person identifica-
tion results [4] and gender classification results [10]. They
showed that human observers could i dentify gender with ap-



proximately 70% accuracy using only the visual cues from
MLD.

Given the ability of humansto identify personsand clas-
sify gender by the joint angles of a walking subject, God-
dard [7] devel oped a connectionist algorithm for gait recog-
nition using joint locations obtained from MLD. However,
computing joint angles from video sequence is still a dif-
ficult problem, though several attempts have been made
on it [2, 6, 19]. The particular difficulties of joint angle
computation from monocular video sequence are occlusion
and joint angle singularities. Self occlusion of alimb from
the camera view causes difficulties in tracking the hidden
limb(s). Rehg and Morris[15] pointed out the singularity in
motion along the optical axis of a camera.

There have been a number of appearance based algo-
rithmsfor gait and activity recognition. Cutler and Davis[3]
used self-correlation of moving foreground objects to dis-
tinguish walking humans from other moving objects such
as cars. Polana and Nelson [14] detected periodicity in
optical flow and used these to recognize activities such
as frogs jumping and human walking. Bobick [1] used a
time delayed motion template to classify activities. Lit-
tle and Boyd [11] used moment features and periodicity
of foreground silhouettes and optical flow to identify walk-
ers. Nixon, et al. [12] used principal component analysis of
images of a walking person to identify the walker by gait.
Shutler, et al. [18] used higher order moments summed over
successive images of awalking sequence as featuresin the
task of identifying persons by their gait.

Thework described in this paper is closely related to that
of Little and Boyd [11]. However, instead of using moment
descriptions and periodicity of the entire silhouette and op-
tical flow of awalker, we divide the silhouettes into regions
and compute statistics on these regions. We also further
study the capacity of our features in tasks beyond person
identification, such as gender classification.

3 Gait appearance representation

We consider the canonical view of a walking person to
be one which is perpendicular to the direction of walk. We
also assume that the silhouette of the walker is segmented
from the background (details to follow). We would like our
gait dynamics feature vector to have the following proper-
ties: the ability to describe appearance at a level finer than
whole body description without having to segment individ-
ual limbs; robustness to noise in video foreground segmen-
tation; and simplicity of representation. A number of fea
turesintuitively comeinto mind that may measure the static
aspects of gait and individual traits. One such featureis the
height of an individual, which requires calibrating the cam-
erato recover distances. Other featuresinclude the amount
of bounce of thewhole body in afull stride, the side-to-side

sway of the torso, the maximum distance between the front
and the back legs at the peak of the swing phase of astride,
the amount of arm and leg swing, etc. We do not use all
of these features for various reasons such as inaccessibility
(the side-to-side sway of torso) or difficulties in obtaining
features, such as detecting the peaks of swing phase when
foreground segmentation is noisy and includes shadows.

Our gait appearance feature vector is comprised of pa-
rameters of moment features in image regions containing
the walking person aggregated over time either by aver-
aging or spectral analysis. For each silhouette of a gait
video sequence, we find the centroid and proportionally di-
vide the silhouette into 7 parts asin Figure 1. The vertical
line through the centroid is used to divide the silhouette into
front and back sections, except for the top portion. The parts
above and below the centroid are each equally divided in
the horizontal direction, resulting in 7 regions that roughly
correspond to: r,,head/shoulder region; r5, front of torso;
r3, back of torso; r4, front thigh; r5, back thigh; rg, front
calf/foot; and r7, back calf/foot. These regions are by no
means meant to segment the body parts precisely. We are
only interested in a method to consistently divide the sil-
houette of a walking person into regions that will facilitate
the person recognition task.

@ (b)

Figure 1. The silhouette of a foreground walk-
ing person is divided into 7 regions, and ellipses
are fitted to each region.

For each of the 7 regions from a silhouette, we fit an
ellipse to the portion of foreground object visible in that
region (Figure 1(b)). The features we extract from each of
these regions are the centroid, aspect ratio (1) of major and
minor axis of the ellipse, and the orientation («) of major
axis of the ellipse, i.e., theregion feature vector f(r;) is,

f(T‘l) = (Ei,ﬂi,li,ai), where: = 1,...,7. (1)

These moment-based features are somewhat robust to noise
in the silhouettes obtained from background subtraction, as
long as the number of noise pixelsis small and not system-
atically biased. The features extracted from each frame of



awalking sequences consists of features from each of the 7
regions, ie. the frame feature vector F'; of the jth frameis,

Fy = (f(r1), -, f(r7))- 2

In addition to these 28 features, we use one additional fea-
ture, h, the height (relative to body length) of the centroid
of the whole silhouette, to describe the proportions of the
torso and legs. The intuition behind this measure is that an
individual with longer torso will have a silhouette centroid
that is positioned higher (relative to body length) on the sil-
houette than someone with a short torso.

Giventheregion featuresacrossagait sequence, we need
aconcise representation acrosstime. We computetwo types
of features across time: 1) the mean and standard devia-
tion of region features across time, and, 2) magnitudes and
phases of each region feature related to the dominant walk-
ing frequency (of 1 step, or half of a stride).

Specifically, the gait average appearance feature vector
of asequence s is,

s = (mean; (h;), mean; (F}), std; (F})), 3

wherej = 1,...,last frame, and s is 57-dimensional. This
feature set is very simple to compute and robust to noisy
foreground silhouettes. Intuitively, the mean features de-
scribe the average— ooking ellipses for each of the 7 regions
of the body; taken together, the 7 ellipses describe the av-
erage shape of the body. The standard deviation features
roughly describe the changes in the shape of each region
caused by the motion of the body, where the amount of
changeis affected by factors such as how much one swings
one'sarmsand legs.
Our gait spectral component feature vector of a sequence
is,
t = (Qu, | X:(Qa)|, phase(X:())), @

where
X, = FourierTransform(EFj=1.. iast (f(74))), (5)

where €, is the dominant walking frequency of a given
sequence. Intuitively, the magnitude feature components
measure the amount of change in each of the 7 regions due
to motion of the walking body, and the phase components
mesasure the time delay between the different regions of the
silhouette. Because of noise in silhouettes, the time series
of region featuresis also noisy. The power spectra of many
of the region features do not show an obvious dominant
peak that is the dominant walking frequency. Even when
the peak frequencies are found, they often do not agree be-
tween different region features. We use a normalized av-
eraging of power spectra of all region features resulting in
a much more dominant peak frequency that is also consis-
tent acrossall signals. The magnitude of each region feature

at the dominant frequency €4 can be directly used, but the
phase cannot be directly used because each gait sequenceis
not predetermined to start at a particular point of awalking
cycle. We compute the phases of all region features rela-
tive to one particular region feature that is“ most stable,” by
which we use the 2nd moment of power spectrum about the
peak frequency to measure. In our case, the standard phase
is that of the z position of the front calf/foot region. The
gait spectral component feature vector has 57-1(the stan-
dard phase)=56 dimensions.

The length of our gait appearance feature vector leads
one to question whether all the features have equal dis-
crimination capacity for the tasks at hand, which are per-
son recognition and gender classification. It may be that
for different regions of the silhouette a different set of fea-
tures may be better suited for recognition. A good feature
should minimize within class variance and maximize inter-
class variance. We use the simplifying assumption that all
features are independent from each other and apply analy-
sis of variance to each feature to measure its discrimination
capacity in person classification and gender classification.
Thefeatures can then be ranked by the p-value computed by
ANOVA, and a good subset of features for a classification
task is taken to be the set of features with p-value smaller
than some threshold. Strictly speaking, this assumes inde-
pendence of features, but in practice it gives good results.
This analysis is done for both the gait averaging features
and the spectral component features.

4 Experimental methods and results

We apply our gait dynamics features to person identi-
fication and gender classification. We gathered gait data
in indoor environments with different backgrounds on four
separate days spanning two months. Twenty-four subjects,
10 women and 14 men, were asked to walk at their nor-
mal speed and stride, back and forth, twice, in front of a
video camera that was placed perpendicular to their walk-
ing path. The walking gait sequences going the opposite
direction wereflipped so that all sequencesare of onewalk-
ing direction. In al, 194 walking sequences were collected,
between 4 to 22 sequences for each subject, averaging 8 se-
guences per subject. A minimum of 3 completewalking cy-
cleswere captured at 15 frames per second for each walking
sequence. We then use an adaptive background subtraction
algorithm [20] to segment out the walking person as a mov-
ing foreground object and scale-normalize the silhouettes.
An example of the foreground walking person is shown in
Figure 2. The foreground segmentation is not perfect—the
shadow on the ground and in some cases portions of the
background are included. However, our gait representation
tolerates this amount of noise in foreground segmentation.

In addition to our gait database, we have extracted gait
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Figure 2. A sample sequence of the silhouettes
of a subject after background subtraction.

appearance features from the CMU gait database [8]. The
setup for CMU gait data consists of subjects walking on a
treadmill doing three different types of walk: holding aball,
fast walk, and slow walk. Each walking sequenceis 10 sec-
onds or more, recorded at 30 frames/second from several
angles. We use foreground silhouettes provided by CMU
and only the frontal-parallel view of the sequences. Each
sequence is divided into 60-frame subsequences for com-
parisons between the subsequences. There are a total of
25 subjects, 23 men and 2 women, with 3 types of walk
each (with the exception of one subject) and 5 subsequences
for each walking type (after dividing into 60-frames subse-
guences), thus resulting in atotal of 370 subsequences.

Using the gait averaged appearance and spectral compo-
nents features that we described in the previous section, two
feature vectors are computed for each walking sequencein
our gait database and used in person identification and gen-
der classification. We only compute the averaged appear-
ancegait featurefor the CMU database because the speed of
the walker is determined by the treadmill. Only the recog-
nition test is done on the CMU data because of gender im-
balance in the database.

4.1 Person Identification

Assuming that al components in the feature vectors
are equally important to gait recognition, using the Maha-
lanobis distance between feature vectors as a measure of
the similarity between two sequences will remove the bias
of parameters with large variance. We then use a nearest-
neighbor approach to rank a set of gait sequences (and their
corresponding features) by their distances to a query se-
guence. In addition, we applied ANOVA to rank the param-
eters of our gait features in the multi-person classification
task and selected all features with p < 109, which leaves
us with the best 41 feature parameters in the case of gait
averaged appearance feature set, and 32 parameters in the
case of gait spectral components feature set.

We evaluated our gait recognition performance using the
cumulative match score described by Phillips [13]. Under
the closed-universeassumption, all query sequencescontain

awalker who has at | east one other walking sequencein our
collection of known walking sequences with known person
ID’s. We answer the question, “Is the correct person ID in
the top n matches?” The cumulative match score has the
rank of top matches on the z-axis and the percentage of
correct identification on the y-axis.

Two gait recognition tests were performed using each
of the two gait feature vectors. In one, the any-day test, a
guery walking sequence is compared against al sequences
except itself, regardless of the day of recording. The second
test, which we call the cross-day test, compareswalking se-
guences taken on one day against sequences taken on other
days only. Thisis a much more stringent test because se-
guences taken on different days have different lighting con-
ditions, different backgrounds, and subjects may be wearing
different style of clothing (e.g. pantsvs. skirt).

4.1.1 Recognition using Aver aged Appear ance Feature

The cumulative match score using the best 41 features in
the any-day test is 100% correct identification for the first
match. In the case where al 57 features are used, it gives
97% correct identification for the first match and 100% by
the 3rd match. The lower performance using the full set
of 57 features suggest that the 16 features eliminated by a
threshold on the p-value of ANOVA are unstable measures
of gait appearance. Closer examination of the gait feature
vector distances showsthat the top matches are alwaysthose
seguences of the same person taken on the same day, effec-
tively making the any-day test into a same-day test, hence
necessitating the second test—comparing sequences taken
on different days.

The results of the second person identification test, the
cross-day test, are shown in Figure 3. Each of these cu-
mulative match score curves represents the comparison be-
tween walking segquences taken on one day (days A, B, C,
or D) against sequences taken on all other days ((B,C,D),
(A,C,D), (A,B,D), or (A,B,C), respectively). Table 1 shows
the percentage of correct matchs using the 41 features se-
lected using ANOVA vs. using all 57 features. The overal
recognition performance is better when using the best 41
features than when using all 57 features.

Only subjectswho have gait data collected from different
days are used in this recognition test. The gait recognition
performance is higher when comparing data collected on
day A against al other sequences than matching sequences
between those recorded on other days against the rest of the
gait data. Closer examinations of the ranked matches show
that the worse performances on the cross-day B, C, and D
tests are the results of lack of similarity between the types
of clothing that some of the subjects wore for the day B,
C, or D gait sequence data and what they each wore on the
other days. In other words, the query sequences show sub-



gumulative Match Score of day A sequences against other days (41 features)

fraction correct identification out of 32 query sequence:
N

L L L L
100 120 140 160

20 40 60
Rank (146 sequences from days other than A)

o

180

(U:]umulative Match Score of day B sequences against other days (41 features)
T T T T T T T

11 T

fraction correct identification out of 32 query sequence:

0 20 40 60 100 120 140 160
Rank (162 sequences from days other than B)

$11

180

Cumulative Match Score of day C sequences against other days (41 features)

e
N

N
T

fraction correct identification out of 44 query sequenc

. . . . . . . .
20 40 60 80 100 120 140 160
Rank (130 sequences from days other than C)

o

esO
i

180

mulative Match Score of day D sequences against other days (41 features)
T T T T T T T T

fraction correct identification out of 42 query sequenc:

0 20 40 60 80 100 120 140 160
Rank (144 sequences from days other than D)

Figure 3. Cumulative match score for compar-
ing sequences taken on one day against se-
quences taken on all other days using the 41

best averaged appearance features.
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41 features (% correct) 57 features (% correct)

1st [ 10% | 20% | 50% || 1st | 10% | 20% | 50%

44 94 | 100 | 100 || 47 91| 100 | 100

47 53 88 | 100 || 25 56 69 91

30 55 75 95 || 25 55 80 91

O| 0|l >

38 64 83 90 || 26 69 81 90

Table 1. Percentage of correct identification us-
ing 41 and 57 averaged appearance features at
the best match, the top 10%, 20%, and 50%
recalls.

jects wearing clothing that is substantially different from
that in the library sequences. For example, the 7 query se-
quenceswith theworst match scoresfrom day B areall from
one subject who wore baggy pants and whose only other se-
guences were collected on day D when he wore shorts. For
the same reason, recognition results of matching day D gait
sequences against al other sequences suffer because of lack
of asimilar appearance model in day B for the same subject.
Day C contains sequences of one subject wearing a short
dress whose only other sequences in the database showing
her wearing pants.

We performed recognition test one on the 370 subse-
guences of CMU data set using the averaged appearance
gait feature set. With the exception of one subsequence, all
other subsequences had as their best match the correct per-
son identity and walk type. The only mismatch was of a
subsequence of a subject doing hisslow walk in astyle very
much like his fast walk and hence the best matches were
his fast walk sequences. We are unable to perform recogni-
tion test two on CMU data because sequences of the same
subject were collected on the same day.

4.1.2 Recognition using Spectral Components Fea-
tures

The cumulative match scores using the gait spectral com-
ponent features are shown in Figure 4 for the query se-
guence compared with all other sequencesregardlessof day
of recording and in Figure 5 for the query against sequences
taken on different days.

Asisevidentin therecognition results, while the spectral
component gait features do not perform as well as the aver-
age appearance gait features in the any-day test, its recog-
nition performance is much better in the cross-day tests.
The spectral components features perform only marginally
better in the day A against day B, C, D test, but signifi-
cantly better in the other three cross-day tests. Those three
cross-day tests are exactly the ones that contain query se-
guences showing a subject wearing a style of clothing that
is not present in the library sequences. This behavior re-
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Table 2. Percentage of correct identification
using gait spectral component features at the
best match, top 5%, 10%, 20%, and 30% re-
calls
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Figure 4. Cumulative match score for the all
sequences against all sequences test using all
56 spectral component features and all 57 av-
eraged appearance features.

sults from the characters of the features themselves. The
average appearance gait features contain the mean shape of
the 7 regions of the silhouettes. The shapes of these regions
are very much affected by drastic changesin clothing style,
such as pants vs. dress, shortsvs. pants. The gait spectral
component features only contain the changes in shape and
the time delay between the different regions, henceit isless
affected by the change of clothing style.

We used the best 32 spectral components featuresin the
above two recognition tests. Our results show that the re-
duced feature set has similar recognition rate with a slight
degradation.

4.1.3 Discussion

The different behaviors of the average appearance features
and the spectral component features point to choices that
need to be madein agait recognition system. If agait recog-
nition system is allowed to collect library sequences of each
individual in all the distinct classes of clothing that he/she
wears, then the average appearanceis a very useful feature
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Figure 5. Cumulative match score for the se-
quences taken on one day against sequences
taken on all other days tests using the spectral
component features and the averaged appear-
ance features.



for recognition. If the system does not have the capabilities
to collect extensive library, then the spectral components
are much more reliable measures. It remains to be seen if
thereis a method to effectively combine these two types of
features. We have done preliminary studies of combining
the averaged gait appearance features and the gait spectral
componentsfeatures. Theresults need further investigation.

4.2 Gender classification

We apply the gait average appearance featuresto the task
of gender classification. Specifically, we used the full 57 di-
mensional average appearance features as described in Sec-
tion 3, as well as a smaller set of features selected using
ANOVA. We ranked each of the 57 features based on the p-
value of ANOVA in separating the genders and set athresh-
old of p < 10—, which resulted in the best 6 features (Ta-
ble 3 for gender classification.

| rank | region | featuretype |
1 hips/back thigh | std of orientation
2 chest/front arm | std of x of centroid
3 back foot/calf std of orientation
4 back foot/calf mean aspect ratio
5 hips/back thigh | mean orientation
6 front foot/calf std of x of centroid

Table 3. Top 6 features for gender classification

We trained and tested support vector machines on our
gait appearance features under two conditions. Under the
random-sequence test, we randomly selected gait feature
vectors of approximately half of the sequences, without re-
gard to the identity of the walking subject, and tested on
the gait features of the remaining sequences. Under the
random-person test, we randomly selected approximately
half of our walking subjects, trained the SVM on all se-
quences from these walkers, and tested on all sequences of
the remaining walking subjects.

We used an implementation of support-vector machine
by Rifkin [16] and experimented with the linear, gaussian,
and the 2nd degree polynomial kernels. The SVM'’s are
trained using the 57 and the 6 gender features and under
the random-person vs. random-segquence conditions. The
reuslts for these tests conditions are listed in Table 4. Over-
all, we found that the random-sequence test is easier be-
cause sequences from the same person, though not the same
sequences, arein both the training and the testing set.

Therandom-person test condition isamore accurate rep-
resentation of how a gender classifier would be used in a
real application. The performance of thethreekernelsinthe
random-person case show that the linear kernel performed

Random Sequence ||

Kernel type 57 features | 6 features
polynomial (d=2) 91% 94%
gaussian 93.5% 90%
linear 94% 88%

[ | Random Person |
Kernel type 57 features | 6 features
polynomial (d=2) 79% 84.5%
gaussian 66% 83.5%
linear 80% 84.5%

Table 4. SVM gender classification results.

at least as well as the gaussian and the polynomial kernels.
Thisleads us to believe that the boundary between the gen-
ders may be approximately linear.

5 Discussion and Future Work

Our gait appearance features are view and appearance
based. The view dependent nature of this representation
can beresolved by synthesizing aview of thewalking inthe
canonical view used in this paper. The dependence of our
gait feature on the appearance of a subject is difficult to re-
move, unless the joint movements of a walker can be accu-
rately detected or appearance insensitive features are used.
However, as we argued earlier, the appearance of awalking
subject actually contains information about the identity of
the person. To allow accurate recognition of a person with
drastic clothing style change then requires having multiple
representations of the person. Recognition modalities such
as face recognition can be very useful here because face
is less susceptible to appearance change and can be eas-
ily combined with gait appearance recognition to improve
recognition performance[17].

We have done experiments comparing gait appearance
features from each individual against the rest of the popu-
lation. Our preliminary results show that individuals range
from having anumber of very distinguishing features (from
the population at large) to having just nominaly distin-
guishing features. This leads us to believe that we can use
thetop-ranked featuresto build context-sensitive gait recog-
nition enginesto look for a particular individual or to decide
that this person does not have a distinct gait appearance and
some other measure should be used to recognize that indi-
vidual.



6 Summary and Conclusions

We have presented a simpl e representation of human gait
appearance based on moments computed from the silhou-
ette of the walking person for the purpose of person iden-
tification and gender classification. Our representation is
rich enough to show promising results in these tasks. We
have described the characteristic behaviors of two types
of gait features, one based on average appearance of gait,
and one based on spectral components. We also show that
the distinction between genders is consistent with a linear
foundary in our averaged appearance representation. This
view and appearance dependent model of gait can be further
extended to accommodate a multiple appearance model of
aperson and in conjunction with other recognition modali-
ties.
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