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Gait Analysis for Walking Paths

Determination and Human Identification

Meng-Fen Ho , Chung-Lin Huang

Abstract

In this paper, we propose a gait analysis method to extract the dynamic and static
information from the input video for walking path determination and human identification.
Based on the periodicity of swing distances, we may estimate the gait period of each
walking video sequence. For each gait cycle, we depict the dynamic information by
analyzing the distribution of motion vectors, and then describe the static information by
using Fourier descriptors. The extracted dynamic and static information is transformed into
lower dimensional embedding space for human identity recognition. To solve the difference
of walking velocity between the test and training human objects, a hybrid human ID
recognition algorithm is developed to choose the effective feature. Given a test feature
vector, the nearest neighbor classifier is applied for walking paths determination and human
identification. The proposed algorithm is evaluated on the CASIA gait database, and the
experimental results demonstrate a highly acceptable recognition rate, for example, 98% for

normal walking dataset.
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I. Introduction

Intelligent video surveillance system
has been widely developed of which the
human identification is one of the most
important  functionalities. Biometric
features are regularly applied for human
identification to

express the unique

property of human object. Common
biometric features include iris, face, speech,
fingerprints, hand geometry, voice, and gait.
Here, we choose the gait posture as our
main feature for human identification.
Comparing with other biometrics, gait
analysis has the advantage of non-contact
and can generate the perceivable biometric
feature for human identification at distance.

However, gait analysis also has some
disadvantages [1]. In the internal factors,
little

accompanying the mood or physical injury

gait posture has a change
of the walking people. In the external
factors, gait can be affected by clothing,
shoes, walking surface, or other
handbag-carrying conditions. Therefore, it
will induce a large gait variation of the
same and reduce

person system

discriminating  ability. Excluding the
internal factors, we attempt to construct a
new system that can identify the human
object based on the gait postures caused

only by some external factors.

A. Related Works

Current approaches of gait analysis
can be divided into two categories:
appearance-based and model-based
[1-16].

directly with the image statistics, whereas

approaches The former deals
the latter models the image data and then
analyzes the variation of its parameters.
The majority of current approaches are the
appearance-based, because they are simple
and fast.

Su et al. [2] propose a method which
both the

approach and the model-based approach to

combines appearance-based
analyze and extract human gait. The static
features include body height, width, etc.
Instead of modeling the human body, the
limb angle information is extracted by
analyzing the variation of silhouette width
to represent the kinematic information of
gait. Then the multi-class support vector
machines are used to identify human object.
In [3], a new feature extraction process is
proposed for gait representation. Each gait
sequence is described by using a
low-dimensional feature vector consisting
of selected Radon template coefficients.
Identification is done by using linear
discriminant analysis (LDA). A different
called

comparison is proposed by [4], which

approach component-wise

calculates the distances between silhouettes
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on a component by component basis, and
then combines the component-wise
distances into a common distance metric
for the evaluation of similarity between two
silhouettes.

Han et al. [5]

spatial-temporal gait representation, called

propose a

Gait Energy Image (GEI), to characterize
human walking posture. They combine
Principal Component Analysis (PCA) and
Multiple Discriminant Analysis (MDA) to
transform datasets to a low-dimensional
space and then separate the datasets to
different classes. In [6], they improve
temporal templates called Gait History
Image (GHI). GEI only represents the static
part and the dynamic part on moving
subject, but GHI increases the temporal
better
other

variation and provides the

performance. Equivalently, the
authors choose gait moment image (GMI)
as features to emphasize the dynamic
information of human gait in [7]. GMI is
the gait probability image at each key
moment in the gait period.

In [8], they propose an eigen-gait
method to model human motion directly,
and encode the dynamic feature of gait in
pair-wise image similarities of gait images.
Moreover, the authors employ PCA to
reduce the self-similarity plot (SSP) and
use K-nearest neighbor rule to recognize

the human identification. Cheng et al. [9]

propose a novel algorithm for both

automatic viewpoint  and  person
identification by using only the silhouette
First,

silhouettes are nonlinearly transformed into

sequence of the gait. the gait
low-dimensional embedding by Gaussian
process latent variable model (GPLVM).
Then the temporal dynamics of the gait
sequences are modeled by hidden Markov
(HMMs). In [10],

represented by a vector of affine invariant

models a gait 1is

obtained from the
With a

histograms of individual silhouette and

moments binary

silhouettes. combination of
contextual silhouette, a gait appearance
model is represented by a shape descriptor
and gait images plane [11]. The similarity
of gait appearance models are measured by
Jeffrey divergence and dynamic time

warping.
B. System Overview

Generally speaking, the procedure of
gait recognition includes human object
segmentation, feature extraction, and
classification. In this paper, we propose a
different

in using new gait

method which is from the

previous  works

characteristics for human identification

without knowing the walking direction of
the person. The novel system will identify
the walking path of human object, and then
his/her

recognize identification. The
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overview of our proposed system is shown
in Fig. 1.

This system is composed of four main
stages: human silhouettes segmentation,
static and dynamic feature extraction,
dimension reduction of feature vectors, and
the recognition of walking path and human
identification. The first stage is developed
to separate the human object from the
background in binary image sequence,
which includes foreground compensation,
horizontal and vertical alignment, and size
Then,
estimated by utilizing the periodicity of

normalization. gait period s
swing distances, and then binary image
sequence is divided into sub-cycles of
silhouette.

The second stage is developed to
extract the static and dynamic features in
of The

intersecting operation is applied to every

each  sub-cycle silhouette.
silhouette in each sub-cycle to obtain the
static region within each gait period. The
contour of the static region is regarded as
the static feature. Then, we analyze two
continuous image frames in each sub-cycle
to obtain the optical flow measurement as
the motion vector field. By analyzing the
statistics of the motion vector field, we
the

histogram of the magnitude and the

generate two-dimensional motion
direction of the motion vectors, which are

regarded as the dynamic features.

In the third stage, we use PCA and
MDA to transform the high-dimensional
feature vectors to the low-dimensional
the fourth the

discriminant functions and the nearest

subspace. In stage,

neighbor classifier are applied to recognize

the walking path and human identification

respectively.
Stage | i Stgell 1 Stagelll Stage IV
Segmentation ’ 3 Static i Static
had o R ) P[] Similrty
Nomglization 1| Extraction ] Measurement
1 [) 1
] H
1 : . Hybeid
Gait Period || Traiming | Walking Path Y Human D
Test ] | i Humen [D
Video Estimation | | Databese ] Defermination Recognition Result
! H
] v i
Transform to . t| Dynamic | Dynamic
Gray-Level gz&“:]:i # Feaue H Similarity
Imeges ! ¢ | Extraction |7 Measurement

Fig. 1. System diagram of our main system.

II. Human Object

Segmentation And Gait
Period Estimation

A. Human Object Segmentation

In our system, we assume the camera
is stationary and there is only one human
object walking through the scene. We use
the foreground video from
CASIJA database.

human

sequences
For each segmented
silhouette in each frame, we
compute the centroid (xc, yc) of the human
silhouette. Then, we compute the width W
and the height H of the human silhouette.
the centroid of the

silhouette to calibrate along the horizontal

We use human

direction, and the vertical direction of the
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frames of size 320x240. Then we use the
centroid to calibrate and then normalize the
human silhouette within the bounding box
of size 161x101 as shown in Fig. 2.

A
(a) (b)
A
(©)

Fig. 2. Human segmentation results of the

view angle 90 degree. (a) The

original image. (b) The extracted

silhouette.  (¢) The  human
silhouette after calibration and
normalization.

B. Gait Period Estimation

The human walking is treated as a
periodic activity which corresponds to the
total average pixel width of the normalized
foreground. For example, double-support
stance corresponds to the local maximum
average width and legs-together stance
corresponds to the local minimum width.
[6] that

computes the total average foreground

Therefore, swing distance

pixels’ distance from the normalized

foreground center is applied to detect the

started and end frames of the gait period.

Swing distance is described as

XV
2|
X=X,

0=y
2

Vi~
w3
Y=y

b

(1

where (xc, yc) is the centroid of the binary
silhouette, xI and xr denote the horizontal
the the
right-most boundary pixels of the silhouette

positions  of left-most and
respectively, yb and yt denote the vertical
positions of the bottom-most and the
top-most boundary pixels of the silhouette
respectively, and I(x, y) represents the pixel
intensity at (X, y).

The periodicity of gait is implied by
the variation of swing distance. The gait
starts the

legs-together stance and passes through

period defined here from

two double-support stances and one
legs-together stance and back to the same
legs-together stance. Local minimum swing
distance is detected and used to separate
gait periods from the video since it is less
affected by background noise than local
maximum. The experimental results for
measuring the periodicity of binary gate
sequence are shown in Fig. 3. Finally, the
binary gait sequence is separated to a

number of sub-cycles.
III. Gait Feature Extraction

In order to get the higher recognition

rate, we must find the discriminative
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characteristics for representing the walking
style of each person. Using the motion
vectors as the dynamic features is not
effective when the walking velocities of the
training video sequence and the test video
sequence are different. It is necessary to
utilize the static features which are
independent of the walking velocity. Here,
we use the Fourier descriptors to represent
the contour of static region as the static

features.
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Fig. 3. The Swing distance corresponds to
frame numbers. Local minimum of
swing distance represents the

legs-together stance, while, local

maximum represents the

double-support stance.

A. Dynamic Feature Extraction

After using the motion estimation to
find the optical flow field of the video
we evaluate the

sequences, histogram

distribution of the optical flow vector field,

which are treated as the dynamic feature.
From the experimental results, we find
some useless motion vectors due to the
variations of lighting condition, reflecting
condition, shadow, and other reasons. By
using the thresholding, we select only the
meaningful and slightly larger motion
vectors. We partition the magnitude and the
direction of the motion vectors into 10 and
13 intervals respectively as shown in Table

1 and 2.

Table 1. Intervals of the magnitude of the
optical flow vector, where mvm
denotes the magnitude of every

optical flow vector.

Level 1 2 3 4 5

MV, | 1~2 | 2~3 | 3~4 | 4~5 | 5~6

Level 6 7 8 9 10

MV, | 67 | 7~8 | 89 | 9~10 | >10

Table 2. Intervals of the direction of the
optical flow vector, where MV0O
denotes the direction of every

optical flow vector.

Interval 1 2 3 4 5
R (N A A [ e . &
MVy 12 6 12 6 12 6 12 6 12
Interval 6 7 8 9 10
T g | _ELE| 2ozl 377
MV, 6 12 12 6 12| 6 12| 6 12

Interval 11 12 13

4/z+7r Sz«

V4
MV 6 12| 6 12 12

Then we combine the magnitude and
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direction histograms to a 2-D histogram.
Supposing there are N gait cycles in the
sequence, after evaluating the overall N
2-D combinational histograms, we utilize
the Bhattacharyya distance to measure the
similarity between these 2-D combinational
histograms. For two discrete probability
distributions p(x) and q(x), over the same
domain X, the Bhattacharyya distance
dbhatt(p,q) is defined as

dbhatt (p.q)= z v p(x)q(x)

xeX ) )

Let MVC() denote the 2-D
combinational histogram belonging to the
interval. The 2-D
MVC(i),
i=1,...,N whose dbhatt(p, q) is lower than
the threshold are truncated as MVC(i), i=
1,...,Nt, where 1< Nt <N. Then, we take

ith gait period

combinational histograms,

the average of the spare 2-D combinational

histograms as

i=1 . (3)

Finally, we transform the average 2-D
combinational histogram to a column
vector of size 130x1. The column vector
expresses the dynamic features in the video
sequence. Figure 4(a) shows the silhouette
sequence of one human object, and the
corresponding average 2-D combinational

histogram is demonstrated in Fig. 4(b).

)

Average 2-D Combinational Histogram

(a)

(b)
Fig. 4. (a) The silhouette sequence. (b) The
average 2-D combinational

histogram. (c) The static part of (a).
(d) The extracted contour.

B. Static Feature Extraction

In this paper, we use Fourier
descriptors (FDs) [17] to describe the
contour of the static region within half
cycle as the static feature. The static region
of the human body represents the common
region in each frame within one half cycle.
Assuming S(x, y) represents the common
region in each frame of one half cycle,
where non-moving pixels are highlighted in
binary image S, as shown in Fig. 4(c). For

binary silhouette sequence BI, S can be

obtained by utilizing the intersecting
operation as

T
S(x,y)=[BI(x, 1)

g , (4)
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where BI(x,y,t) is the binary value of the
pixel (x,y) in the tth frame, and t is the
time duration of the motion sequence.

FDs are

rotation and scaling of the object. Let the

invariant to translation,

complex array pO, pl,..., pM-1 represent
the boundary belonging to the region of
static part, the kth Fourier transform
coefficient can be calculated as

_ 2rikn

M—1
zp = X pne M
n=0

; )

zk describes the frequency contents of the
shape. Lower frequency components depict
the overall shape, whereas higher
frequency components describe the details

of the shape. The FDs are defined as

ck=|zk+2|/|zl|, k=0,--~,M—3. (6)

Finally, we truncate the number of
evaluated FDs to 30. Assuming N is the
number of total gait cycles in the video
sequence, the FDs of N static regions are
combined as a matrix of size Nx30 to

represent the static features.

IV  Human ID Recognition
in Multiple Paths

Given the test video sequence, the
purpose of the system is to recognize the
human walking path and identify the
well. In the

human ID as learning

adopt the dimension

reduction method to map the training

procedure, we

feature vectors onto its embedding feature
space. Then we continue the walking path
classification and the human ID similarity
measurement in the embedding feature

space.
A. Learning Procedure by PCA and

MDA
We combine PCA and MDA [5] to

achieve the best trade-off between the data
representation and the class separability.
PCA is optimal in the sense that it
minimizes the mean square error between
the n d-dimensional dynamic features {x1,

x2,...,xn} and their approximations {yl,

y2,...,yn},

T
y, =[u,..,u.l'x ,k=1..,n

. (D

where yk denotes the d’-dimensional
feature vector, d’ << d, and ul, u2,...,ud’
represent the eigenvectors corresponding to
the d’' largest eigenvalues.
Assuming  that  the  principal
component vectors {yl, y2,..., yn} belong
to L classes (C1 to CL), MDA selects a
transformation matrix W so that the ratio of
the between-class scatter and the
within-class scatter is maximized. Let the

between-class scatter matrix be defined as
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L o
Sp=2X Ni(ye, ~¥)yg, -y

=l , (®)
and the within-class scatter matrix be
defined as

L — —\T
Sy =22y.0c —¥c,)¥¢, —Y¢,)

Sl ©)

where Ni is the number of feature vectors

in class Ci, yCi and Y¢, denote the feature
vectors and the mean vector belonging to

class Ci respectively, and ¥ is the mean
for all
projection Wopt is chosen as the matrix

feature vectors. The optimal
with the orthonormal columns which are
the generalized eigenvectors corresponding

to the m largest eigenvalues,

w's, w

W, ; = argmax

op v _[WI,WZ,...,WL_l]

w’ sz|

. (10)
There are at most L-1 nonzero
eigenvalues and the corresponding

eigenvectors.  Finally, each training
dynamic feature vector can be represented
as

v, =[Weow, I ugy.u, ] x,

=TXk,k=1,...,n (11)

In our experiments, the training
dataset must be classified to three different
groups according to three different walking
paths of the video sequence. In testing
procedure, given a testing dynamic feature
vector, it can be projected into

(L-1)-dimensional space.

B. Walking Path Determination

We apply Bayesian classifier to divide
the feature space into three decision regions
corresponding to three different walking
paths. The feature vector v belonging to
path i if

gi(v)>gj(v) forallj#i, i=1,2,3

, (12)

where denotes a set of

gi(v)
discriminant function. For multivariate

p(x[wi) 0 N (4. %0) . the

discriminant function can be evaluated and

normal densities

simplified as

1
g(V) == VE VA E ) v+ In p(w;)

1 1
——InfZ |-~ 'Sy, i=1,2,3.
2 2 (13)

o e

el
P [T Ty N T N
[P VRN
e T Ty Binen e 41 1ot m e e 2 gt
o0 o0

(c) (d)
Fig. 5. The classification results of test
feature vectors. (a) The training
feature  vectors from three
different classes are projected onto

the two-dimensional feature space.
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(circle:  108°, square:  90°,
diamond: 72°) (b)-(d) The testing
feature

classified to its class.

vector is  correctly

Here, we suppose an equal prior probability
for each p(wl) = p(w2)=
p(w3)=1/3. 5(a) shows the

distribution for training data from three

class, i.e.

Figure

different walking paths.

Then using the following decision rule
to divide the feature space into three
decision regions, R , Ry , and s s
which are referred as three different

walking paths,

veR, if g(V)>g,(v) forallj#i, i=1,2,3 (14)

According to the decision rule, we can
classify the feature vector v to the ith class.
Figures 5(b) - 5(d) shows the classification
results for the test data of three different
walking paths.

C. Hybrid Human ID Recognition

Once the human walking path has
been identified, the human identity can be
recognized. Given a testing dynamic
feature vector r, we transform it onto a
low-dimensional  feature space, 1i.e.,
r'=Tr  The similarity measurement for

dynamic feature vectors is described as

D,(x',v)=n(n-1|r,v,|

1 non
n(n—1) z z ”Vi’vf”

where =t =y is the
average distance between training feature
vectors of every two classes, and n is the
number of human objects in the database.
Hence r’ is classified to the kth-human
object if and only if

D,(r',v,)=minD,(x',v ), i=1,,n

For the similarity measure of the static
feature, assuming Ct =[clt,..., cNtt]T is the
testing static feature, and Ci =[cli,...,
cNii|T 1is the
belonging to the ith-human object, where

training static feature
Nt denotes the number of gait cycles and
ckt denotes the Fourier descriptors of the
testing sequence. Ni represents the average
gait cycles, and cki represents the evaluated
Fourier descriptors for the ith-human object.
Using Euclidean metric to measure the

distance in the frequency domain as
t

min(N,, N,) i
Zk=] Cr ~ Ck

min(N, , N,)

D,(C',C")= Hc’ —C!

.(16)
Finally, Ct is assigned to the kth-human
object if and only if
D, (C',C*)=minD,(C",C"), i=1,-+,n

Here we propose a hybrid human ID

recognition based on the walking velocit
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of human object. If the walking cycle
period of the testing sequence is similar to
the training sequence, the dynamic ranking
is effective; otherwise, the static ranking is
considered. The dynamic ranking identifies
the human ID based on the similarity of the
dynamic features, i.e., Eq. (15), whereas
the static ranking recognizes the human ID
based on the similarity of the static features,
(16). The

identification process

hybrid human
of the
following steps: (1) The difference of gait

ie., Eq.

consists

period between the testing video sequence
(Ptest) and the highest rank of human ID

from the database (émi") is calculated. (2)
If the difference is lower than threshold TP,
we will recognize human ID by dynamic
ranking. (3) If the difference of the periods
is higher than threshold TP, we calculate
the average similarity distance of static
feature and compare with threshold TD to
determine which ranking is better. (4)
When the average similarity distance is
lower than threshold TD, we will recognize
the human ID by static ranking; otherwise,
the dynamic ranking is chosen. The
flowchart of the hybrid human ID

recognition is described in Fig. 6.

A

P

train

P

test

Dynamic
Ranking

Ranking
Fig. 6. The flowchart of the hybrid human

ID recognition.

V. Experimental Results

The gait video sequences in CASIA
database [18] are used to evaluate the
effectiveness of our proposed system. The
database consists of 124 subjects captured
from 11 different views simultaneously,
and has 10 walking sequences for each
individual. There are six normal walking
sequences (i.e., Set A), two carrying-bag
(i.e, Set B) and two

wearing-coat sequences (i.e., Set C) as

sequences

shown in Fig. 7. In our experiments, we
collect the first four sequences of each
individual in Set A as the training set (i.e.,
Set A1), and use the rest two sequences in
Set A (i.e., Set A2), Set B and Set C as the
test set. Here, we only select three walking
paths, in 72° viewing direction (i.e., Path 1),
in 90° viewing direction (i.e., Path 2), and
in 108° viewing direction (i.e., Path 3), to

test the performance of our proposed
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system. Figure 8 shows the images from
three different walking paths in the

perspective view.

EaiEnT
(b) ©

(a)

Fig. 7. Three different sets from CASIA
database. (a) Normal walking, (b)

walking with wearing a coat, and

(c) walking with carrying a bag.

(a) (b) (c)
Fig. 8. Three different walking paths. (a)
72° (Path 1), (b) 90° (Path 2), and
(c) 108° (Path 3)

A. Walking Path Recognition and
Human ID Recognition

We select 124 human objects from Set
A2, Set B, and Set C walking in three
different paths. The accuracy of our system
for identifying the correct walking path
direction is shown in Table 3. Once the
walking path is identified, we do the
experiments of testing 124 human objects
from Set A2, Set B, and Set C in the three
different walking paths. The average

human ID recognition rates are shown in

Table 4. The results that the
recognition rates for the normal walking

show

sequences (Set A2) are much higher than
the other two sets. Besides, we can further
increase the recognition rate by using the
proposed hybrid features.

Table 3. The Walking Path Recognition

Rate using CASIA  Gait
Database.
Correct Path Recognition Ratio
Inont v
P Pat | Pat | Pat Rec::fmtl
hl | h2 | h3 Rate
Path1 | 491 | 8 5 98.99%
Path 2 5 476 ] 9 95.97%
Path 3 0 12 1482 | 97.18%
Average success rate: 97.38%

Table 4. The experimental results for

average Human ID recognition

in multiple paths.
Human ID Recognition Rate
Dynamic Feature .
Only Hybrid features
Test

S Rankl | Rank3 | Rankl | Rank3

equence
Set A2 97.45% | 99.33% | 97.98% | 99.73%
Set B 86.02% | 95.70% | 86.02% | 95.70%
Set C 83.06% | 92.20% | 85.22% | 93.82%
Aﬁ;ﬁ‘ege 90.99% | 96.64% | 91.80% | 97.24%

B. Human ID Recognition Using
Only Training Dataset from Path
2

In the 2nd experiment, we use only the

video sequences in 90° viewing direction
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(i.e., Path 2) as our training sequence to
recognize the walking people captured
from three different viewing directions.
This the
performance of different methods when the
test

sequence is different from the viewing

experiment aims to test

viewing direction of the video
direction of the training video sequence.
Table 5 demonstrates the comparison of
our system with other methods where “Sup”
is the method of supervised feature
selection [13], and “CAS” is the method of
using direct GEI (Gait Energy Image)
shape match [14]. The experimental results
that
insensitive to different test paths by using

show our proposed method is
only the training datasets of path 2.
Compared with the supervised feature
selection (Sup), which is computationally
expensive, our method not only offers a
similar performance for normal cases, but
also performs better for the special cases of
the input videos of people carrying a
handbag.

of

of our

Table 5. Comparison recognition

performance proposed
method with others by using only

the training dataset of path 2.

Comparison of the Recognition performance (%)

Set A Set B Set C

CAS|Sup|Ours/CAS{Sup|Ours|CAS|S up|Ours

—_— e =g

82.3190.3|89.5142.3|79.4|79.8|20.6

77.5|75.8

2 197.6/98.6/98.4| 52 [85.5|87.1{32.7|88.7|86.3

3 |82.3/78.5/79.8(31.9/60.6/62.9|16.5{62.3|61.3

C. Comparison with Other
Proposed Methods

We also do the experiments of using

the input videos of 90° viewing direction

for both the training and the testing datasets.

Table 6 shows the comparison of the
different

existing methods. The results demonstrate

proposed method with four

that our method is efficient for human

identification of different datasets under

various clothing and handbag-carrying

conditions.

Table 6. Comparison of  recognition
performance of our proposed
method with other existing
methods.

Comparison of the Recognition performance

CAS UCR Un-Sup

[14] [5] Sup[13] [13] Ours
iezt 97.6% | 99.4% | 98.6% | 99.4% | 98.39%
Slgt 32.7% | 60.2% | 85.5% | 79.9% | 87.10%
SCet 52.0% | 22.0% | 88.8% | 31.3% | 86.29%

V1. Conclusion

In this paper, we propose a novel
hybrid system using the dynamic feature
extracted by optical flow estimation as well
as the static feature to recognize the human
walking path and human identification. The
proposed method can be applied for
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different walking path and walking velocity

of the gait video sequence. The
experimental results show the effectiveness
of our system and demonstrate its ability
even for various clothing and carrying

conditions.
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