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Abstract

Decomposable triangulated graphs have been shown
to be efficient and effective for modeling the probabilistic
spatio-temporal structure of brief stretches of human mo-
tion. In previous work such model structure was hand-
crafted by expert human observers and labeled data were
needed for parameter learning. We present a method to
build automatically the structure of the decomposable tri-
angulated graph from unlabeled data. It is based on
maxi mumtlikelihood. Taking the labeling of the data as hid-
den variables, a variant of the EM algorithm can be ap-
plied. A greedy algorithm is developed to search for the
optimal structure of the decomposable model based on the
(conditional) differential entropy of variables. Our algo-
rithm is demonstrated by learning models of human mo-
tion completely automatically from unlabeled real image
sequences with clutter and occlusion. Experiments on both
motion captured data and grayscal e image sequences show
that the resulting models perform better than the hand-
constructed models.

1. Introduction

Humans are the most important component of a ma-
chine’s environment. Detecting and interpreting human

presence, actions and activities is one of the most valu-

able functions of our own visual system. Endowing ma-

tracked in time [15, 14, 2, 8, 9, 3, 19, 7]. Their trajectories
and/or spatiotemporal energy pattern will allow a classifica-
tion of the actions and activities [13, 21].

We focus here on detection and labeling. This problem
was studied in the context of a ‘generalized Johansson prob-
lem’ [17]. The position and velocity of point-features is
the input to a system that decides whether human motion is
present. The system also assigns probabilistic labels (the
main parts of the body plus a generic background label)
to the detected features. The method is shown to be fast
and robust both to extraneous clutter and to undetected body
parts [17]. In [16], the algorithm is demonstrated to work
well on a number of simple grayscale image sequences.

While the previous work is highly successful it is limited
in scope: while the parameters of the probability density
function at the heart of the model are estimated from train-
ing data, the ‘triangulated’ structure of such density func-
tion is hand-crafted. This is unsatisfactory for two reasons:
first, it is time-consuming to develop such models by hand;
second, the data should dictate such structure rather than
the judgment of a human operator. Furthermore, the cor-
rect labelings for the training data are required to be known,
which could be hard to obtain in practice. For example, the
ground truth labeling for the training data in [16] is hand-
constructed.

We address here the problem of unsupervised learning
of model structure. We restrict our attention to triangulated
models, since they both account for much correlation be-
tween the random variables that represent the position and

chines with the same ability would enable a great number of motion of each body part, and they vyield efficient algo-

useful industrial applications ranging from convenient non-

rithms. Our goal is to learn the best triangulated model,

contact user interfaces for consumer products, to on-boardi.e., the one that reaches maximum likelihood with respect
safety systems for automobiles, and surveillance systemso the training data. We approach the problem in two set-

for stores and museums.

A system for interpreting human activity must, first of
all, be able todetect human presence [17, 16]. A second
importanttask is to localize the visible parts of the body and

tings: when the training features debeled, i.e., the parts

of the model and the correspondence between the parts and
observed features are known (e.g. by a motion-capture sys-
tem), and when the training features amdabeled, i.e.,

assign appropriate labels to the corresponding regions of thethe training features include both useful foreground parts

image — for brevity we call this thiabeling task [17, 16].
Given a labeling the different parts of the body may be

and background clutter and the correspondence between the
parts and detected features are unknown (e.g. when they



are acquired with a monocular camera and no human in-
tervention is practical). Our algorithm leads to systems
able to learn models of human motion completely automat-
ically from real image sequences - unlabeled training fea-
tures with clutter and occlusion.

In section 2 we summarize the main facts about the tri-
angulated probability model. In section 3 we address the
labeled training set problem. In section 4 we address the un-
labeled training set problem. In section 5 we present some
experimental results, both on motion-captured data and on
grayscale image sequences.

2. Decomposable triangulated graphs

Discovering the probability structure (conditional inde-
pendence) among variables is important since it makes effi-
cient learning and testing (labeling and detection for exam-
ple) possible, hence some computationally intractable prob-

3. Optimization of the decomposable triangu-
lated graph

Suppose X = {71,72, . ,YN} are i.i.d sam-
ples from a probability density function, wherg "
(X%,...,X%y,), 1 < n < N, are labeled data. We
want to find the decomposable triangulated gréptsuch

that P(G|X) is maximized. P(G|X) is the probability of
graphG being the 'correct’ one given the observed data
X. Here we usé& to denote both the decomposable graph
and the conditional (in)dependence depicted by the graph.
By Bayes’ rule,P(G|X) = P(X|G)P(G)/P(X), there-
fore if we can assume the priof3(G) are equal for dif-
ferent decompositions, then our goal is to find the struc-
ture G which can maximizeP(X|G). From the previ-
ous section, a decomposable triangulated gt@pd repre-
sented by(Al, By, 01), (AQ, Bs, 02), . (AT, Br, CT),
thenP(X|G) can be computed as follows,

lems become tractable. Trees are good examples of model-

ing conditional (in)dependence [4, 12, 10]. A decompos-
able triangulated graph [1] is another type of graph which
has been demonstrated to be useful for biological motion
detection and labeling [17, 16].

A decomposable triangulated graph [1] is a collection of
cliques of size three, where there is an elimination order of
vertices such that when a vertex is deleted, it is only con-
tained in one triangle and the remaining subgraph is again a
collection of triangles until only one triangle left. Decom-

posable triangulated graphs are more powerful than trees

since each node can be thought of as having two parents
Similarly to trees, efficient algorithms allow fast calcula-
tion of the maximum likelihood interpretation of a given set
of data.

Conditional (in)dependences among random variables

log P(X|@G)

logP(X,X°,...,.X
N N

> logP(X"|G)

N T . N .
Zn:1 (thl log P(X% |X3 , XZ)

N

&)

flogP(XE, X2) @)
T
= -N- Zh(XAt|XBt’XCt)
t=1
. -N- h(XBT7XCT) (3)

whereh(-) is differential entropy or conditional differen-
tial entropy [5] of continuous random variables. Equa-
tion (3) is an approximation which converges to equal-

(parts) can be described by a decomposable triangulatedty for N — oo due to the weak Law of Large num-

graph. LetS = {S1,52,...,SM} be the set of\/ parts,
andXg;, 1 < i < M, is the measurement fdfi. If the
joint probability density functiol(X g1, Xs2, - .., Xsar)

bers and definitions and properties of differential en-
tropy [5, 4, 6, 11, 12]. We want to find the decompo-
sition (Al, By, Cl), (AQ, Bs, 02), Cey (AT, Br, CT) such

can be decomposed as a decomposable triangulated graphhat the above equations can be maximized. If graphs with

it can be written as,

Pyhote(Xs1,Xs2,... Xsm)
T
I, Pajsc(XalXn, Xc,)

‘Pproy (XBT’XCT) 1)
whereA;, B;,C; € S,
1<i<T=M-2,
{Al,AQ,...,AT,BT,CT} = S, and
(Al,Bl,Cl),(AQ,BQ,CQ),...,(AT,BT,CT) are the

cliques. (A, As, ..., Ar) gives an elimination order for
the decomposable graph.

different elimination orders are taken as having different
structures, then the total number of possible structure is
M!1/2 - TI32 % (25 + 1), which makes exhaustive search
only possible for small\/s. In our application > 10

and therefore the number of graph structures is larger than
3 x 10'2,

Though for tree cases, the optimal structure can be ob-
tained efficiently by the maximum spanning tree algorithm
[4, 12], for decomposable triangulated graphs, there is no
existing algorithm which runs in polynomial time and guar-
antees to the optimal solution. We develop a greedy al-
gorithm to grow the graph by the property of decompos-
able graphs. For each possible choice(f (the last



vertex of the last triangle), find the best; which can is a group of detected features which contains the target ob-
maximize—h(X g, Xc, ), then get the best child of edge ject, butX " is unlabeled, which means the correspondence
(Br,Cr) as Ar, i.e., the vertex (part) that can maximize between the candidate features and the parts of the object
—h(Xa,|XBys, Xcr ). The nextvertex is added one by one is unknown. For example when we run a feature detec-
to the existing graph by choosing the best child of all the tor (such as Lucas-Tomasi-Kanade detector [18]) on real
edges (legal parents) of the existing graph until all the ver- image sequences, the detected features can be from target
tices are added to the graph. For each choic€ gf one objects and background clutter with no identity attached to
such graph can be grown, so there &fecandidate graphs.  each feature. We want to select the useful composite parts
The final result is the graph with the highésg P(X|G) of the object and learn the probability structure fram
among theM graphs. If the labeling for eactX " is taken as a hidden variable,
Let G..:st denote the decomposable graph obtained sothen the EM algorithm can be used to learn the probabil-
far andV,,.; denote the set of unused vertices (vertices to ity structure and parameters. We used a method similar to
be added to the graph). The initial value 16r..;5; is a [20], but here all the candidate features are with the same
empty graph, and the initial value f6f,,,; is the set of  type. Leth,, denote the labeling foX ". If X" contains
composed part§. The algorithm can be described as fol- n,, features, thet,, is ann;-dimensional vector with each

lowing, element taken a value frod U { BG} (BG is the back-

For eachC'r € S, ground clutter label). The observations for the EM algo-
addC'r t0 Gewist rithm are ¥ = {Yl,fz, ... ,YN}, the hidden variables
removeCr from Viyai areH = {h,})_,, and the parameters to optimize are the
foreachv € Vavaa probability (in)dependence structure (i.e. the decomposable

compute-h(Cr,v) triangulated graph) and parameters for its associated prob-
find Br = argmaxyev,,.. —(Cr,v) ability density function. We usé' to represent both the
add vertexBr and edgé By, C'r) 0 Geyist probability structure and the parameters. If we assume that
removeBr from Voyaa X"s are independent from each other @ngdonly depends
for eacht fromT'to 1, onX", then the likelihood function to maximize is,

for each edge € G¢yists
for eachw € Vypait,
compute—h(v|e(1), e(2)) L
find v*(e) = argmax, —h(v|e(1),e(2))
find ese; = argmax, —h(v*(e)le(1),e(2))
let Ay = v*(eser), Br = ese(1), andCy = ege1(2)

= log P(X,G)
= log P(X|G) +log P(G)

N ~n
anl log P(X"|G) +log P(G)

add vertexA4,; and edgesA4;, B;), (A, Cy) to N o
Gevist = Y log > P(X"hn=hulG) +log P(G)
removeA; from V,,.i hni€Hy
From all the graphs originated from differefit-, choose 4)

the one with the highedsg P(X|G).
The above algorithm is efficient. The number of possi- whereh,,; is theith possible labeling foX *, andH,, is the

ble choices foiC'r is M, the number of choices faB is set of all such labelings. Optimization directly over equa-

M — 1; for staget, M —2 =T >t > 1, the number of  tion (4) is hard, and the EM algorithm solves the optimiza-

edges irG..;s: (legal parents) i@« (T —t)+1andthenum-  tion problem iteratively. In EM, for each iteratianwe will

ber of vertices in/,,.;; (legal children) is. Therefore the optimize the function,

total search costid/ s« (M —1+ 3, (2% (T —t) +1) xt)),

which is on the order oM ¢. The algorithm is a greedy al- Q(Gt|Gt 1)

gorithm, with no guarantee that the global optimal solution = EllogP(X,H,G)|X,G¢ 1]

could be found. Its effectiveness will be explored through

N =N N
experiments. anlE[IOgP(X sha, G)| X, G

2521 Z P(hy = hm’|ynaatf1)

4. Unsupervised learning of the decomposable

ra h hni€Hy
grap log P(X", hyy = hini, Gt)
In this section, we consider the case when only unlabeled = ZN Z Rpilog P(X", by, = hni, Gy)
data are available. Assume we have a data st sdmples n= T,

X ={X,X°,...,X"). Eachsampl&",1 < n < N, (5)



whe@Rm» is the probability of.,, = h,,; given the observa-
tion X' and the decomposable probability structGie ;.
For each iteratiom, R,,; is a fixed number for a hypothesis

hni. Ry can be computed

Rni

as,

P(hni| X", Gi—1)

= P(hi, X ,Gr1)/ Y P(hni, X",Gi1) (6)

hni

We will discuss the computation @#(h,;, X Gi-1) be-
low. Under the labeling hypothesis, = hy;, X is di-
vided into the foreground featuréé?g, which are parts of

the object, and background (cIutte’T)Zg. If the foreground
featuresY ;, are independent of clutté¥ , , then,

P(h,i, X", Q)

= P(X"|hni, G)P(hps, Q)
= P(X},lhni, G)P(Xy,|hni, G)P(hni|G)P(G)

(7)

For simplicity, we will assume the prior®(h,;|G) are

the same for different,,;,

different graph structures.

and P(G) are the same for
If we assume uniform back-

ground densities like in [20, 17], theR(X , |hni, G) is

the same for different ;.

Under probability decomposi-

tionG, P(X |hm, G) can be computed as in equation (1).
Therefore the maximization of equation (5) is equivalent to

maximizing,

Q(Gt|Gt—1)

N N
> D RuiloglP(Xflhnis Gr)]

hni

N d ni ni ni
anl hz: Rm[z_: log P(X ;| XB;, X&)

For most problems, the number of possible labelings is

+log P(XE,, X&)l (8)

very large (on the order af /), so it is computationally

prohibitive to sum over all

the possible,; as in equation

(8). However, if there is one hypothesis labeling; that is
much better than other hypotheses,, i, corresponding
to A}, is much larger than otheR,;'s, then R}, can be

ni

taken asl and otherR,,;'s as0. Hence equation (8) can be

approximated as,

Q(G¢|Gy—1) Z ZlogP XX, X3

whereX 4, X pi* andy pi*
ing to the best labeling .

+log P(X3, X2 (9)

are measurements correspond-
Comparing equation (9) with

equation (2), we know that for iteratiagnif the best hypoth-
esish}, is used as the 'true’ labeling, then the decomposable
triangulated graph structuc@; can be obtained through the
algorithm described in section 3. One approximation we
make here is that the best hypothesis labelifjgfor each
X"is really dominant among all the possible labelings so
that hard assignment for labelings can be used. This is sim-
ilar to the situation of K-means vs. mixture of Gaussian for
clustering problems.

The whole algorithm can be summarized as follows.
Given some random initial guess of the decomposable graph
structureGGy and its parameters, then for iteration(t is
from 1 until the algorithm converges),

E step: for eaclX ', useG;_; to find the best Iabellngm;

M step: use the data labeled witt, for eachX " to run

the greedy graph growing algorithm described in section 3
and getG;.

So far we assume that all the composed parts are ob-
served. In the case of some parts missing (e.g. occlusion),
the measurements for the missing parts can also be taken
as hidden variables ([20]), and the above algorithm can be
easily modified to handle the missing parts.

5. Experiments

We tested our algorithm on both motion capture data (Jo-
hansson displays) as in [17] and on detected features from
real image sequences as in [16]. The motion capture data
allowed us to run the learning algorithm under conditions
where all body parts were present and their position in space
was tracked with millimetric precision. The real image
sequences presented a more challenging scenario where a
two-frame noisy feature detector [18] was used to generate
the training set, and with many occlusions occurring.

5.1. Resultson motion capture data

We first investigate the performance of the algorithm on
motion capture data as in [17]. The data consist of the 3-D
positions of 14 markers fixed rigidly on a subject’s body.
These positions were tracked at 60Hz with 1mm accuracy
as the subject walked back and forth for four minutes (two
minutes are used for training, and the other two for test-
ing). The 3-D data was projected to 2-D with a fixed ortho-
graphic projection so that the majority of the walking was
seen from a 45 degree angle viewpoint (slightly from the
side). Although the motion capture system provided labeled
data, the data were treated as unlabeled for this experiment,
and the labeling was only used as a ground truth to quantify
the accuracy of the learned model.

We chose to learn models with 9 parts instead of all 14
to see if the model was able to consistently pick out 9 parts



and ignore the other 5. We assumed all the pdfs to be Gaus{d) is the curve of correct label rate (label-by-label rate) vs.
sian, and the differential entropies can be computed from number of body parts when a person is correctly detected.
the covariance matrix [5]. We ran the EM-like algorithm In Figure 2 (c) and (d), the solid lines (with *) are from
described in section 4 ten times with different random ini- model Figure 1 (a); the dashed lines (with o) are from model
tializations, and Figure 1(a) and (b) are the two best modelsFigure 1 (b); and dash-dot lines with triangles are from the
obtained (with the highest likelihoods). The figure shows hand-crafted model in [17] (Figure 10 in that paper). We
the mean positions of each model part (up to some hori- can conclude from this figure that the automatically learned
zontal and vertical scale factor), which corresponds quite models work quite well.

nicely to the geometrical structure of the human body. The
labels corresponding to each point were obtained by putting
the original data’s labels in correspondence with the results
from the model. In the first model (a), the same vertex rep-
resents both the left and right knee (LK(RK)) (it detected
the left knee 63% of the time and the right knee 37% of
the time). This is due to the fact that, from an orthographic
side view with all points present (i.e., no self-occlusions),
during some parts of the walk cycle it is very difficult to :
distinguish the left and right knee, and so the model has o
accumulated the statistics of both into one point. A simi-
lar situation occurs with the ankles, point LA(RA). Since
except for LK(RK) and LA(RA), each learned model part
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we can quantify the detection and labeling performance in (c) (d)

testing. Figure 2. Detection and labeling results. (a) and (b) are ROC

curves corresponding to models Figure 1 (a) and (b) respectively.
Solid lines: 3 to 8 body parts with 30 background points vs. 30
background points only. The more body body parts present, the bet-
ter the ROC. Dashed line: overall ROC considering all the frames
LE used. The threshold corresponding®p = 1 — Pr4 on this
LH rw curve was used for later experiments. The stars (*') on the solid
curves are corresponding to that threshold. (c) detection rate vs.
number of body parts displayed with regard to the fixed thresh-
old. (d) correct label rate (label-by-label rate) vs. number of body
parts when a person is correctly detected. In (c) and (d), Solid lines
LA RA (with *) are from model Figure 1 (a); dashed lines (with o) are from
@) (b) model Figure 1 (b); and dash-dot lines with triangles are from the
hand-crafted model in [17] (Figure 10 in that paper).

LS RS

Figure 1. Two decomposable triangulated models for Jo-
hansson displays. These models were learned automatically from
unlabeled training data. 'L left; 'R’ right. H:head, N:neck,

S:shoulder, E:elbow, W:wrist, H:hip, K:knee, A:ankle. 5.2 Resultson real imagesequenc&

Figure 2 shows the detection and labeling results by us-  In this experiment we used the same image sequences as
ing the two models in Figure 1. Figure 2 (a) and (b) are ROC in [16]. Figure 3 shows sample frames of the data. There
curves corresponding to Figure 1 (a) and (b) respectively. are three different types of motion: 1: A subject walks from
They were generated by comparing the likelihood of the the left back corner to the right front corner, facing about
model on frames consisting of only 30 random background 60 degrees away from the front view (second row of Fig-
points to frames with 30 background points plus 3 to 8 body ure 3). For this motion, we have about 1000 frames (8 se-
parts present. With 5 or more body parts present, the ROCquences, around 120 frames each) as the training set, and
curve is nearly perfect. The dashed curve is the overall ROCanother 1500 frames (12 sequences) as the testing set. 2:
considering all the frames used (from 3 to 8 body parts). A chair moves from left to right, about 1000 frames (8 se-
The threshold correspondingi®petect = 1 — PraiseAccept guences) in total. 3: While a subject walks, a chair also
on this curve was used for later experiments. The stars ('*') moves as a background moving object (first row of Figure
on the solid curves are corresponding to that threshold. Fig- 3). 2000 frames (16 sequences) were collected for motion
ure 2(c) shows the the detection rate vs. number of body type 3. The candidate features were obtained from a Lucas-
parts displayed with regard to the fixed threshold. Figure 2 Tomasi-Kanade algorithm [18] on two frames.



Figure 3. Sample frames from body and chair moving sequences (first row) and body moving sequences (second row). The dots (either in black
or in white) are the features selected by Lucas-Tomasi-Kanade algorithm on two frames. The white dots are the most human-like configuration found
by the automatically learned model (Figure 4).

For the training sequences we first did background sub- ~ * n= )
traction, then ran L-T-K feature selector/tracker on two o's W o
frames to get training features, because the background ©

had persistent statistics (for example, some points along ™ pha SN @, -
the white board were consistently detected). Background

subtraction was necessary to avoid the unsupervised model o —s

from incorporating such background points with stong "L " ®
statistics. If the scenery of the dataset were more varied, (@) (b)

so that the only detected points with persistent statistics . . .
. . Figure 4. (a) The mean positions and mean velocities (shown

were those on the human body, this background subtraction in arrows) of the composed parts selected by the algorithm. (b)
would not need to be done. The average number of detected the learned decomposable triangulated probabilistic structure. The
training features per frame wa$. Furthermore, since in numbe_rs_ in _brackets show the correspondence of (a) and (b) and
this real image sequence not all body features were present °"® élimination order.

in each frame (due to self-occlusions or simply not being
detected by the L-T-K detector), the algorithm described in

section 4 was extended to handle the case of missing parts the automatically learned model performs better than the

) ‘hand-constructed model in [16]. The automatically learned
We learned an 11-feature model. Figure 4 shows the besty, e is also more efficient since there are only 11 parts in

m_odel obtaine?d after we ran the EM algorithms for 12 tim'e.s. the model (there are 20 parts in the hand-constructed model
Figure 4(a) gives the mean positions and mean velocities;, [16]).

(shown in arrows) of the composed parts selected by the

algorithm. Figure 4(b) shows the learned decomposable tri- . ) )
angulated probabilistic structure. The numbers in brackets 6. Conclusions and Discussions
show the correspondence of (a) and (b) and one elimination

order. We have described a method for learning the structure
The ROC curves in Figure 5 show the detection results. and parameters of a decomposable triangulated graph in an
Detection is based on thresholding the likelihood of the unsupervised fashion from unlabeled data. We have applied
most human-like configuration selected by the model. Solid this method to learn models of biological motion that can be
lines are from the automatically learned model as in Figure used to detect and label reliably biological motion. When
4; dashed lines are the from the model in [16] (dashed linestested on real image sequences, the resulting model can de-
of Figure 7 in that paper). Figure 5(a) shows results of im- tect the presence of biological motion with a significant im-
ages with body and chair vs. images with chair only; and provement in accuracy over methods which rely on hand
curves in Figure 5 (b) are results of images with body only construction of model structure, and the model is also more
vs. images with chair only. From Figure 5, we see that efficient (with less number of composed parts). Our algo-
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Figure 5. ROC curves. (a) Results of images with body and
chair vs. images with chair only. (b) Results of images with body
only vs. images with chair only. Solid line: using the automatically
learned model as in Figure 4; dashed line: using the model in [16] (8]
(dashed lines of Figure 7 in that paper).

(7]

rithm is EM-like. Like any EM method, our method is li- [°]

able to be caught in local maxima. The use of a greedy
algorithm for the maximization step (as well as the simpli-
fying assumption that there is one labeling hypothesis that is [10]
much more likely than the rest) further increases the chance

of running into a local maximum. Nevertheless, from the
experiments we conducted it seems that a very good model[11]
can be found by running the algorithm on the same data ten
times or so with different random initializations. Our algo- [12]
rithm enables the creation of systems that are able to learn [13]
models of human motion completely automatically from

real image sequences. We intend to continue our work by [14]
systematically studying the trade-off between model com-
plexity (number of vertices) and accuracy (we picked 9 for
motion captured data and 11 for grayscale image sequences

in our experiments in this paper), experimenting with differ- [15]
ent types of motions beyond the walking of a single subject,
and developing methods of automatically learning a clas-
sifier of different types of motions from very long image
sequences.

[16]
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