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Kinetic people model learning of modified HMM
SU Bo-chao,CHEN Gang,CHE Ren-sheng
(Department o f Automatic Measurement and Control » Harbin Institute of Technology , Harbin 150001, China)

Abstract: The tracking method based on a people model contributes to realizing the kinetic people
tracking for a given video,and it can learn the people model by using much less frames of the video.
This paper proposes a learn algorithm for learning the people model in the given video. By using a tree
pictorial structure model to represent the detuned generic people in the video, and a modified Hidden
Markov Model( HMM) to simulate the motion of people between the two frames of the video, a ma-
chine learning method is used to the modified HMM to obtain the estimation of parameter of the modi-
fied HMM,and to capture the people model from the video. The learned model consists of different
body templates covered with color information. For learning the color of the local parts of the people
model by proposed algorithm, an instance-specific model has been obtained. The experiment demon-
strates that the kinetic people by proposed algorithm model can be learned with sequences images of 80
—90 frames involving people motion, which shows the learning method works well for learning the ki-
netic people model based on video, and can rapidly learn people models for one or more persons in the
video.
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1 Introduction

Developing a kinetic people tracker, which can
track people and their motion in video, is of
great prospect and challenging in computer vi-
sion community. The kinetic tracker can be used
for surveillance to the aim of crime prevention,
for motion synthesis in games and movies, and
for biomechanics.

When tracking people in frames of the given
video, we need to determine where people are in
the image, and which pixels belong to people
bodies, so the tracking strategies have two key
ideas: track by detect, track by flow''?!. The
flow is pixel-pixel correspondence, is sensitive to
the pose variation and illumination, and is time-
wasted.

Track-by-detect means that we track people
motion in video by the way of detecting people
model in each frame of the video. Generally
speaking, Model-based tracking is easier with
better model, for people model can reduce the
variation of the intra-class and increase out-of-
class variability.

To build model from videos, we look to the
object detection community for inspiration.
There are some papers describing building object

Cordeliade.

Schmid presents a method constructing model

models from image collection.
from a set of positive and negative sample ima-
ges. The positive images contain zebra, and the
negative images not; this form of input is often
called semi-supervised data because we label
which images contain a zebra, but for a given ze-
bra image, we do not label which image regions
are zebra and which are background. The task of
the learning algorithm is to "finish" the partial
labeling; learn a zebra model that labels zebra
image regions. Nevertheless, in our application,
we do not have the negative frames from with

which to compare.

R. Fergus presents a method learning the ob-

ject class model from unlabeled and unsegmented
cluttered scenes in a scale invariant manner. In
learning, the parameters of the scale-invariant
object model are estimated using expectation-
maximization in a maximum-likelihood setting,
and M. Weber's work is similar. EM algorithm is
appropriate in our building single people model
because of its inherent limitations, and can not
build multiple people model if there are more
people in video.

In this paper, we build a generic people model
from video for the aim of tracking people. We
represent people with the detuned pictorial
structure in images, which consists of nine parts
of people, and modified traditional HMM to
model person motion between frames; We con-
sider the model building as estimation of proba-
bility framework ( modified HMM ), and infer
on the framework for the estimation of the model
parameter, using the machine learning meth-
od™. Building model, in this paper, means esti-
mation of the appearance (color) of the parts of
the people model across the given video. See fig-
ure 2, it corresponds to get an instance-specific
people model for the track-by-detect strategy.
Thus, the processes of tracking become the
process of building a good model for the people
being tracked. After learning a good model from
a video, we then track the people by detecting

the people model in every frame.

2 Pictorial structure for represen-

tation of people

The pictorial structure model is introduced by
Fichler and Elschlager'™ thirty years ago. With
that model, an object is modeled by a collection
of parts arranged in a deformable configuration.
Each part encodes local visual properties of the
objects. In this paper there are nine parts repre-
senting body segments respectively, and the de-

formable configuration is charactered by spring-
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like connections between certain pairs of the
parts. The model is quite general for represen-
ting the parts and the connections of the pair of
parts, with great perspective and broad applica-
tion in field of computer vision. Furthermore,
we choose the pictorial structure for modeling
people not just for learning the people model,
but also for advantage of consequent model-
based tracking. We can see the pictorial struc-

ture model in Fig. 1.

|:| Vertice

Vertice / Vertics

Vertice +—Vertice

Edge

Fig. 1 Generic pictorial structure representation for people

3 Probability learning framework

We modify the hidden markov model for model-
ing the movement of people in video, and get an
improved probability framework™'. We then ap-
ply inference on the framework, estimating the

appearance of parts™

, and finishing the learning
procedure. Fig. 2 shows the learning procedure:
we tune the detuned people model to the video
sequence, obtain the color of the segments, and

get the instance-specific people model.

(a)Detuned people model (b) Video sequence

v\ 4
B \M'

PN
(c)Learned people model

Fig. 2 People model learning process

3.1 Traditional HMM for tracking

By far the most common approach for tracking
and learning model is to use a hidden markov
model™'™, see formula (1), where the hidden
states are the poses X, to be estimated, and the
observations are images I”n of a video sequence.
At present, we consider pose X, as a vector of
2D positions. Standard Markov assumption al-

low us to decompose the joint probability into

Pr(XirsLa) = || Pr(X, [ X DOPr(I, | X)) s

(D
Where we use shorthand X, = {X;, -, X7 }.
This is the basic HMM for our learning proce-
dure'™, which can be modified for our final
learning framework™’.
Learning corresponds to inference on this
probability model. One searches for the Maxi-
mum a Posterior (MAP) sequence of position

given an image sequence

Xl:']' — arg maXPr(Xl:'l‘ | I,,,]:']‘) —
X

1.T

arg maxPr(X, ¢, L..1) =

Xl:T

arg maxHPr(X, | XeDPr(Im, | X)) .
Xl:T t

(2)
Based on the formula (2), we develop our learn-
ing model with some modification in the position
X,. Firstly we consider building a template-
matching blob tracker for a torso, see Fig. 3.
The hidden variables are X,, X, until X;; the
observation are I,, ,I,, until I,,. The rectangle

in the image is the tracking window, showing

that the torso is tracked, or missed.
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Fig. 3 Model for torso tracking

The underlying model is a HMM where the hid-
den state at each frame is
X— [P 1 (3
Al
Where p'is (2',y") position of torso blob and A’
is the appearance. For the time being, we con-
sider the A’ as a vector appearance. The obser-
vations are images from a video sequence. We
assume the following probability models:
Pr(X,| X, )oce % X17, 4)
Pr(l, | X)=Pr(l, (P)[A)oce !l Poml?,
(5

Where we have ignored constants for simplici-
ty. Formula (4) is our motion model explaining
the torso blob movement from one frame to an-
other, and the torso moves in Brownian man-
ner’®. Recall that our object state X' encodes
both torso blob position P, = (x,,y,) and torso
appearance A,. formula (5) is our likelihood
model, and it means that we favors pixel posi-
tions P, at which the encompassing image patch
L, (P) looks like the current torso blob tem-
plate A,.

If we perform inference on the probability
model in Fig. 3, the resulting track tends to drift
(e. g. the torso is missed in 2 latter images ),
because there is no constraint in the model that
require the last frame A+ to be similar to the ap-
pearance from the first frame A,. once small er-
rors in the estimated appearance A; accumulate,
for example, the torso becomes temporarily oc-

cluded by the arm, and the track drifts to com-

pensate. We can avoid the drifting behavior with
a constant model of torso appearance C:
Pr(A,|C)oce 4 ¢17, (6)
Here, the torso image patch at each frame A, is
modeled as i. i. d sample from a Gaussian cen-
tered at an underlying "true" torso patch C. We
can see in Fig. 4, C represents the canonical ap-
pearance; A, , A, and A, represent the torso

samples.

Torso template

Torso sample

Fig. 4 Canonical appearance C

With a constant appearance model, we force our
initial appearance A, and final appearance Ay to
be similar.

3.2 Modify HMM

As we can see, traditional HMM used to track
people in video has drifting behavior, if there is
occlusion of the people parts, the resulting track
miss people parts soon, and lose target at last.
So we modify the traditional HMM for our
learning process.

3.2.1

When we insert the constant appearance model

HMM with constant appearance

(Fig. 4) into formula (1), we get the model of
Fig. 5. From the model of Fig. 5 we can see,
when tracking the torso through the video, we
have P, and P; represent the position of the tor-
so in the image; I the appearance (color) of tor-
so patch. The patches are similar with each oth-
er because of the constraint of the canonical ap-
pearance C.
We can see in Fig. 5, The image likelihoods
are restricted by the canonical appearance C:
Pr(P,|P, Hoce 7 P!’ )
Pr(l, |P,.Cyoce ! FomCI", (8)
Figure (7) expresses that the torso blob

should be close between the neighbor frames,
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O

Torso
template
C

Fig 5 Constant appearance model

and Figure (8) expresses the fact that we want
to select a torso blob position P, whose encom-
passing image patch is close to the canonical ap-
pearance C.

If we condition on C and assume the canonical
appearance is given, our model formulated by
(7)(8) add a constraint appearance for standard
HMM. The constant appearance model is repre-
sented by templates built a prior. In Fig. 6 we
can see a HMM with constraint term, formula-
ted by (7) (8); C: the torso template; Pr: the

position of the torso; Ir: the observation.

Fig. 6 HMM with constant appearance

3.2.2 The segments motion model

With people parts detector we have got the peo-
ple parts patch from the video; with clustering
method, we have obtained different kinds of
clusters, including the cluster of people torso.
See Fig. 7.

For the torso cluster, we want to find a se-
quence of candidates that obeys our bounded ve-
locity motion model. By fitting an appearance
model to the cluster, typically a Gaussian with

mean at the cluster mean and standard deviation

aehEREN AEED
DEESTA AR
ZAREE LT UNNASN,
L Esad

Fig. 7 Detected torso and noise

i et “0”
- B e

17.-
B Tyt

Frame 1 Frame 2 Frame 7

Fig. 8 Selecting torso sequence using dynamic pro-

gramming

computed from the cluster, we can convert this
optimization into a straightforward dynamic pro-
gramming problem. we consider P, as the posi-

th

tion of a segment in the " frame; and We as-

sume that these have a Markovian behavior 7. e.
Pr(P,| P,, ) =Pr(P,| P, ). the score for a
given candidate is its likelihood under the Gauss-
ian appearance model we are fitting, and the
temporal score are ‘0’ for links violating our ve-
locity bounds and ‘1" otherwise. We add a dummy
candidate to each frame to represent a ‘no match’
state with a fixed charge. by applying dynamic
programming, we can obtain a sequence of seg-
ments, at most one per {rame, where the seg-
ments are within a fixed velocity bound of one
another and where all lie close to the cluster cen-
ter in appearance. In Fig. 9, we select those tor-
sos in the cluster of torso, utilizing the dynamic
programming. Those torsos obey the motion

model, as follows:

¢(P;, P, ) =Pr(P{| P, DocIC|| Pi—P, || <du.).

The Fig. 9 is the torso sequence that we learn

from the video data, and those torsos obey the
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velocity bound of the segment motion model™”,

' 'r | s D N A | s‘ N M 7
SRS RRN00E
= ANNNE

Fig. 9 Body appearance sequence learned

3. 2.3 Modifying constant-appearance HMM
and learning

The discussion above is to track the single peo-
ple segment in video. We use the constant ap-
pearance of people segment to solve the drift,
and use the segment motion model to find seg-
ments which obey the velocity bound, those are
convenient for the correct parts track. Yet we
intend to model the whole people movement be-
tween frames of the video, and try to capture the
appearance (color) of the people segments, so
we utilize the spatial constraint of human. It
means that arm must lie close to the torso, the
leg must lie on the torso, and crus must lie near-
by the leg. We insert the detuned people model,
represented by the pictorial structure, into the
Constant-Appearance HMM model formulated
by (7) (8) , and get the final learning frame-

work, as we can see in formula (13),

T N
Pr (PEY Lo | CY) = [[ [[Prpi | piod

Pr(pi | pi)Pr(L, (P | pisc)

(13)

The Fig. 10 shows the tree configuration of
people using pictorial structure in an image. The
configuration is a rooted tree, showing the spa-

tial layout of the people parts in an image.

Fig. 10 Tree pictorial structure of people for learning

As a notation convention, we use superscript

} and sub-

scripts to denote frames ¢t & {1+ T}. the term =

to denote body parts i € {tor,arm, *-

(i) denotes the parent of part i, following the
tree in Fig. 8. The variables p! is a 3-vectos cap-
turing the position (x, y) and orientation @ of
part 7 at time ¢, The formula (13) is actually a
Bayes framework which we use to explain our
learning method, given the video. It means that
given C*V,we want to obtain the maximum like-
lihood estimation of Pr (P}:¥, I,;.r). the First
term in the right hand side of formula (13) is a
motion model for an individual part; the last two
terms are the standard geometric and local image
likelihood terms in a pictorial structure.

For a fixed sequence of images I,,.r,» we can
interpret the right hand side as function of p} and
¢’'. we infer on the formula (13) for estimation of
pi and ¢'. Effectively, we want to find an arm
position P{™ such that the arm lies nearby a tor-
so Pr(Pi™ | P"), the arm lies near its position in
the previous frame Pr(P*™| P ), and the local
image patch looks like the arm model Pr (I,
Py | P, Com),

Our image likelihood models the local image
likelihood patch with a Gaussian centered at tem-
plate C'.
¢ (P}, CH=Pr(1, (P))|Pj,Choce I P17,

(14)

For simplicity we ignore constants. The spa-
tial kinematics of the human body is modeled
with a puppet of rectangles with freely rotating
revolute joints, using potential of the form
P P =Pr(P™ | P)CI(D(PY s Pr™) <.

(15)

Here I the standard identity is function and D
(P, Pi™) is the distance between the hinge
points for the two segments. For the upper leg
segments, we add angular bounds preventing
them from pointing up into the torso.

Our motion model is bounded velocity
J(P; P )=Pr(P, | P)OCIC|| Pi— P, || <duw) -

(16)
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As we can see, finding an optimal track and
learning from the track given a video sequence
now corresponds to finding the maximum a pos-
teriori (MAP) estimate of C! and P;. The itera-
tion of EM approach hints a useful framework to
follow. Given a detuned or rough appearance
model C, we can use it to obtain a rough track of
the blob positions p,. Given the rough track, we
can tune the model to people in a video. Given
the tuned models, we can re-track, and iterate
as necessary.

3.2. 4 Learning multiple parts with approximate
inference

Discussion above is simply learning the appear-
ance of torso; nevertheless, we mean to estimate
the appearance (color) of all parts of the people
model, and obtain the complete tuned people
model. The Fig. 11 is our people model learned
through the video.

Fig. 11 People model learned

We use a pictorial structure representation
that models the human body as a puppet of rec-
tangles. See Fig7. Consider tracking one or mul-
tiple people, we exploit the fact that a priori we
know the geometric model Pr(P’| P’) for a hu-
man body: a torso is connected to two arms and
legs. The knowledge of the geometric model
should decrease the search space and time. All
we need to learn is the appearance of each part
Pr(I,,(P)).

The method we take to build appearance mod-
els is a bottom-up appearance that looks for can-
didate body parts in each frame; we cluster the

candidates to find assemblies of parts that might

be people, starting from the torso™,

Using the learned torso sequence, now we
learn the appearance other parts of people mod-
el. We build the people model by searching the
arm and leg nearby the torso sequence, group
the assembly into the complete people model,
and get the configuration of people. We accom-
plish this with the approximate inferencel™,
Fig. 12 shows the principal. We search the arm
sequence, which obeys the velocity bound, close
to the torso sequence using the known torsos
and the constraint of the spatial layout of pictori-

al structure.

Clor

Fig. 12 Approximate inference for learning arm

With the torso sequence, as follow we learn
the appearance of arm. and we explain the learn-
ing of arm template with 3 trees, the Fig. 14,
Fig. 15, and Fig. 16.

We have the arm cluster with the detecting
and mean-shift method, now what we do is get
the arm sequence, which accords with ¢ (Pi™,
P )=Pr(P{™ | P) and ¢(P}, P, ) =Pr(P}|
Pi ), that is to say, the arm sequence’s loca-
tions is nearby the torso, and abide by our veloc-
ity bound. Fig. 13 is the learned torso template

discussed above.

Fig. 13 Tree a for learning torso appearance

The inference for learning the arm template is
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following: we infer on tree c,as shown in Fig.
14, find the arm sequence abiding by the velocity

bound, using the dynamic programming.

Ao
Sframe 1 Sframe 2 Sframe T

Fig. 14 Tree ¢ for finding the arm sequence abiding
by velocity bound

We get the arm sequence above, then apply
inference on the tree d, see Fig. 15, and obtain
the arm sequence restricted by the spatial con-
straint of the pictorial structure; that is, we get
the arm sequence closest to the torso in each im-
age, which is our optimal estimation of the arm

sequence.

Sframe 2

Sframe 1

frame T

Fig. 15 Tree d for restricting arm and torso patch to

those which obey kinematics constraint

We apply inference on the tree 6, as shown in
Fig. 16, compute the mode of the obtained arm

sequence, and get the optimal estimation of C*™.

CEECENC

Fig. 16 Tree b for learning arm appearance

Now we get the arm template by learning.
With the method above, we learn the other tem-
plate by recurrence, such as the thigh, crus,

each template of nine, and then assemble the

people model.
4 Experiment

A given video, which longs for 10 s, consists of
120 frames; the following is the 8 frame we pick
at random for demonstration, and we learn the

people model from the video(Fig. 17).

Fig. 17 Frames for learning people model (8 frames

of video)

4.1 learning torso template
First of all, we learn the torso appearance, using
the torso cluster with clustering method. As we

can see in Fig. 18;

SRARNSRESOEE

Fig. 18 Cluster of people torso

The torso sequence we look for must abide by
the velocity bound of the segment motion model.
By the dynamic programming, we obtain an ac-
cordant sequence of patches. As we see in Fig.
19, between frames, the connection "1" means

that the torso patches abide by the velocity

N B e

“1” A
w1» -
| \ ’1, P
“nr -7
|

Frame 1 Frame T’

Frame 2

Fig. 19 Obtaining torso blobs with dynamic programming
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bound, otherwise, it is"0".

We compute the mode for the later sequence,
and the mode patch is the appearance of torso we
learned. We can obtain the mode with the Fig.
13, tree a. The Fig. 20 is the torso template we

learned;
r,
.

5

Fig. 20 Learned torso template

4.2 Learning other parts appearance of people

After learning the torso template, we apply the
approximate inference on tree b ¢ d, (Fig. 14,
Fig. 15, Fig. 16) and learn the other parts by re-
currence. Inference with tree d, (Fig. 15) we get
blobs sequence of upper arm; which is restricted

by constraint of the pictorial structure, see

-

- h
e S S \ )\.\.

Fig. 21 Sequence obtained by inferring on tree d

And inference with tree ¢, (Fig. 14), we get
the sequence obey our velocity constraint, using

dynamic programming; as shown in Fig. 22;
E ot I
A - .\‘i
[ M | -
Fig. 22 Arm sequence abiding by velocity bound by

inferring on tree ¢

With inference on tree b (Fig. 16), we obtain
the template of the upper arm, with the compu-

tation of mode of sequence; as shown in Fig. 23;

Fig. 23 learned template of upper arm

For the time being, the people model only con-

sists of two parts,see Fig. 24;

Upper arm

Fig. 24 People model only consisting of 2 parts

According to the Learning procedure above,
we learn the other parts by recurrence, obtain
the complete people model, and fulfill the learn-

ing procedure. As we can see Fig. 25;

" -
- .
[ 5 |
Fig. 25 People model learned from video

4.3 Algorithm analysis

In this paper, we use modified HMM to model
the people movement among the frames of the
video. Using dynamic programming, We learn
the templates of parts and assemble the tem-
plates into a people model. The segment tem-
plates are learned by dynamic programming, so
our model-building depend on the performance of
the dynamic programming.

The dynamic programming transforms expo-
nential complexity to polynomial function. Ex-
ponential function has the complexity of O(a™),
and polynomial function’s complexity is O(n*);
from the viewpoint of algorithm analysis, when
process has medial level inputs, polynomial
function saves time compared with the exponen-
tial complexity.

As to our torso-selection procedure using dy-
namic programming, we select 3 torso patches

possessing three maximum probabilities, and we
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get the complexity of O(T#n*), in which T is the
observations and n is states, equaling to 3 in our
procedure. In our experiment, we learn a people
model with 80—90 frames, spending 6—7. 5 sec-
onds. Considering people model consisting of 9
parts, we conclude that each segment selection
averagely costs 0. 66 — 0. 83 seconds, and the
maximum time for our dynamic programming
spends 0. 83 seconds. Complexity O (Tn*) =
0. 83, and we can conclude the frames we need is
inverse proportion to parts blobs needed in each
frame. That is to say, when the frames in-
crease, we can reduce the parts two or one blob,

according to probability of the parts blobs.

5 Conclusions

In this paper, we propose learning algorithm for
learning a people model in the given video. Con-

sidering the convenience of the computation and
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