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Abstract

Recognition of a person from gait has been a recent fo-
cus in computer vision. It is one biometric source that can
be acquired at a distance. At this nascent stage of gait
recognition research, the pertinent research questions are
those related to understanding the limits of gait recogni-
tion and the quantitative study of the various factors ef-
fecting gait. However, performances of contemporary al-
gorithms have been confounded by errors in the extracted
silhouettes, which has been the low-level representation of
choice. In this work, (i) we present to the research commu-
nity a segmentation “ground truth” research resource con-
sisting of a set of manually specified part-level silhouettes
for 70 subjects from the recently formulated Gait Challenge
database, under different conditions involving change in
surface, shoe-type, and time; a total of about 8000 manual
silhouettes. (ii) We expound an HMM Eigen Stance model-
based silhouette reconstruction method to correct for com-
mon errors in silhouette detection arising from shadows and
background subtraction. And (iii) using these “cleaned”
silhouettes and the manual silhouettes we show that the ef-
fects of various factors such as surface, time, and shoe on
gait recognition are not due to poor silhouette quality. In
fact, the recognition performance actually drops with the
use of “clean” silhouettes because of removal of correla-
tion in the error pixel patterns.

1. Introduction
Based primarily on indications from light point display

experiments from the early 70s, it has been speculated that
it is possible to identify a person from the manner of walk-
ing, i.e. gait. The first effort in computer vision towards
recognition from gait was probably by Niyogi and Adel-
son in the early 90s [11]. Since then there have been a
variety of approaches to gait recognition. Most of these
studies use datasets of varying sizes and with differing
variations in conditions, such as time, speed, and view-
point. It is difficult to compare and contrast performance
among different algorithms, but two observations that can
made from these studies are (i) performance on indoor se-
quences [17, 5, 3] generally tend to be higher than on out-
door sequences [3, 8, 1] and (ii) gait recognition perfor-
mance drops with time. When the difference in time be-
tween gallery (the pre-stored template) and probe (the input
data) is in the order of minutes, the identification perfor-
mance ranges from 91% to 95% [17, 5, 3], whereas the per-
formances drop to 30% to 45% when the differences are in

(a) (b)

(c) (d)

Figure 1. Sample frames in the gait challenge
dataset as viewed from (a) the left camera on
concrete surface, (b) the right camera on con-
crete surface, (c) the left camera on grass sur-
face, (d) the right camera on grass surface.

the order of months and days [10, 4, 3] for similar sized
datasets.

To facilitate objective, quantitative measurement of
progress and the characterization of the properties of gait
recognition, the HumanID Gait Challenge Problem was for-
mulated [7]. The challenge problem consists of a baseline
algorithm, a set of twelve experiments (A through L), and
a large data set (1870 sequences, 122 subjects, 1.2 Ter-
abytes of data). Fig. 1 shows some sample frames from
the dataset. The baseline gait recognition algorithm esti-
mates silhouettes by background subtraction using the Ma-
halanobis distance in the RGB color space and performs
recognition by spatio-temporal correlation of the silhou-
ettes. The twelve challenge experiments are of increasing
difficulty and examine the effects of five covariates (and
some of their combinations) on performance. The covari-
ates are: change in viewing angle, change in shoe type,
change in walking surfaces (concrete and grass), carrying
or not carrying a briefcase, and temporal differences. Af-
ter the widely accepted face recognition technology evalu-
ations (FERET) [6], each experiment is specified in terms
of a gallery set and a probe set consisting of data from a
set of subjects, with controlled difference in covariates. For
instance, the first experiment (A), which studies the effect
of viewpoint, consists of a gallery of sequences taken from
the left view and probes of sequences from the right view.
The detailed specifications of the experiments, the gait data,
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Table 1. Reported performances for experi-
ments A (viewpoint), B (shoe-type), and D
(surface) in the Gait Challenge dataset.

Algorithm Exp. PI at # subjects
rank 1 in gallery

Continuous
HMM (UMD)
[14]

A
B
D

99%
89%
36%

71

Body shape
(CMU) [16]

A
B
D

87%
81%
21%

71

HMM (MIT)
[9]

A
B
D

88%
75%
25%

71

Baseline
A
B
D

87%
81%
39%

71

the source code of the baseline algorithm, and scripts to run,
score, and analyze the challenge experiments are available
at www.GaitChallenge.org.

For some of the key gait challenge experiments, Table 1
lists summary performances that have been reported in the
literature. Results with the baseline gait recognition algo-
rithm are listed on the data subset used in the first three stud-
ies. The listed performance numbers are the correct identi-
fication rates at the top most rank, i.e. fraction of times the
correct match to a probe is the top ranked match among all
the matches of that probe to the complete gallery set. This
is a standard performance metric used in biometrics [6] for
the identification scenario, where one is interested to find a
match to a given probe from whole the gallery set, i.e. one-
to-many match. (For the verification scenario, where one is
interested in matching one probe to one gallery (one-to-one
match), the performance is specified in terms of standard
false alarm and detection rates. In general, identification
is considered to be a harder problem than verification.) Of
particular interest, is the significant effect of the change in
surface type on the identification rate; this effect is consis-
tent across different gait recognition algorithms. Also, note
that the baseline algorithm’s performance is comparable to
other proposed algorithms.

Questions arise about the observed effects of indoor vs.
outdoor, time, and surface conditions on gait recognition.
Are they due to fundamental changes in gait under these
conditions? Or are they due to vagaries of low-level pro-
cessing? Almost all of the approaches to gait recognition
are based on the silhouettes of the person, which seems to
be the low-level feature representation of choice. This is
partly due to its ease of extraction by simple background

subtraction; all approaches assume static cameras. Other
reasons include the robustness of the silhouettes with re-
spect to clothing color and texture. (It is, however, sensi-
tive to the shape of clothing.) The silhouette representation
can also be extracted from low-resolution images of per-
sons taken at a distance, when edge based representation
becomes flaky.

It is reasonable to speculate that the quality of the low-
level representation is probably at fault. The quality of the
silhouettes are dependent on the discriminability between
the background and foreground (subject). When comparing
sequences taken months apart, differences in clothing and
even background would lead to different silhouette quali-
ties. This drop in quality of extracted silhouettes can also
be offered as an explanation for the drop in gait-recognition
when comparing templates across surfaces (Experiment D
in the Gait Challenge Problem [7]) because the sequences
on grass and concrete also differ with respect to the back-
ground. Segmentation of silhouettes in outdoor sequences
is hard primarily because of existence of shadow artifacts,
changing illumination due to shifting cloud cover, and in-
evitable movements in the background.

Thus, one might speculate that if only we had a bet-
ter background subtraction algorithm to generate the high
quality silhouettes, we would be able to get better gait
recognition performance. However, we hypothesize that
the fall in performance due to changes in surface and time
cannot be explained fully by silhouette quality. In fact, sil-
houette quality probably has little impact on performance
across these covariates. This we establish by considering
the performance with (i) manually specified silhouettes for
a subset of the Gait Challenge dataset and (ii) with silhou-
ettes that have been “cleaned” using a novel HMM Eigen
Stance model, for the complete dataset.

2. Manual Silhouettes
We created manual silhouettes for a subset of Gait Chal-

lenge dataset. Specifically, we considered 71 subjects from
one of the two collection periods (May collection) who are
in the (i) gallery set (sequences taken on grass, with shoe
type A, right camera view), (ii) probe B set (on grass, with
shoe type B, right camera view), and (iii) probe D set (on
concrete, with shoe type A, right camera view). We also
created the silhouettes for Probe K set, which was taken on
grass but collected in November. We manually specified
the silhouette in each frame over one walking cycle, of ap-
proximately 30 to 40 image frames. This cycle was chosen
to begin at the right heel strike phase of the walking cycle
through to the next right heel strike. We attempted to pick
this gait cycle from the same 3D location in each sequence,
whenever possible. In addition, we tried to exclude the por-
tion that included the black and white calibration box with
high contrast (see Fig. 1), which frequently leads to high
background subtraction errors.
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Figure 2. Top row shows the color images,
cropped around the person. The middle row
shows the corresponding part-level, manu-
ally specified silhouettes. And the bottom
row shows the scaled silhouettes of the kind
used by gait recognition algorithms.

We did not just mark a pixel as being from the back-
ground or subject, but provided more detailed specifications
in terms of body parts too. We explicitly labeled the head,
torso, left arm, right arm, left upper leg, left lower leg,
right upper leg, and right lower leg using different colors.
The middle row in Fig. 2 shows some examples of part-
level ground truth silhouettes corresponding to the images
in the top row. The bottom row shows the height scaled
and centered silhouettes of the kind used by gait recognition
algorithms. Quality control checks looked for miscolored
parts and backgrounds, randomly colored isolated pixels,
errors on the boundary of the body, and missed body parts.
Some of the difficulties encountered during the creating pro-
cess include low-image quality due to varying overall inten-
sity, occlusion of feet in the grass sequences, similarity of
dark skin tones of some subjects with the background, fre-
quent occlusion of the right arm, and the presence of dark
or baggy clothing, which made it hard to delineate various
body parts. However, despite these difficulties we were able
to create pretty consistent silhouettes across the subjects.

3. Model Based Silhouette Reconstruction

In the past, various strategies, mostly based on pixel-
based processing of photometric attributes, have been pro-
posed to reduce shadow artifacts. However, these ap-
proaches have problems in the presence of strong shadows
and, of course, these strategies cannot handle missing body

Figure 3. Eigen-Stance Gait Model con-
structed over 71 subjects. The top row shows
mean silhouettes for a set of sample stances.
The bottom row shows the corresponding
first eigenstance, capturing the largest vari-
ation between persons.

parts. We handle both kinds of segmentation problems us-
ing prior body shape models. For each gait stance, we first
construct, using the manually specified silhouettes, statisti-
cal shape models in terms of the mean silhouette shape and
variances of that stance shape. This statistical model, which
we call the Eigen-Stance Gait Model is accomplished by
performing principle component analysis (PCA). A frame
in any given sequence is then matched onto these stance
subspaces using Hidden Markov Models. The silhouette is
then reconstructed using the PCA coordinates of the given
frame in the matched stance model.

3.1. The Eigen-Stance Gait Model
The eigen-stance gait model is constructed from the size-

normalized manually specified silhouettes, which can be
taken to be the best “clean” silhouettes that are available.
First, the gait of each person is time-normalized by linearly
mapping the gait cycle to K (=35, in these experiments)
stances starting from extended right-foot forward and end-
ing with that stance. Thus, for the i-th person let us de-
note the silhouettes from the stances as the column vec-
tors si�1� � � � �si�K . For each stance, k, a PCA space, Φ�k�, is
constructed from the size-normalized manual silhouettes in
terms of the mean, µk and eigenvectors �ek�1� � � � �ek�M�. In
essence, we are statistically modeling the variation in shape
of silhouettes across persons for a stance using a multivari-
ate Gaussian distribution. Fig. 3 shows some sample mean
and eigen-stances constructed over 71 subjects. The num-
ber of eigenvectors, M, is chosen so that at least 80% of the
variation is modeled.

3.2. Stance Matching using HMM
To reconstruct the silhouettes in any given sequence,

�x1� � � � �xN�, we have to first match each frame, xi, to one
of the K stances in the eigen-stance gait model. This we ac-
complish using a Hidden Markov Model (HMM). We adopt
a fairly generic model for the HMM structure and is similar
to that used in [14] for recognition, but with some differ-
ences in the observation model and the number of states.
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The states of the HMM correspond to the stances: Q =
�q1, q2, ..., qK�. The parameters of the HMM includes (i)
A: the state transition model, (ii) B: the observations, and
(iii) π: the prior of each state. For the transition matrix, the
cyclical form of the Bakis state transition model is chosen,
with a maximum of two skipped states. The probability of
an observation, xi, given the state, qk, is defined to be an
exponential of the similarity between the input, xi, and the
exemplar for that state captured using the mean stance, µk,
from the eigen stance model. Specifically, the distance met-
ric is

dik � �xi�mk�
T �xi�mk���xi

T xi�mk
T mk �xi

T mk� (1)

where mk is the binarized version of the mean image µk
created by thresholding with a value of 0.5. Note that the
distance is essentially the ratio of the number of pixels that
are not common between the two templates to the number
of pixels in their union. This is also known as the Tanimoto
distance metric. The observation probability is a truncated
Gaussian given by:

p�xi�qk� �

�
2α
π

e�αd2
ik�2 (2)

The parameters of the HMM, �A�B�π� are estimated or
refined according to the Baum-Welch algorithm [12], by
training on a subset of the manually segmented dataset.

So coming back to our silhouette reconstructing prob-
lem, each silhouette frame in any given sequence,
�x1� � � � �xN�, has to be matched to one of the K stances in
the HMMs. The dynamic programming based Viterbi algo-
rithm is used for this purpose [12]. It returns the most likely
state assignment to the input frames. To help the frame to
stance matching process, we partition the input sequence
into subsequences of roughly one gait cycle length, which
is estimated from the periodic variation in the number of
foreground pixels in the bottom half of the silhouettes. Note
that the starting state of these subsequences need not match
the starting HMM state, so the cyclical nature of the HMM
model is needed.

3.3. Reconstruction
After each input frame xi is estimated to be at phase k

by the HMM, it is projected into the corresponding eigen-
space, Φ�k� � �µk�ek�1� � � � �ek�M�, and then reconstructed
as xr

i .
xr

i � µk�∑M
j�1

�
ek�j

T �xi �µk�
�

ek�j (3)

The reconstructed silhouette, xr
i , has continuous values that

we threshold to arrive at binary silhouettes. Instead of
simple thresholding we employ a two-level thresholding
scheme to minimize the side effect of reconstruction pro-
cess, which can make silhouettes more similar to each other.
(We have empirically verified that a single thresholding

(a) (b) (c)

Figure 4. The top row show some instance of
poor quality silhouettes and the bottom row
shows the reconstructed silhouettes.

scheme produces silhouettes that are more similar to the
mean silhouettes than a double thresholding scheme. We
used Tlow � 0�2 and Thigh � 0�8 in our experiments.)

Xr
i � j� �

��
�

Foreground if xr
i � j�� Thigh or µk� j� � 1

Background if xr
i � j�� Tlow

xi� j� otherwise�
(4)

4. Quality of Reconstructed Silhouettes
What is the quality of the reconstructed silhouettes? Are

the pixels that are removed mostly “noise” pixels? Are any
true foreground pixels removed? These questions we ad-
dress in this section.

The raw silhouettes are those produced by the baseline
gait recognition algorithm [7] with some modifications. In
the baseline algorithm, the steps are as follows: (i) compute
the statistics of the individual background pixels in terms
of mean and covariance of RGB values, (ii) compute the
Mahalanobis distance of a pixel from this background pixel
value distribution, (iii) smooth the Mahalanobis distance us-
ing a 9 by 9 triangular window to fill in holes and to prevent
several small pieces, (iv) decide on an optimal threshold to
segregate the two classes using expectation maximization
(EM) with the distance values as the observations, and (v)
pick the largest connected component. The smoothing in
step iii above results in thicker silhouettes with high false
alarm rates. So, we eliminate that smoothing step and re-
place step v with a proximity based grouping process that
assembles disconnected components. Thus, the quality of
the raw baseline silhouettes has been enhanced somewhat
by using simple low-level methods. However, artifacts do
remain. Fig. 4 shows some example of the quality of re-
construction (bottom row) for poor quality input silhouettes
(top row). Column (a) of Fig. 4 shows a case where shadow
was removed; column (b) shows a case where holes in the
foreground were filled in; and (c) shows an example of re-
moval of another person in the background.
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Figure 5. The histogram of (a) the ratio of cor-
rectly added foreground pixels to the total num-
ber of added foreground pixels and (b) the ra-
tio of correctly removed noise pixels to the total
number of removed pixels.

One manner to evaluate the model is to consider the types
of pixels that are edited (either removed or added) during
the reconstruction process. Two measures of performance
could be the ratio of correctly added foreground pixels to
the total number of added foreground pixels and the ratio
of correctly removed noise pixels to the total number of
removed pixels. Ideally, both these ratios should be one.
We compute these two quantities for each frame for which
we have manually specified ground-truth image and average
them over a sequence. Fig. 5 shows the histogram of the
two ratios over all the sequences for which we have manual
silhouettes. We see that the histograms are strongly biased
towards one. Thus, the editing during the reconstruction
process is mostly correct.

We also evaluate the silhouette quality in terms of stan-
dard pixel level detection rate and false alarm (actually false
positive predictive) rate, before and after reconstruction.
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Figure 6. Scatter plot of the average pixel level
false alarm and detection rates for each se-
quence. The green circles are after recon-
struction and the red crosses correspond to
raw silhouettes.

For each frame with corresponding manual silhouettes we
compute the false alarm and detection rates. We then aver-
age these quantities over all the frames from one sequence.
Fig. 6 shows the scatter plots of these quantities for all the
sequences with manual silhouettes. We see that the recon-
structed silhouettes (green circle) have lower false alarms
than the original silhouettes (red crosses).

5. Impact on gait recognition
We have illustrated that the reconstruction model sub-

stantially improves the silhouette qualities. However, does
the improved silhouettes affect gait recognition perfor-
mance? For this study we consider both recognition from
(a) the manually specified silhouettes over part of the data
set and (b) the reconstructed silhouettes over the whole
dataset, as computed by the baseline gait recognition algo-
rithm [7] and by its adaptation to match single cycles. The
original baseline strategy is as follows. First, the probe se-
quence is partitioned into subsequences each roughly over
one gait period. Second, each of these subsequences is cross
correlated with the gallery sequence. The distance between
two image frames is defined to be the Tanimoto distance
between the silhouettes, i.e. the ratio of the number of com-
mon pixels to the number of pixels in their union. Third,
the overall similarity is chosen to be the median value of
the maximum correlation of the gallery sequence with each
of these probe subsequences.

Since the manual silhouettes are specified only over one
gait cycle, we had to modify the original baseline simi-
larity computation. For the manual silhouettes, where we
have data over only one gait cycle, there is no need for the
probe partitioning step and the correlation process. We can
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Exp. PI at rank 1 PV at PF = 1%
Manual Auto Manual Auto

B (Shoe) 49% 52% 48% 59%
D (Surface) 20% 24% 21% 20%
K (Time) 10% 11% 9% 9%

Table 2. Recognition performance in terms of
identification rate at rank 1 and verification
rate at a false alarm rate of 1% with manual
silhouettes over one gait cycle and with (unre-
constructed) automated silhouettes over that
same cycle.

simply compute the distance by establishing a mapping be-
tween the frames in the two sequences and then summing
the corresponding Tanimoto distances between the matched
frames. The fact that all the manual silhouettes start and
end in the same stance makes the frame matching process
somewhat easy. Some of the strategies include extrapolat-
ing the smaller sequence by repeating it, or linearly wrap-
ping the frames in the smaller sequence to those in the larger
sequence, or dropping frames at the beginning or the ending
of the larger sequence. Of all the variations, we found that
the linear warping strategy produced the best results.

5.1. Recognition from manual silhouettes

Table 2 shows the identification results with the man-
ual and automated silhouettes (unreconstructed) for some
of the key experiments (those involving shoe, surface, and
time variation between probe and gallery) in the gait chal-
lenge problem. The gallery and probe sets for the experi-
ments are reduced to contain the sequences for which we
have manual silhouettes. Since the recognition with manual
silhouettes uses just one gait cycle, we compare the perfor-
mance with automated silhouettes also over corresponding
gait cycles, using a similarity computation strategy same as
that for the manual silhouettes. We report the performance
numbers for both the identification and the verification sce-
nario using the identification rate at top rank and the verifi-
cation rate for a 1% false alarm rate, respectively. We see
that the performance with manual silhouette actually drops
for the shoe and the surface variation experiments, possibly
due to removal of shadow correlations in these experiments.
These drops are statistically significant according to (non-
parametric) McNemar tests [13]. The overall performance
results supports the conclusion that the low performance un-
der the impact of surface and time variation can not be ex-
plained by the silhouette quality.

5.2. Recognition with Reconstructed Silhouettes

We saw that recognition from manual silhouettes over
one cycle did not improve recognition; in fact, the perfor-
mance dropped. Does this effect also remain if we use
multiple cycles? For this, of course, we not have manual

Exp. PI at rank 1 PV at PF = 1%
Before After Edits Before After Edits

A 71% 59% 42% 77% 68% 48%
B 80% 72% 54% 85% 82% 57%
D 31% 31% 15% 44% 34% 12%
H 57% 42% 22% 62% 51% 29%
K 3% 6% 0% 6% 12% 0%

Table 3. Identification rate at rank 1 and veri-
fication rate at 1% false alarm rate with raw
silhouettes, after reconstruction, and with
pixels edited (removed or added) during the
reconstruction process. Results for the 5
key experiments are listed: A (viewpoint), B
(shoe), D (surface), H (carry), and K (time).

silhouettes, however, we do have the reconstructed silhou-
ettes, which were shown to be of better quality than the raw
silhouettes.

Table 3 summarizes the performances with raw and re-
constructed silhouettes for some of the key gait challenge
experiments with the baseline algorithm [7]. We have a drop
in performance for experiments A (view), B (shoe), and H
(carry). This is consistent with the results we obtained with
manual silhouettes. The gallery and probe set sequences
of a person for these three experiments were collected with
the same background and roughly around the same time.
This is particularly true for experiment A (viewpoint) whose
gallery and probe sets contain essentially the same temporal
event for each person, but taken from two different view-
points. Thus, there are correlations in the shadows of a sub-
ject between the gallery and probe sequence, which possi-
bly contributed to higher rate with the unreconstructed sil-
houettes. To shed some light on this effect, we considered
just the pixels that were edited during the reconstruction
process, i.e. either added or removed. The fourth and the
seventh column in Table 3 lists the recognition from these
edited pixels, which we see to be quite high, which suggest
a strong correlation in the edited pixels of the gallery and
probes. Recall, that we have already established that the
edited pixels are mostly error (either false alarm or missed
detection) pixels.

Thus, we find that after removing false recognition
sources such as shadow pixels and missed detection, pos-
sibly due to interaction of clothing texture and background
pattern, the gait recognition under particularly shoe, surface
and time variations did not change, in fact they dropped.

6. Conclusions and Discussion
We have established that the low performance under the

impact of surface and time variation can not be explained
by poor silhouette quality. So, the drop in performance
due to surface condition that we observe in the gait chal-
lenge problem is not due to differences in background. This
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(a) Before

(b) After

Figure 7. Sample of silhouette reconstruction
of the Georgia Tech gait dataset.

observation was also made in a fairly recent work by the
Lee et al. [9]. The observation has implication for future
work direction. Instead of searching for better methods for
silhouette detection, it would probably be more productive
to study and isolate components of gait that do not change
under shoe, surface, or time. One example of this type of
study is [15] in which relationship between silhouette shape
and speed was studied and then was compensated for by
transforming the silhouettes. While it is doubtful whether
speed variations can fully explain the drop in performance
due to surface or time change, systematic studies such as
this would be needed to understand the limitation of gait
recognition.

We also presented and evaluated a template-model based
strategy for detecting silhouettes in fronto-parallel views.
The model consists of an eigen-stance model that capture
the shape variation of each stance, which is coupled with
an HMM that models the dynamics of gait. We empiri-
cally established that the quality of the reconstructed sil-
houettes were better in terms of false alarm and detection
rates. We offer this HMM coupled template-based model as
solution to the detection of silhouettes of walking humans,
viewed fronto-parallelly. As evidence, of its applicability
for silhouette reconstruction beyond just the gait challenge
dataset, in Fig. 7 we show some results on sequences taken

at Georgia Tech.
Recently, Lee et al. [9] also presented a method (here

referred to as the MIT-Hp method) for cleaning silhouettes
that appears to be similar to that presented here. They also
use HMM based time-syncing of sequences and cleanup us-
ing template models. However, there are several key differ-
ences resulting in demonstrable performance differences.
First, our representation of the shape variation model at
each HMM state using the eigen-stance model allows us to
exploit the correlation among the silhouette pixels, whereas
MIT-Hp uses an independent Bernoulli model for the sil-
houette pixel values. The use of a Bernoulli model is akin
to using just the mean images of each stance in our model.
Second, our training set consists of manually specified sil-
houettes, which enables us to remove shadows. The exis-
tence of shadows in MIT-Hp silhouettes might explain the
enhanced performance for the experiments (A through C)
on grass. Their performance for experiments where they
compared silhouettes across surfaces did not improve to a
large extent. Third, MIT-Hp used a two step process involv-
ing (i) a cleanup using a population based on mean image
constructed by summing all frames for a set of persons, and
(ii) further cleanup using a sequence specific HMM. On the
other hand, we have an unified approach that uses a popu-
lation based HMM model, coupled with population based
stance shape models. The full use of population models lets
us overcome many sequence specific segmentation artifacts
such as holes due to strange background or foreground tex-
ture. The power of the use of population models is also evi-
dent in the work of Lee et al.. The performance increase in
gait recognition was mostly due to their use of the aggregate
population model. The addition of sequence specific HMM
did not seem to add to the recognition to a large extent. All
of these key differences between the MIT-Hp method and
those presented here have impact on actual silhouette qual-
ity: MIT-Hp silhouettes have more false alarm pixel than
those in this paper. Fig. 8 shows the percentage improve-

ment in pixel level detection (∆Pd � 100�
PHere

d

PMIT�H p
d

�1�) and

false alarm between the silhouettes produced here and the

HMM-Hp silhouettes (∆Pf � 100�
PHere

f

PMIT�H p
f

�1�). We sepa-

rately report the results for the grass and concrete sequences
since they have different backgrounds. Improvement in sil-
houette quality would be indicated by ∆Pf � 0 and ∆Pd � 0,
which is observed in the plots. The differences in false
alarm rates are statistically significant (P-value � 0.05, es-
tablished using paired-t tests) for both concrete and grass se-
quences. The detection rate increases are statistically signif-
icant (P-value � 0.05) for the grass sequences and border-
line significant (P-value = 0.07) for the concrete sequences.

A secondary contribution of this study is the set of part-
level manual silhouettes that we have created for 71 sub-
jects over one gait walking cycle, of approximately 40 im-
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Figure 8. Scatter plot of percentage improve-
ment in pixel level detection (∆Pd) and false
alarm (∆Pf ) rates of the silhouettes produced
here and the MIT-Hp silhouettes [9]. The
green circles correspond to the concrete se-
quences and the red crosses correspond to
the grass sequences.

age frames, spanning variations in shoe-type, surface, and
time. This resource can be used in a variety of ways such
as learning parameters of a kinematic chain model of gait.
Or even learning probabilistic models to label parts of a sil-
houette. There is little or no attempt made at arriving at
part level segmentation of the silhouette. The only works,
which we are aware of, that make some effort in this di-
rection are that of [2], where silhouette is segmented into
3 quadrants, and [10] where ellipses are fit to parts of the
silhouettes. Part level segmentation would be great use in
gait-recognition, since most of the recognition power from
gait lies in the leg and arm region. The existence of part
labels would allow one to arrive at more robust high level
features in terms of body dimensions and dynamics.
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