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Abstract— This paper presents a new human-motion identifica- and segmenting human motion from videos acquired from a
tion and segmentation algorithm, for mobile robot platforms. The  mobile robot platform.
algorithm is based on computing the alignment error between The goal of the proposed method is as follov@iven

pairs of object images acquired from a moving platform. Pairs fi f a tracked obiect ired f
of images generating relatively small alignment errors are used a sequence Or iImages or a tracked object acquired Trom a

to estimate the fundamental frequency of the object’s motion. Mobile robot, we need to identify (or verify) if the moving
A decision criterion is then used to test the significance of the object is a human, and if so we need to segment its motion

estimated frequency and to classify the object’s motion. To verify jn poth the time and spatial domainghe tracked object
the validity of the proposed approach, experimental results are can pe ejther the output of a shape-based human detector
shown on different classes of objects. o . .
that needs to be verified, or the output of a moving object
detector that needs to be identified. The proposed approach
is based on computing the alignment error between pairs of
Deciding if a moving object is a human or not is ambjectimages. The alignment error is then used to estimate the
important task in many vision-based robotic applications, su@lihdamental frequency of the motion. Based on the estimated
as visual navigation [1] and visual surveillance [2]. Militaryfrequency, a decision is made on whether or not the object
robotic vehicles, for example, need to determine if the moving a human. Experimental results show the accuracy of the
object is a human in order to asses the threat posed by #¥imated frequency which is effectively used to identify and
object. On the other hand, this determination is also importaggment human motion.
for civilian robotic vehicles for safety purposes. This paper is organized as follows. Section Il discusses the
When the effective image resolution is relatively highprevious work in the area of human motion identification.
shape-based techniques, such as [1], [3], [4] and [5], c@&he proposed method for period estimation is presented in
be used for initial human detection. Using this class ®&ection IIl. In Section IV, the estimated period is used for
approaches, accurate silhouette must be first extracted gagmenting the human motion. Experimental results validating
then matched against either a shape database or a set of sk@p@roposed methods are introduced in Section V. The paper
models. Since it is usually difficult to extract such an accuraje concluded and directions for future research are given in
silhouette, particularly in cluttered environments, shape-basgdction VI.
methods usually produce false detections.
Motion information can be used to reduce the number
of false detections produced by shape-based methods. Oifhe approaches to identifying human activity from video
the other hand, at relatively low object image resolutions, ¢an be broadly divided into two major categories; shape-based
becomes virtually impossible to detect humans based on theiethods and motion-based methods. For a comprehensive
shape. At such scales, motion information is the only cue fogview of all approaches, the reader is referred to [6]. Motion-
human identification. based methods that are closely related to our approach are
In stationary-camera environments, background-image sutighlighted in this Section.
traction (combined with morphology and connected compo- A very distinct property of human motion is its periodic na-
nent analysis) is usually used for finding independently moture. A walking or running human, particularly over short time
ing objects. Sequences of images of the detected objects raarvals, has constant speed and period. Several approaches
then be analyzed for identification and segmentation purposkave been developed to human motion based on the periodic
This task becomes more problematic when the video strearméture of the motion. In most of these approaches, the leg
acquired from a moving platform, such as a mobile robot. Imotion is usually described by a moving pendulum as shown
this case, more sophisticated approaches are needed to segindfigure 1.
the moving object from the background in order to classify Cutler and Davis [2] use power spectral density analysis
the moving object. The emphasis of this paper is identifyimgethods to analyze 2D patterns obtained by computing the

I. INTRODUCTION

Il. RELATED WORK



estimated period to decide if the tracked object is a human or

not. If it is a human, a foreground-background segmentation

process is performed across the motion sequence. In other
words, we test the hypotheses

Ho :Object is human
and 1)
‘H; :Object is non-human

and accept the null hypothesis if and only if the significance
4 5 6 test is satisfied.

A pixel, (z,y), in the bounding box of the moving object
belongs to either the object or the scene background. There-
fore, it may undergo one of two different types of motion; the

cross correlation between all pairs of object images. Ran et @neral camera motion resulting from the robot motion and the
[7] correlate 1D spatio-temporal signals with a set of referenPgriodic motion performed by the human. Given two images,
signals. The reference signals have a finite set of frequencle@ndi+5, separated (in time) by the true motion perigd,
that represent the human gait. Periodic motion will generall?2g€ Pixels that do not belong to the object (i.e. that belong to
resonate with one of the pre-defined reference signals, whif¥§ background) must obey the global transformatin,. ;.
indicates a human motion. such that

In [8], Liu and Collins compute 2D spatio-temporal pro- Iivp (Avi1p(z,y) = Li(z, ). @)
jections of object sequences in order to generate motion ) .
patterns, similar to the mathematical Frieze patterns. In orde® @ slowly moving camera, the transformatidn ; can be
to estimate the direction of motion, they classify the generat@cSix-parameter affine transform and is estimated by applying
patterns into one of pre-defined seven Frieze pattern grouff¢ Phase correlation method of [17] to imadesind/;. Itis
representing different motion directions. important to note here thak is estimated based on the entire

Little and Boyd [9] use least squares linear prediction to fiffage not only the object area.
the dominant frequency in a sequence of multi-dimensionalOn the other hand, for object pixels we can expect that
feature vectors describing the moving object. Also, in [10] arRPiect images separated in time by exactly the true period (or
[11] Boyd and Little use what is called Video Phase Locke@nultiples of the true period) will be exactly the same (see
Loops in order to estimate the fundamental gait frequency ahtgures 3.1 and 3.6,) i.e.
gait phase.

In [12] and [13] Shutler et al. introduced velocity moments, Loy (Trop(2,9) = Li(2,y) @)
a spatio-temporal modification to the well known geometri here T, is a translation-only transformation between im-

and Zernike [14] moments. Velocity moments were used 10 es7. and I.. The transformationT. is estimated usin
recognize human gait. Niyogi and Adelson [15] search the ﬁ; y - ' 9

spatio-temporal slices, in the lower half of the moving objec e normalized cross correlation introduced in [18]. Figure 2
to find braided patterns that indicate a walking human. lustrates the relationships described by Equations 3 and 2.

Fig. 1. Pendulum Motion; An Example of Periodic Motion

I1l. PERIOD ESTIMATION I Aviip(,y) Ty
SLTP

All of the methods outlined in Section I, except for [2],
reported results on videos acquired from a stationary camera. Object Object
They used either a human walking on a treadmill as a test To1p(@:y)
subject, the data set collected by Little and Boyd in [9] or
both. Clearly, this facilitates the motion segmentation process
prior to applying the period estimation method. Also, all of
these methods are very sensitive to initial object alignment
prior to the identification process. . .

Many methods can be used to detect moving objects. HereThe probability that a pixel(z, y), belongs to the back-
we use the object detection mechanism used by Cutler ag{gund,B, can be expressed as
Davis in [2]. The detected objects are tracked through the N1 T CTAL
video sequence using the tracker of Zhou et al. [16]. TheP((x’y) € BlAis) ~ 1= Lz, y) = L (Aws (@9l ()
period estimation algorithm is then applied to the sequenggso, the probability that the pixel belongs to the foreground,
of bounding boxes of the tracked object. F, can be expressed as

We start the analysis by first estimating the period of the
motion of the object. A significance test is applied to the P ((z,y) € F|T; ;) ~1— |Li(z,y) — L;(T;;(z,y))|. (5)

Fig. 2. Transformations betwee and I,



Therefore, we define the cost functidi(x, y) that the pixel become error prone for many reasons, such as the continuously
(z,y) belongs to the foreground as changing background and the camera motion.
Non of these methods exploits the periodic nature of the ob-
ject’s motion. Utilizing the estimated period can significantly
= min(P((z,y,4) € F|Ti;), (1 = P((z,y,i) € F|Ai;))).-  improve the figure-background discrimination. Zhao and Davis
(6) [21] recently introduced a non-parametric, iterative method for
For all pixels in the object bounding bog, we compute Ségmenting the figure from the background. They iteratively
the alignment error betweeh and I;, given Equation 6 as €stimate the probability’s,(z,y) for all pixels in the motion

follows detection area based on a randomly selected subset of image
pixels. Equation 11 combines;,(x,y) with the cost function
€ij = / / C((z,y) € F) dx dy. (7) of the correct period in order to obtain an improved object
JVze0 Jvyeo imagelo.
In a video stream of lengtf’, a moving object can only Io(z,y) = Pyy(z,y) Cs(x,y) (11)
exhibit an arbitrary period from the finite ran@®,.;, Pmaz)-
In theory, where
Dmin = 2 frames C’@'(z, v) =
and mln(P((l‘, y) € F‘Ttt-i‘ﬁ)» (1 - P((l‘,y) € B|At,t+ﬁ)))'
(8) (12)
Pmaz = L§J frames. In other words, Equation 12 performs spatial segmentation as

in [21] followed by a segmentation based on the estimated
eriod, which minimized the background segmentation errors
will be shown in Section V.

To estimate the motion period, we compute the avera
alignment error (per image pair per pixel) for every perio
in the specified range. The average error is computed over &l
possible cycles and normalized by the area of the bounding V. EXPERIMENTAL RESULTS
box. The estimated period is that one that minimizes the

average alignment error, i.e. Assuming that the frame rate of the imaging system is

30 frame per second and that the average human stride is
A 1 T/p=1 rp approximately one meter per step, the theoretical lower bound
p = arg, mmTi/p/l /1 €tt+p dn dt, of the period range, i.ep,.;, = 2 frames, means that the
human velocity is 30 meter per second, which is physically
P = [Pmin, Pmas]- (9) unrealistic. To limit the search range, we ysg,, = 6 frames
If the moving object is a human, the estimated period mugte. 10 meters per second) which corresponds to the velocity
produce significantly smaller alignment error with respect ®f the fastest human on earth.
the other periods. On the other hand, if the moving object Figure 3 shows the odd frames of a 48-frame image se-
is not a human (e.g. a vehicle), the alignment error of tigience acquired from the mobile robot. The image resolution
estimated period will not significantly vary from other periodsf the sequence is 320x240. In this sequence the camera mo-
To examine the significance of the estimated period, we uéen is a combination of a left rotation and a forward motion.
the standard Fisher significance test given by Equation 10 The Figure also shows the varying nature and the complexity
R of the background. Figure 4 shows the bounding boxes of
e(p)i—ue > (10) two motion cycles obtained by tracking the moving object.
Te It is important to note the varying width of the bounding
where e(p) is the average alignment error of the estimatedoxes, as a result of the articulating nature of the object and
period, u. ando, are the mean and the standard deviation tifie vehicle motion, and the amount of foreground/background
the average alignment error ands a manually-set (typically intermixing. The continuously changing background cause
1-2) threshold value. If the test is satisfied, we accept tlother methods described in Section Il to fail to estimate the
null hypothesis;H, of Equation 1. Otherwise, we accept theorrect period. The physical motion period is 34 frames/cycle.
alternate hypothesisy;. However, due to the bilateral symmetry of humans, the true
period is 17 frames/cycle.
The average motion alignment errer, for the range of
Discriminating figure from background has long been agpotential periods,in = 6, Pmaz = 24) is shown in Figure
area of interest in computer/robot vision [19] [20]. It ha®. The global minimum of the alignment error at= 17
significant importance in applications such as shape-bagedicates a correct estimate of the true period.
verification. It is also important for estimating accurate ap- Segmentation results of both the spatial-only method of
pearance models that can be used as a feedback to improvezZifieo and Davis [21] and the motion-improved segmentation
tracker performance or can be used later in activity recognitiof Section IV are shown in Figure 6. It is clear from the Figure
applications. In a mobile camera platform these methotsat the spatial-only methods produce more segmentation

IV. MOTION SEGMENTATION



errors because of only using color information of the given
frame. On the other hand, incorporating the estimated period
enhances the object segmentation. Figure 6.5 indicates that ta=
color-based segmentation methods fail when the backgroug
changes rapidly. However, because the rapidly changing ba
ground does not exhibit any periodic behavior, incorporati
the estimated period in the segmentation process improvesi : : g
results as shown in Figure 6.6. 1 2 3

In Figure 7, we show the average alignment error for
moving car. The alignment error does not satisfy the signii
cance criterion of Equation 10. Therefore, the tracked obj
is classified as a non-human object because no signific
periodic motion was detected. s 5 - -

Figure 9 is another example of an image sequence acquired 4 5 6
from a moving camera. Again, the camera motion is a com-
bination of a left rotation and a forward motion. Along with |
the moving human in the sequence, there are a few mov
vehicles that complicates the scene background. The glo
minimum, atp = 14 of the average alignment error, as
shown in Figure 8 coincides with the true motion period of
14 frames/cycle.

The proposed approach was applied to five human
guences and five car sequences. It correctly estimated
motion period in the five human sequences and rejected
null hypothesis in the five car sequences.

VI. CONCLUSIONS ANDFUTURE WORK

In this paper, a new approach for human motion iden§ &
fication and segmentation was presented. The video Stredss
of the moving objects are acquired from a moving vehicl
Motion identification is based on computing the probabilit™
that a moving pixel belongs to the general motion of the scerre
or the translational, periodic motion of the object. All possible
pairs of object images, given a specific period, are aligng'
and the average alignment error is computed for the giv
period. The process is repeated for a range of potential perio
An estimate of the true period is the one that minimizes t
average alignment error if and only if it satisfies a significan
test. Otherwise, the object is considered non-human, such as 16
a vehicle or a false alarm. ‘

If the tracked object is a human, a motion segmentatiis
procedure is invoked. Instead of using only 2D spatial info
mation to segment the moving object from the backgrou
the estimated motion models and the estimated period &
also utilized to improve the motion segmentation obtained 19
by only using spatial segmentation. The motion segmentatig
is important for verifying the identity of the moving objectiiss
using other techniques such as shape-based methods, imp
ing tracker performance and activity recognition applicationfs
Experimental results on a set of videos prove the accuracy ;
the period estimation method and the improved segmentation 25
of the moving object.

The algorithm described in this paper uses pair-wise align- Fig. 3. Odd Frames of The First Test Sequence.
ment errors, which might be prone to alignment outliers. We
plan to extend the proposed approach to use global alignment
errors to improve the accuracy of the estimated period. It also
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Fig. 4. A Close-up of the Tracked Object in the Odd Frames of the First
Test Sequence.
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Fig. 5. Average Alignment Error for the Object in Figure 4. The Global (6]
Minimum of the Error is ap = 17, which Corresponds to the Correct Motion
Period.

(7]

is based on computing a simple cost function that can be
extended to more sophisticated probabilistic models in ordé8]
to improve the accuracy of the estimated period. ]
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