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Abstract

Computer perception of biological motion is key to developing convenient and powerful human-
computer interfaces. Algorithms have been developed for tracking the body; however, initial-
wzation is done by hand. We propose a method for detecting a moving human body and
for labeling its parts automatically in scenes that include extraneous motions and occlusion.
We assume a Johansson display, i.e. that a number of moving features, some representing
the unoccluded body joints and some belonging to the background are supplied in the scene.
Our method is based on mazximizing the joint probability density function (PDF) of the po-
sition and velocity of the body parts. The PDF is estimated from training data. Dynamic
programming is used for calculating efficiently the best global labeling on an approximation
of the PDF. Detection is performed by hypothesis testing on the best labeling found. The
computational cost is on the order of N* where N is the number of features detected.

We explore the performance of our method with experiments carried on a variety of peri-
odic and non-periodic body motions viewed monocularly for a total of approximately 30,000

frames. The algorithm is demonstrated to be accurate and efficient.



1 Introduction

Perceiving the position and the activities of humans (‘biological motion’ in the literature
of human vision) is very useful for human social interactions, and is a most important
technology for developing convenient and effective human-computer interfaces. A striking
demonstration of the capabilities of the human visual system is provided by the experiments
of Johansson [13]. Johansson filmed people acting in total darkness with small light bulbs
fixed to the main joints of their body. A single frame of a Johansson movie is nothing but
a cloud of identical bright dots on a dark field; however, as soon as the movie is animated
one can readily detect, count, segment a number of people in a scene, and even assess their
activity, age and sex [4, 15, 5]. Although such perception is completely effortless, our visual
system is ostensibly solving a hard combinatorial problem (which dot should be assigned to
which body part of which person?).

Perceiving the motion of the human body is difficult. First of all, the human body is richly
articulated — even a simple stick model describing the pose of arms, legs, torso and head
requires more than 20 degrees of freedom. The body moves in 3D which makes the estimation
of these degrees of freedom a challenge in a monocular setting [8, 11]. Image processing is also
a challenge: humans typically wear clothing which may be loose and textured. This makes
it difficult to identify limb boundaries, and even more so to segment the main parts of the
body. Additionally, in the same scene there may be other moving objects: cars, vegetation
waving in the wind and the human body may be partially occluded. In a general setting all
that can be extracted reliably from the images is patches of texture in motion. It is not so
surprising after all that the human visual system has evolved to be so good at perceiving
Johansson’s stimuli.

Perception of biological motion may be divided into two phases: first detection and,
possibly, segmentation; then tracking. Of the two, tracking has recently been object of much

attention and considerable progress has been made [19, 18, 2, 8, 9, 3, 23, 7|. Detection



(given two frames: is there a human, where?), on the contrary, remains an open problem.
In this paper we address the problem of defining and estimating a perceptual model of
biological motion and use it for detecting the human body and labeling it in monocular
image sequences. By ‘labeling” we mean assigning to each region in the image a label that
corresponds to the body part (shoulder, elbow etc) that is imaged in that region. We choose
not to address the issue of detecting and classifying pictorial features that are associated to
the body parts — for the time being this has been sufficiently explored by [12, 20, 25, 26].
Therefore our experimental setup is identical to Johansson’s experiments [17, 10, 6, 14]: we
suppose that a number of markers are attached to the body of an actor. At every frame we
need to attach labels to the observed features (some may be caused by noise; some body parts
may have been missed). Rather than modeling the details of the mechanics of the human
body, we choose to approach biological motion perception as the problem of recognizing a
peculiar spatio-temporal pattern which may be learned perceptually. Therefore we approach
the problem using learning and statistical inference. We observe the subject moving about in
order to estimate a model of his/her stereotypical motions. This model, which we formulate
as the joint probability density function (PDF) of the position and motion of the body, is
used to select the best labeling. In a cluttered scene, if the hypothesis corresponding to the
best labeling exceeds a likelihood threshold, we will say a human is detected.

This paper is organized as follows. In section 2, we deal with the labeling problem
when there is no occlusion, no clutter points. In section 3, we explain how to extend the
algorithm to perform detection and labeling in a cluttered and occluded scene. Section 4
contains a number of experiments characterizing the performance and the failure modes of

our algorithm.



2 The Johansson problem

2.1 Notation and approach

We first consider the problem of labeling a set of observed points when there is no clutter and
no body parts are missing. We call this the Johansson problem’. We choose to characterize
body pose and motion by the joint probability density of the position and velocity of its
parts. Our goal is to interpret monocular image sequences, hence we use part position and
velocity in the image plane (Figure 1). In our Johansson scenario each part appears as a
single dot (marker) in the image plane. Therefore its identity is not revealed by cues other
than its relative position and velocity.

Let Spoay = {LW,LE, LS, H ... RF'} be the set of M body parts, for example, LW is the
left wrist, RF' is the right foot, etc. Correspondingly, let Xy be the vector representing the
position and velocity of the left wrist, Xzr be the vector of the right foot, etc. We model
the pose and motion of the body probabilistically by means of a probability density function
Psyou (Xow, Xi, X1, Xay - oo, Xgr).

Let X = [X},..., Xn] be the vector of measurements (each X;, i = 1,..., N, is a vector
describing position and velocity of point 7). Here we assume that there are no missing body
parts and no clutter, that is, N = M. Let L = [Li,...,Ly] be a vector of labels, where
L; € Spoay is the label of X;. The labeling problem is to find f*, over all possible label vectors

L, such that the posterior probability of the labeling given the observed data is maximized,

that is,

L" = argmaxP(L|X) (1)
Lec

where P(L|X) is the conditional probability of a labeling L given the data X and L is the

set of all possible labelings. Using Bayes’ law:

P(LIX) = P(X|L) = (2)



If we assume that the priors P(L) are equal for different labelings, then,

L' = argmax P(X|L) (3)
LeL

Given a labeling L, each point feature i has a corresponding label L;,. Therefore each
measurement X; corresponding to body labels may also be written as X, i.e. the mea-
surements corresponding to a specific body part associated with label L;. For example if
L; = LW i.e. the label corresponding to the left wrist is assigned to the ith point, then

X, = Xpw is the position and velocity of the left wrist. Then,

P(X|L) = Psyu,(Xow, X1p, X1, Xp, ..., Xgrp) (4)

where Pg, . is the joint probability density function of the position and velocity of all the
M body parts.

Three problems face us at this point: (a) What is the structure for the probability /likelihood
function to be maximized? (b) How do we estimate its parameters? (c¢) How do we address
the combinatorial search problem of finding the optimal labeling? Problems (a) and (c) need
to be addressed together: the structure of the probability density function must be such that
it allows efficient optimization.

A brute force solution to the optimization problem is to search exhaustively among all
M! (assuming no clutter, no missing body parts) possible L’s and find the best one. The
search cost is exponential with respect to M. Assume M = 16, then the number of possible
labelings is larger than 2 x 10'® which is computationally prohibitive.

It is useful to notice that the body is a kinematic chain: for example, the wrist is
connected to the body indirectly via the elbow and the shoulder. One could assume that the
position and the velocity of the wrist are, therefore, independent of the position and velocity

of the rest of the body once the position and velocity of elbow and shoulder are known. This



intuition may be generalized to the whole body: once the position and velocity of a set S of
body parts is known, the behavior of body parts that are separated by S is independent. Of
course this intuition is only an approximation which needs to be validated experimentally.
Our intuition on how to decompose the problem may be expressed in the language of prob-
ability: consider the joint probability density function of 5 random variables P(A, B,C, D, E).
It may be expressed as P(A,B,C,D,E) = P(A,B,C)P(D|A,B,C)P(E|A,B,C,D). If
these random variables are conditionally independent as described in the graph of Figure 3,

then
P(4.B,C, D, E) = P(A, B,C)P(D|B,C)P(E|C. D) (5)

Thus, if the body parts can satisfy the appropriate conditional independence conditions,
we can express the joint probability density of the pose and velocity of all parts as the product
of conditional probability densities of n-tuples. This approximation makes the optimization
step computationally efficient as will be discussed below.

What is the best decomposition for the human body? What is a reasonable size n of
the groups (or cliques) of body parts? We hope to make n as small as possible to min-
imize the cost of the optimization. But as n gets smaller, conditional independence may
not be a reasonable approximation any longer. There is a tradeoff between computational
cost and algorithm performance. In this paper we use models with n = 3 as described in
Figure 2. Optimization on triangulated graphs such as these may be efficiently performed

using Dynamic Programming [1].
2.2 Algorithms

What is needed is an algorithm that will search through all the legal labelings and find the
one that maximizes the global joint probability density function. Notice that this optimum
cannot be obtained by optimizing independently each triplet. By the decomposition in equa-

tion (5), we know that dynamic programming can be used to solve this problem efficiently.



The key condition for using dynamic programming is that the problem exhibits optimal
substructure, namely, if equation (5) holds, then

max4 p.cp.r P(A, B,C,D, E) =maxy g c(P(A, B,C)maxp(P(D|B,C)-maxg P(E|C, D)))

If we take the probability density function as the cost function, a dynamic programming
method similar to that described in [1] can be used, which requires the triangulated body
graph to be decomposable. If all the cliques in a graph are of size three, then the decom-
posable property means that there always exists a free vertex to delete and the remaining
subgraph is again a collection of triangles until only one triangle is left. A vertex is free
when it is only contained in one triangle. Figure 2 shows two decomposable graphs of the
whole body, along with the order of successive elimination of the cliques.

If the decomposed body graph is decomposable and the corresponding conditional inde-

pendence holds, then,

T-1
Ps,.,(Xow, Xrg, X5, X ... Xgr) = thl Paypio(Xa,|XB,, Xe) - Pagror (Xag, Xpp, Xey)
(6)

where "= M — 2 is the total number of triangles; (A;, By, C;), 1 <t < T, are the body parts
associated to the triangle for stage ¢, A, is the vertex to be deleted in stage ¢, and (B;C})
are the two vertices (body parts) connected to A; when A; is deleted.

For each triplet (A, By, C}), we characterize it with a 10-dimensional feature vector

_ T
X = (UAa:, UBz, UCx, VAy, UBy, UCy, PAzy PCx) PAy, pr) (7)

The first three dimensions of x are the x-direction (horizontal) velocity of body parts
(A4, By, Cy), the next three are the velocity in the y-direction (vertical), and the last four
dimensions are the positions of body parts A; and C; relative to B;. Relative positions are
used here so that we can deal with translation invariance. As a first order approximation it
is convenient to assume that x is jointly Gaussian-distributed and therefore its parameters

may be estimated from training data using standard techniques. After the joint probability



density function is computed, the conditional one can be obtained accordingly:

P X ,X ,X
P 511 ) = L0
tLt t9 t

(8)

where Pp,c,(Xp,, Xc,) can be obtained by estimating the joint probability density function

T
of the vector (vgg, Vow, Uy, Voy, Poz, Poy) -

Let
U (X4,, Xp,, X¢,) = —log Pa, e, (X4, | XB,, Xe,), for 1<t <T -1 9)

\Ilt(XAH XBw XCt) = - lOgPATBTCT(XAT7XBT7XCT)7 fO?” t=T (10)

be the cost function associate with each triangle, then the dynamic programming algorithm
can be described as follows:

Stage 1: for every pair (Xp,, X¢,),

Compute W (X4, Xp,,X¢,) for all possible Xy,
Define T7(X4,, Xp,,Xc,) the total cost so far.

Let TI(XA17XBI7XCI) = \III(XAUXBUXCH)

StOI‘e XZI[XBI ’Xcl] = arg minXAl Tl (XA1 ) XBl; XC1)
TI(XAI[XBI,XOI}, Xg,,Xey)



Stage t, 2 <t < T: for every pair (Xp,, X¢,),

Compute W;(X4,, Xp,, X¢,) for all possible X 4,

Compute the total cost so far (till stage t):

— Define T;(X4,, Xp,, X¢,) the total cost so far.

Initialize T,(X4,, Xg,, Xc;) = U(Xa,, Xp,, Xc,)

—If edge (A, B;) is contained in a previous

stage and 7 is the latest such stage, add the cost

T (X5 0, 0m ) Xt X5) (08 To(X5 ey v, X, Xa,) i the
edge was reversed) to T3(X4,, Xp,, Xc,)

— Likewise, add the costs of the latest previous

stages containing respectively edge (A4;, Cy) and edge (By, Cy)

to ﬂ(XAta XB“ XCt)

Store XZt[XBt’XOt] = arg minXAt ﬂ(XAtv XBta XCt)
Tt(XZt[XBt;XCt}’XBt’XCt)

When stage T calculation is complete, TT(XZT[BT,CT}’XBT7XCT) includes the value of
each U;, 1 <t < T, exactly once. Since the ¥,’s are the logs of conditional (and joint)

probabilities, then if equation (6) holds,

Tr(X Ay Br.crp XBr» Xop) = —log Ps,, (Xow, Xpg, Xs, Xu ... Xrr)

Thus picking the pair (X3 , X¢ ) that minimizes T automatically maximizes the joint
probability density function.

The best labeling can now be found tracing back through each stage: the best (X3, X¢, )
determines X7} , then the latest previous stages with edge respectively (X7} _, X5 ), (X4, X¢,),
and/or (Xp_, X¢, ) determine more labels and so forth.

A simple example of this algorithm is shown in Figure 3.

10



The above algorithm is computationally efficient. Assume M is the number of body part
labels and N (N = M for this section) is the number of candidate markers, then the total
number of stages is T = M — 2 and in each stage the computation cost is O(N3). Thus, the
complexity of the whole algorithm is on the order of M * N3. In our implementation, the
computational cost is further reduced by enforcing the relative position constraint: if two
candidate markers of a triplet are too far way from each other, its cost will not be evaluated.
Since we want to get the labeling with the highest probability, and the probabilities of the

triplets with too large relative positions are very small, it’s unnecessary to compute them.

3 Generalized Johansson problem: clutter and partial
occlusion

In the previous section we dealt with the ideal case where all the body parts are present
and no clutter points. But in reality, due to other moving patterns in the scene or the noisy
output of feature detector/selector, there are often clutter points being detected. Due to
occlusion, some body parts cannot be observed. In this section, we extend the algorithm to
handle occlusion and clutter points. We call this 'generalized Johansson problem’.

It can be formulated as follows: given the positions and velocities of many points in an
image plane (Figure 4 (a)), we want to find the most likely human configuration and decide
whether it is a human body (Figure 4 (b) and (c)). In practice, the set of dots and associated
velocities can be obtained from a low-level motion detector/feature tracker applied to the
entire image [21]. In the following, we first address the labeling problem, i.e. how to find

the most human-like configuration given a set of features.

3.1 Notation and description of the problem

Similar to section 2.1, the labeling problem can be described as follows. Suppose that we

observe N points (as in Figure 4(a), where N = 38). We assign an arbitrary index to each

11



point. Then:

i € 1,...,N Index (11)
X = [Xy,..., Xy Vector of measurements (12)
L = [Ly,...,Ly] Vector of labels (13)
Li € SpuyU{BG} Possible values for each label (14)

Since there exist clutter points that do not belong to the body, the background label
BG is added to the label set. Due to clutter and occlusion N is not necessarily equal to M

(which is the size of Syoqy). If we assume that the priors P(L) are equal, then as in equation

(3), we want to find

L = argmax P(X|L)
Lec

Note that the equal priors assumption is only an approximation. For instance, if we
have some prior knowledge on the number of background (clutter) points, P(L) can be more
precisely estimated. In [24], the number of clutter points is modeled with a Poisson distri-
bution. However, it is hard to include this kind of global term in the dynamic programming
algorithm as described in section 2.2. Hence we use the simplified equal priors assumption
and validate it in experiments.

Let Zbody denote the set of body parts appearing in L, Ybody be the vector of measurements

labeled as body parts, and ng be the vector of measurements labeled as background (BG).

More formally, we group the measurements X in two vectors Ybody and ng,

Zbody == {Li;izl,...,N}ﬂSbody

Ybody = [XZ'I, ceey XZK] SLICh that {Lil, ceey LzK} = Zbody
ng = [le, NN 7XjN—K] such that le == LjN—K = BG (15)

where K is the number of points described in Xp,q, (i-e. the size of Lyq,) and N — K is the

number of points in ng, i.e. the number of background points.
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If we assume that the position and velocity of the visible body parts is independent of

position and velocity of clutter points, then,
P(X[L) = Pp,, (Xooay) - Pog(Xsg) (16)

where szody (Xpody) is the marginalized probability density function of Ps,, 4, (as in equation
(4)) according to Ly, If independent uniform background noise is assumed, Py, (X,) =
(1/S)N"E where N — K is the number of background points, and S is the volume of the
space the position and velocity of a background point lies in. In the following sections, we

will address the issues of estimating szody (Ybody) and further find the I~ with the highest

likelihood.

3.2 Approximation of foreground probability density function

If no body part is missing, we can use equation (6) to get an approximation of the foreground

probability density Pz  (Xpoq,). By the decomposable graph in Figure 2(a),

‘C'body

Pz, . (Xboay)

= Psbody(XLW7XLE7XLS,XH...XRF)

= PLW\LE,LS(XLW|XLE7 XLS) ' PLE|LS,LH(XLE| .- ) et PLA,LF,RF(XLA7 XLF; XRF)

T—1
fd Ht:l Pt(XAt|XBt7XC’t) . PT(XATaXBTaXC’T) (17)

Where T is the number of triangles in the decomposed graph in Figure 2(a), ¢ is the triangle
index, and A, is the first body part associated to triangle t etc.

If some body parts are missing, then the foreground probability density function is the
marginalized version of the above equation — marginalization over the missing body parts.
Marginalization should be performed so that it is a good approximation of the true marginal
probability density function and allows efficient computation such as dynamic programming
as well. We propose that doing the marginalization term by term (triangle by triangle)

of equation (17) and then multiplying them together is a reasonable way to get such an
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approximation. The idea can be illustrated by a simple example as in equation (5) and Figure
3. For the graph in Figure 3, if A is missing, then the marginalized PDF is P(B,C, D, E).

If the conditional independence as in equation (5) can hold, then,

In the case of D missing, the marginalized PDF is P(A, B,C,E). If we assume that E
is conditionally independent of A and B given C, which is a more demanding conditional

independence requirement than that of equation (5), then,

P(A,B,C,E) = P(A,B,C)-1- P(E|C) (19)

Each term on the right hand sides of equations (18) and (19) is the marginalized version of
its corresponding term in equation (5). Similarly, if some stronger conditional independence
can hold, we can obtain an approximation of szody (X pody) by performing the marginalization
term by term of equation (17). For example, considering triangle (A;, By, Cy), 1 <t < T—1, if
all of Ay, B; and C are present, then the tth term of equation (17) is Pa,p,,c,(Xa,| X5,, Xc,);
if A; is missing, the marginalized version of it is 1; if A; and C, are observed, but B, is missing,
it becomes Py, (X 4,/ Xcy); if Ay exists but both B, and Cy missing, it is P4, (X4,). For
the T'th triangle, if some body part(s) are missing, then the corresponding marginalized
version of Pr is used. The foreground probability szody (Ybody) can be approximated by
the product of the above (conditional) probability densities. Note that if too many body
parts are missing, the conditional independence assumptions of the graphical model may
no longer hold; it is reasonable to assume that the wrist is conditionally independent of
the rest of the body given the shoulder and elbow, but if both shoulder and elbow are
missing, this is no longer true. All the above (conditional) probability densities can be
estimated from the training data. For instance, Py, g, c,(Xa,|X5,, X¢,) can be obtained via
Py, B.c,(Xa,, X5, X¢,) and Pp, ¢, (Xp,, X¢,) as in section 2.2, equation (8) and similarly
Pa,c,(X4,|X¢,) can be computed through Py, ¢, (X4,, X¢,) and P, (Xe,).

14



3.3 Comparison of two labelings and cost functions for dynamic
programming
The best labeling (f*) can be found by comparing all the possible labelings. To compare

two labelings I' and fz, if we can assume the priors P(fl) and P(ZQ) are equal, then by

equations (2) and (16),
P(L'[X) P(X|L
2 -

P(L7|X) P(X|L

 Pa (Ki) - Pu(Xy)

Py (Koay) - Py(X)

B Pfiody (Ybody) - (1/8)N—F

P (Npy) - (1)

Py (K - (1/8)M75 )
P (Kp) - (1/8)M5

where Zzody and Zzody are the sets of observed body parts for L' and I° respectively, K,

and K, are the sizes of Zzody and Ziody, and M is the total number of body parts (M = 16

here). P (Yzody), i = 1,2, can be approximated as in section 3.2. From equation (20),
Y

Lyod
the best labeling L is the L which can maximize P, (Xpoqy) - (1/S)M =%, This formulation

dy
makes both search by dynamic programming and detection in different frames (possibly with
different numbers of candidate features V) easy, as will be explained below.

At each stage of the dynamic programming algorithm described in section 2.2, the local
optima are stored according to the total cost so far T;(X4,, Xp,, X¢,), which is the sum
of the local cost of the current triangle W,(X4,, X5,, X¢,) and the costs of all the trian-
gles on the path of the deletion of the current triangle. This requires that the local cost
function W, (Xy4,, Xp,, X¢,) should be comparable for different labelings: whether there are
missing part(s) or not. Therefore we cannot only use the terms of Pryos (X boay), because,

for example, as we discussed in the previous subsection, the tth term of szody (Ybody) is

Pa,B.,c,(Xa,|XB,Xc,) when all the three parts are present and it is 1 when A, is miss-

15



ing. It is unfair to compare Py, p,c,(Xa,|XB,, X¢,) with 1 directly. At this point, it is
useful to notice that in Pz, (Xpoay) - (1/S) 7, for each unobserved (missing) body part
(M — K in total), there is a 1/S term. 1/S (S is the volume of the space the position and
velocity of a background point lies in) can be a reasonable local cost for a triangle with
missing vertex A; (the vertex to be deleted) because then for the same stage, the dimen-
sion of the domain of the local cost function is the same. Also, 1/S can be thought of
as a threshold of Py, p,c,(X4,|X5,, X¢,), namely, if Pa, p,c,(Xa,|X5,, X¢,) is smaller than
1/S, then the hypothesis that A; is missing will win. Therefore, the local cost function
(exp(—V¢(Xa,, XB,, X¢,))) for the tth (1 < ¢t < T — 1) triangle can be approximated as
follows:
- if all the three body parts observed, it is Pa, g, c,(X4,|XB,, Xc,);
- if A; is missing or two or three of A;, By, C; are missing, it is 1/}
- if By or C is missing and the other two body parts observed, it is Py, c,(X4,|X¢,) or
Pa,B,(X4,|XB,).
The same idea can be applied to the last triangle 7. These approximations are to be validated
in experiments. Notice that when two body parts in a triangle are missing, only velocity
information for the third body part is available since we use relative positions. The velocity
of a point alone doesn’t have much information, so for two parts missing, we use the same
cost function as the case of three body parts missing.

The approximation of the local cost functions described above can be illustrated by a
simple example of Figure 3 (with M = 5). We want to compare a labeling L' with all five
vertices (A, B,C, D, F) present and another labeling I’ with D missing. By equations (5),

(19) and (20), we need to compute,
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P(A,B,C,D,E)
P(A,B,C,E)-(1/8)
P(A,B,C) - P(D|B,C) - P(E|C, D)
P(A,B,C)-1-P(E|C) - (1/S)
P(A,B,C) P(D|B,C) P(E|C,D)

T P(A,B,C)  (1/S)  P(E|0) (21)

The last line of equation (21) gives the local cost for each triangle.

With the local cost functions defined above, dynamic programming can be used to find
the labeling with the highest Pz, (Xpo4,) - (1/S)" . The computational complexity is on
the order of M x N3.

3.4 Detection

Given a hypothetical labeling L, the higher P(X|L) is, the more likely it is that the as-
sociated configuration of features represents a person. The labeling L with the highest
szody

candidate labelings. Note that since the dimension of the domain of P, (Xpody)-(1/S)M-K

(Xpoay) - (1/S)M K provides us with the most human-like configuration out of all the

is fixed regardless of the number of candidate features and the number of missing body parts
in the labeling L, we can directly compare the likelihoods of different hypotheses, even
hypotheses from different images.

In order to perform detection we first get the most likely labeling, then compare the
likelihood of this labeling to a threshold. If the likelihood is higher than the threshold, then
we will declare that a person is present. This threshold needs to be set based on experiments,

to ensure the best trade-off between false acceptance and false rejection errors.

3.5 Integrating temporal information

So far, we have only assumed that we may use information from two consecutive frames,
from which we obtain position and velocity of a number of features. In this section we

extend our previous results to the case where multiple frames are available. However, in
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order to maintain generality we will assume that tracking across more than two frames is
impossible and therefore that the measurements from one pair of frames to the next are
uncorrelated. This is a simplified model of the situation where, due to extreme body motion
or to loose and textured clothing and occlusion, tracking is extremely unreliable and each
feature’s lifetime is short. Neri et al. [16] used similar assumption when conducting their
psychophysical investigation of biological motion perception in the human visual system.
Let P(O|X) denote the probability of the existence of a person given X observed. From

equation (20) and the previous subsection, we use the approximation: P(O|X) is propor-

tional to T(X|L") defined as I'(X|L") o maxge, Pz, (Xpoay) - (1/S)MK where T is the
best labeling found from X. Now if we have n observations X1, Xo, ..., X,, then the decision
depends on:

PO[X1, %o, ...,

Xn)
P(X1,Xs,...,X4|0) - P(O)
P(X1,Xq,...,X,)
P(X1|0)P(X,|0). .. P(X,|O

P(Yl,YQ,...,_)

)- P(O)

(22)

The last line of the above equation holds if we assume that X, X,, ..., X, are independent
observations. Assuming the priors are equal, P(O|X,X5,...,X,) can be represented by
P(X,|0)P(X;|0) ... P(X,|0), which is proportional to [/, T'(X;|L;). Each T'(X;|L;) can
be evaluated as in previous subsections. If we set up a threshold for [, ['(X;|L;), then we

can do detection given X, Xo, ..., Xp.

3.6 Counting

Counting how many people are in the scene is also an important task since images often
have multiple people in them. By the method described above, we can first get the best
configuration to see if it could be a person. If so, all the points belonging to the person

are deleted and the next best labeling can then be found from the remaining points. We
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can keep doing this until the likelihood of the best configuration is smaller than a threshold.
Then the number of configurations with likelihood greater than the threshold is the number
of people in the scene.

Assume M is the number of body labels, N is the number of candidate markers, and P
is the number of people in the scene. By section 2.2, the cost of detecting the first person
is on the order of M x N3, the cost for the second person is of M * (N — m;)3, where my,
(my; < M), is the number of body parts present in the first person, and so on. Therefore,

the total cost of counting P individuals is of P x M x N?3.

4 Experiments

We did experiments on data obtained filming a subject moving freely in 3D; 16 light bulbs
were strapped to the main joints of the subject’s body. In order to obtain ground-truth the
data were first acquired, reconstructed and labeled in 3D using a 4-camera motion capture
system operating at a rate of 60 samples/sec. Since our goal is to detect and label the body
directly in the camera image plane, a generic camera view was simulated by orthographic
projection of the 3D marker coordinates. In the following sections we will control the camera
view with the azimuth viewing angle: a value of 0 degrees will correspond to a right-side
view, a value of 90 to a frontal view of the subject. Six sequences were acquired each
around 2 minutes long. In the next sections they will be referred as follows: Sequences
W1 (7000 frames), W2 (7000 frames): relaxed walking forward and backwards along almost
straight paths (with +20 degree deviations in heading); W3 and W4 (6000 frames each):
relaxed walking, with the subject turning around now and then (Figure 5(a) shows sample
frames from W3); Sequence HW (5210 frames): walking in a happy mood, moving the head,
arms, hips more actively (Figure 5(b)); Sequence DA (3497 frames): dancing and jumping
(Figure 5(c)), with the subject moving his legs and arms freely and much faster than in
the previous four sequences. Given that the data were acquired from the same subject and

that orthographic projection was used to simulate a camera view, our data were already
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normalized in scale. The velocity of each candidate marker was obtained by subtracting the
positions in two consecutive frames. Thus, to get velocity information, we assumed that
features could be tracked for two frames but we didn’t use any feature correspondence over
more than two frames, which is arguably the most difficult conditions under which to perform

labeling and detection, as mentioned in section 3.5.

4.1 Labeling

We first explored the labeling performance of the algorithm described in section 2 on frames
with all the body parts detected and no clutter points. Among the sequences, walking
sequences W1 and W2 are the relatively simple ones, so W1 and W2 were first used to test
the validity of the Gaussian probabilistic model and the performance of two possible body
decompositions (Figure 2). Since the heading direction of W1 and W2 was roughly along a
line, these sequences were also used to study the performance as a function of viewing angle.
Then experiments were conducted using W3, HW and DA to see how the model worked for

more active and non-periodic motions.
4.1.1 Detection of individual triangles

In this section, the performance of the Gaussian probabilistic model for individual triangles
is examined. In the training phase, the joint Gaussian parameters (mean and covariance)
for each triangle in Figure 2 were estimated from walking sequence W1 (viewed with a
45 degrees viewing angle). In the test phase, for each frame in W2 (also viewed of 45
degrees), each triangle probability was evaluated for all possible combinations of markers
(16 x 15 x 14 different combinations). Ideally, the correct combination of markers should
produce the highest probability for each respective triangle. Otherwise, an error occured.
Figure 6(a) shows how well each triangle’s joint probability model detects the correct set
of markers. Figure 6(b) shows a similar result for the conditional probability densities of

triangles, where for each triangle conditional probability density P, p.c,(Xa,|X5,, Xc,), We

20



computed P, p,c,(Xa,|XBp,, X¢,) for all the possible choices of A; (14 choices), given the
correct choice of markers for B; and (. Figure 6 shows that the Gaussian model is very
good for most triangles (in the joint case, if a triangle is chosen randomly, then the chance
of getting the correct one is 3 x 10~% and the probability models do much better than that).

It is not surprising that the performance of some triplets is much worse than others.
The worst triangles in Figure 6(a) are those with left and right knees, which makes sense
because the two knees are so close in some frames that it is even hard for human eyes to
distinguish between them. Therefore, it is also hard for the probability model to make the
correct choice.

Further investigation of the behavior of the triangle probabilities revealed that, for frames
in which the correct choice of markers did not maximize a triangle probability, that prob-
ability was nevertheless quite close to the maximal value. Figure 7 shows the ratio of the
probabilities of the correct choice over the maximizing choice for the two worst behaving
triangles, over the set of frames where the errors occured. Figure7(a) shows the ratio of the
joint probability distribution for triangle 10 (consisting of right hip, left knee, and right knee,
as in figure 2(a)). Figure 7(b) shows the ratio of the conditional probability distribution for
triangle 17 ( head, neck, and left shoulder). Although these two triangles had the highest
error rates, the correct marker combination was always very close to being the highest rank-
ing, always less than a factor of 1.006 away. This is a good indication that the individual

triangle probability models encode the distribution quite well.
4.1.2 Performance of different body graphs

We did experiments on the two decompositions in Figure 2. The training sequence W1 and
the test sequence W2 were under the same viewing angle: 45 degrees, which is between
the side view and the front view. Table 1 shows the results. The frame-by-frame error is
the percentage of frames in which errors occurred, and label-by-label error is the percentage

of markers wrongly labeled out of all the markers in all the testing frames. Label-by-label
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error is smaller than frame-by-frame error because an error in a frame does not mean all the

markers are wrongly labeled.

decomposition model | (a) (b)
frame-by-frame error | 0.27% | 13.13%
label-by-label error | 0.06% | 1.61%

Table 1: Error rates using the models in Figure 2

The performance of the algorithm using the decomposition of Figure 2(a) is almost perfect
and much better than that of (b), which is consistent with our expectation (by Figure 6, the
local performance of decomposition Figure 2(a) is better than that of Figure 2(b)). We used

the better model in the rest of the experiments.
4.1.3 Viewpoint invariance

In the previous sections the viewing angle for training and for testing was the same. Here
we explore the behavior of the method when the testing viewing angle is different from that
used during training. Figure 8 shows the results of three such experiments where walking
sequence W1 was used as the training set and W2 as the test set .

The solid line in Figure 8(a) shows the percentage of frames labeled correctly when the
training was done at a viewing angle of 90 degrees (subject facing the camera) and the
testing viewing angle was varied from 0 degrees (right side view) to 180 degrees (left side
view) in increments of 10 degrees. When the viewing angle was between 60 to 120 degrees
almost all frames were labeled correctly, thus showing that the probabilistic model learned
at 90 degrees is insensitive to changes in viewpoint by up to 30 degrees.

The solid line in Figure 8(b) shows the results of a similar experiment where the training
viewpoint was at 0 degrees (right side view) and the testing angle was varied from —90
degrees (back view) to 90 degrees (front view) in 10 degree increments. A noticeable dip in
the performance centered around 0 degrees is visible in the plot. Inspection of the errors

which occurred at these viewing angles revealed that they consisted solely of confusions
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between homologous left-right leg parts; i.e., the two hips were sometimes confused, as were
the knees, the ankles, and the feet. Considering that an orthographic projection of the 3-D
data was used to create the 2-D views, this result is not surprising; given an orthographic
side view of a person walking (with no self-occlusions) a person viewing the motion is unable
to distinguish the left and right sides of the body. Thus, modulo this left-right ambiguity,
the model learned at 0 degrees viewing angle is insensitive to changes in viewpoint of up to
50 degrees.

The dashed line in Figure 8(a) shows the results of an experiment of trying to increase
the invariance of the probabilistic model with respect to changes in viewpoint. The same
3-D training sequence was used to generate three 2-D data sequences with viewing angles
at 30, 90, and 150 degrees. The three 2-D sequences were combined, and used all together
to learn the probability density functions of the graph triangles. As shown in the plot, this
procedure does in fact improve the labeling accuracy. At 0 degrees, the only errors were the
above mentioned left-right ambiguity within the legs. Between 10 and 60 degrees, besides
left-right errors, also the feet and ankles were confused. From 120 to 180 degrees, the errors

once again consisted solely of swapped left and right body parts.
4.1.4 Performance with different motions

The previous sections show that for simple motions very good results can be achieved using
the probabilistic model. Here we want to investigate how the method works for more general
sets of motions. We did experiments on walking sequence W3, happy walking sequence HW
and dancing sequence DA. Each sequence was divided into four segments for a total of twelve
segments. To test a segment, frames from all the other eleven segments were used as the
training set. The error rates for different sequences are obtained by averaging the results of

the corresponding segments.

Table 2 shows the error rates for different sequences. The first column is the average

result for all the three sequences, and the next three columns show the error rates for
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test set ALL W3 HW DA
frame-by-frame error | 6.81% | 3.02% | 4.49% | 15.95%
label-by-label error | 0.69% | 0.38% | 0.50% | 1.45%

Table 2: Error rates for different sequences. ALL: average over all three sequences; W3:walking
sequence; HW: walking in happy mood; DA: dancing sequence

walking sequence W3, happy walking sequence HW and dancing sequence DA respectively.
The results for walking sequence W3 and happy walking sequence HW are very good, with
frame-by-frame error less than 5% and label-by-label error no more than 0.5%. It is not
surprising that the error rates of dancing sequence are higher than the walking sequences
because the motions in the dancing sequence are more random and agitated and therefore
harder to model. Another possible reason is that the dancing sequence is shorter than the
other sequences, so the motion of dancing has relatively less weight in the training set.
Figure 9 shows the error rate of each individual body part for each of the sequences.
Notice that most errors occur at the left and right wrist (LW and RW) in the dancing
sequence. This is because in the dancing sequence the wrists are very close to hips in some
frames, and the program mistook the hip markers as being the wrists. The reason why the
program wouldn’t mistake wrist markers as hips is that hips have better motion constraints
than wrists. In our decomposed body graph Figure 2(a), both left and right hip (LH and

RH) appear in five triangles, but the wrists (LW and RW) are only in one triangle each.

4.2 Detection - clutter and partial occlusion

In this section we show the results of using the algorithm described in section 3 when there
are clutter points and/or occlusions in the scene. We perform experiments to analyze the
detection rate as a function of the number of visible body parts, with and without integration
of temporal information. We also test the system with different types of clutter statistics,

and analyze the performance of estimating the number of people in the scene.
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4.2.1 Detection

In this experiment, we test how well our method can distinguish whether or not a person
is present in the scene (Figure 4). To do so, we present the algorithm with two types of
inputs (presented randomly in equal proportions); in one case only clutter (background)
points are present, in the other a pre-determined number of randomly selected body parts
in the set of test data are superimposed on some clutter. If there are body parts in the
scene and the program thinks there is person, the person is correctly detected. If there are
only background points in the scene but the program thinks there is person, a false alarm
happens. We measure the frequency of correct detections and false alarms, and build receiver
operating characteristics (ROC) curves for our detector.

We want to test the detection performance when only part of the whole body (with 16
body parts in total) can be seen. We generated the signal points (body parts) in a frame
in the following way: for a fixed number of signal points, we randomly selected which body
parts to be used for each frame (actually pair of frames, since consecutive frames are used
to estimate the velocity of each body part). So in principle, each body part has an equal
chance to be represented, and as far as the decomposed body graph is concerned, all kinds
of graph structures (with different body parts missing) can be tested.

The positions and velocities of clutter (background) points were independently generated
from uniform distributions of their corresponding ranges. For positions, we used the leftmost
and rightmost positions of the whole sequence as its horizontal range, and highest and lowest
body part positions as its vertical range. For velocities, the possible range is inside a circle of
the velocity space (horizontal and vertical velocities) with radius of the maximum magnitude
of the velocities from the real sequences. Figure 4 (a) shows a frame with 8 body parts and
30 added background points with arrows representing velocities.

Figure 10 shows the experimental results on walking sequences (sequences W3 and W4,

sequence W3 was used for the training and W4 for testing). The six solid curves of Figure
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10 (a) shows the receiver operating characteristics (ROCs) of 3 to 8 signal points with 30
added background points vs. 30 background points. The bigger the number of signal points
observed, the better the ROC is. With 30 background points, when the number of signal
points is more than 8, the ROCs are almost perfect.

In practice, when using the detector, some detection threshold needs to be set; if the
likelihood of the best labeling of the scene exceeds the threshold, a person is deemed to
be present. Since the number of body parts is unknown before detection, we need to fix
a threshold that is independent of (and robust with respect to) the number of body parts
present in the scene. The dashed line in Figure 10 (a) shows the overall ROC of all the
frames used for the six ROC curves in solid lines. We took the threshold when Py =
1 — Pfaise—alarm On that curve as our threshold. The star ("*’) point on each solid curve
shows the point corresponding to the threshold. Figure 10 (b) shows the relation between
detection rate and the number of body parts displayed with regard to the fixed threshold.
The corresponding false alarm rate is 12.97%. From Figure 10 we can see that even when
only three body parts are present in the scene, the detection performance is much better
than the chance level.

When the algorithm can correctly detect whether a person is there, it doesn’t necessarily
mean that all the body parts are correctly labeled. So we also studied the correct label rate
(label-by-label rate) when a person is correctly detected. An error happens when a body part
is assigned a wrong candidate feature. Figure 10 (c) shows the result. While the detection
rate keeps constant (almost 1) with 8 or more body parts visible, the correct label rate goes
up as the number of body parts increases. The correct label rates here are smaller than the
results in section 4.1 since we have less signal points but many more background points. If
the average number of features detected is N, (/V is more than 30 in this experiment), the
chance level of a body part being assigned a correct candidate feature by random selection is
1/(N+1) (with one more background point). The correct rate here is much higher than that,

more than 50% with only 3 body parts (almost 20 times above chance level) and exceeding
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90% when 12 out of the 16 body parts are present.
4.2.2 Using temporal information

Here we tested how the detection rate improved by integrating information over time, using
the approach described in section 3.5. We used the data of 5 signal points and 30 background
points in each frame to test the performance of using information from multiple frames (the
body parts present in each frame were chosen randomly and independently). Figure 11 (a)
shows ROC curves of using n (n = 1,...8) frames. The bigger n is, the better the ROC
curve is. When n > 5, the ROCs are almost perfect and overlapped with the axes. If ©
is the likelihood threshold of Pyeteect = 1 — Praise—alarm When only one frame is used, then
the threshold of Pyetect = 1 — Ppaise—atarm for using n frames is ©". Figure 11 (b) plots the
detection rate (with Piesect = 1 — Pfaise—atarm) VS. the number of frames integrated. From the
plots, we see that the results get better with more frames used, and even with only 5 body
parts present it is possible to get completely accurate detection after combining information

from only 6 frames.
4.2.3 Biological Clutter

We also tested our method by using biological clutter, which means, the background points
were generated by independently drawing points (with position and velocity) of randomly
chosen frames and body parts from the walking sequence. Figure 12 shows the results. Eight
solid curves in Figure 12(a) are ROCs for 3 to 10 body parts and 30 background points. The
dashed line is the overall ROC for all the frames used. We choose the threshold on that
curve when Ppyereet = 1 — Ppaise—alarm and get the detection rates (shown by stars in 12(a)),
with false alarm rate 24.19%. The solid line (with stars) in 12(b) shows the relation between
the detection rate and the number of signal points. Comparing Figure 10 and Figure 12(a),
we can see that the performance is better in Figure 10, which means that the detection task
is easier if the background points are generated in the previous way. This is consistent with

our intuition since biological clutter has the same single point statistics as the signal points.
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We also did experiments with less number of background points. The dashed line (with
triangles) in Figure 12 is the detection rate vs. the number of signal points with 20 added
background points. The false alarm rate is 19.45%. The result of 20 background points is

better than that of 30 background points. Less background points make the task easier.
4.2.4 Counting Experiments

The counting task is to find how many people are in a scene given a number of observed points
(with position and velocity). A person was generated by randomly choosing a frame from
the sequence, and several frames (persons) can be superimposed together into one image. In
one image, the position of each person was randomly selected, but made sure not to overlap
with each other. The background points were generated in a similar way to section 4.2.1,
but with the positions of the background points uniformly distributed on a window which is
three times as wide as the window in Figure 4 (a). Figure 13 gives an example of images used
in this experiment, with three persons (six body parts each) and sixty background points.
We did experiments on up to three persons in one image. We used the threshold from
Figure 10. If the likelihood of the configuration found was above the threshold, then it
was counted as a person. If the number of detected people provided by the algorithm was
different (either more or less) from the ground truth, an error happened. The curves in
Figure 14 show the correct rate vs. the number of signal points (body parts displayed) for
each person. To compare the results conveniently, we used the same number of body parts
for different persons in one image (but the parts appearing were randomly chosen). The
solid line with stars is the result of one person in an image, the dashed line with circles is
for two persons, and the dash-dot line with triangles is for three persons. If there was no
person in the image, the correct rate is 95%. From Figure 14, we see that the result for less
people in an image is better than that of more people, especially when the number of body
parts present is small. We can explain it as follows. If the probability of counting one person

correctly is P, then the probability of counting n people correctly is P" if the detection of
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different people is independent. For example, in the case of four body parts, for one person
the correct rate is 0.6, then the correct rate for counting three person is 0.6 = 0.216. But
since we randomly chose the position of each person, body parts from different persons may
be very close, so the independence couldn’t be strictly held. Furthermore, the assumption of
independence is also violated since once a person is detected the corresponding body parts

are removed from the scene in order to detect subsequent people.
4.2.5 Experiments on dancing sequence

In this section, we performed detection experiments on the dancing sequence DA (the first
half was used for training and the second half for testing). The seven solid curves of Figure
15 (a) are the ROC curves of 4 to 10 signal points with 30 added background points. The
signal points are from the dancing sequence and the background points were generated the
same way as in Section 4.2.1. In Figure 15 (a), the bigger the number of signal points
observed, the better the ROC is. The dashed line in Figure 15 (a) shows the overall ROC
of all the frames used for the seven ROC curves in solid line. We took the threshold when
Pyetect = 1 — Ppaiseatarm on that curve as our threshold and get the plot of detection rate vs.
the number of signal points in Figure 15 (b). The false alarm rate is 14.67%. With more
than 9 (out of 16) body parts present, the detection rate is almost 1. Comparing with the
results in Figure 10, we can see that more body parts must be observed during the dancing
sequence to achieve the same detection rate as with the walking sequences, which is expected
since the motion of dancing sequences is more active and harder to model. Nevertheless, the

ROC curve with 10 out 16 body parts present is nearly perfect.

5 Conclusions and future work

We have built a probabilistic perceptual model of biological motion. The labeling problem
is solved by finding the set of labels which maximizes the likelihood of the observed data.

The detection problem is solved by comparing this maximum likelihood to a threshold. The
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model has a Markov-like structure, therefore dynamic programming may be used to find
efficiently the globally optimal solution.

The method was tested on several types of motions and has an overall label-by-label
error rate of 0.7% (with all body parts present). It detects biological motion reliably even
when large portions of the body are occluded and when clutter is present. 2-frame detection
rate is better than 90% when 6 out of 16 body parts are seen within 30 clutter points (see
Figure 10). When the number of frames considered exceeds 5 then performance quickly
reaches 100% correct (see Figure 11). Note that this is a lower bound on performance, as we
assumed short feature lifetime and did not make use of time correlation in feature position
and velocity. This means that even in high-noise conditions detection is almost flawless in
100ms or so, a figure comparable to the alleged performance of the human visual system.
Moreover, our algorithm is computationally efficient, taking approximately 1 second in our
Matlab implementation on a regular Pentium II 450 MHz computer, which gives significant
hope for a real-time C implementation on the same computer.

The next step in our work is clearly the application of our system to real image sequences,
rather than Johansson displays. We anticipate using a simple feature/patch detector and
tracker in order to provide the position-velocity measurements that are input in our system.
Since our system can work with features that have a short life-span (in the limit 2-frame)
this should be feasible without modifying the overall approach. A first set of experiments is
described in [21], where features tracked by a Lucas-Tomasi-Kanade tracker [22] are used
instead of the Johansson dots. The results are encouraging in that performance is comparable
to the experiments conducted in this paper, even when training and testing were performed
on different subjects. However, those results are only preliminary since they refer to only
one type of motion (walking) imaged under one viewpoint.

Note that the body parts often appear/disappear in groups (for example a whole arm/leg
may be occluded by the body). This correlation may be embedded in the model. Other

extensions include training on a larger set of motions, using different probability density
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functions that are more sophisticated than the Gaussian, dealing with different scales and

extending viewpoint invariance to 360°.
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Figure 1: The labeling problem (without clutter and missing points): Given the position and
velocity of body parts in the image plane (a), we use a probabilistic model to assign the correct labels to

the body parts (b). 'L’ and 'R’ in label names indicate left and right. H:head, N:neck, S:shoulder, E:elbow,
W:wrist, H:hip, K:knee, A:ankle and F:foot.
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Figure 2: Two decompositions of the human body into triangles. ’L’ and 'R’ in label names
indicate left and right. H:head, N:neck, S:shoulder, E:elbow, W:wrist, H:hip, K:knee, A:ankle and F:foot.
The numbers inside triangles give the index of triangles used in the experiments. In (a) they are also the
order in which the vertices are deleted. In (b) the numbers in brackets show the order.
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B Markers

D Graph

Stage 1: for all valid choices of markers for C' and D (C=1..5, D=1..5,C # D)
for all valid choices of markers for E, (E=1..5, E # C, E # D)

compute ¥(E,C, D)

Store Eiop) E¢ py is best choice of E
Ui(Efep), C. D) for each choice of C' and D

Stage 2: for all valid choices of B and C'
for all valid choices of D

compute ¥y (D, B, C)
let T3(D, B, C) = Ws(D, B,C) + U(Ej, , C. D)

D7y
Store 18,01
' { T,(Djg ;. B, C)

Stage 3: for all valid choices of A and B
for all valid choices of C'

compute W3(C, A, B)

let Ty(C, A, B) = Us(C. A, B) + To(Diy o, B.C)
=U3(C. A B) + ¥y(Dfg ¢, B,C) + ‘1’1(Efﬁ',n[L,_C]]a C, Dig )
= —log(p(4, B, C)) — log(p(Dip,c1| B, C)) — log(p(Ejc,p-. 1 C, Dipcy))
= —log(p(4,B,C, DEB,(,' ' E["L’,D" ]))

B.C]

\Diy )

Thus chosing A,B, and C that minimizes Tj finds the solution which
maximizes the joint probability of the entire graph.

Figure 3: An example of dynamic programming algorithm applied to a simple graph
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(a) (b) (c)

Figure 4: Detection and labeling under the conditions of clutter and occlusion: Given the
position and velocity of dots in an image plane (a), we want to find the most possible human configuration:
filled dots in (b) are body parts and circles are background points. Detection is done according to the
likelihood of this best configuration. Arrows in (a) and (b) show the velocities. (c) is the full configuration
of the body. Filled (blackened) dots representing those present in (b), and the "*’s are actually missing (not
available to the program). The body part label names are the same as in Figure 1.
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Figure 5: Sample frames for the (a) walking sequence W3; (b) happy walking sequence HW; (c) dancing
sequence DA. The numbers on the horizontal axes are the frame numbers.

12
70r 1

) ‘010 o

0 + o | g

) )

GCJSO* B GC) 8r 1

O ) (o)

S S

) )

O A0r E o

= £ 1

030/ ° Y

- - 47 |

920 + ++ OO o

5 + ° 5

@10l + + O o | o 2 )

° o

+ +++++ . . Y. N..Ya Y. W . \r\c +++++++++++++nm n\r\mo\r\\n\r\f
2 4 6 8 10 12 14 16 18 20 22 24 26 28 2 4 6 8 10 12 14 16 18 20 22 24 26 28

index of triangles index of triangles
(a) (b)

Figure 6: Local model error rates (percentage of frames for which the correct choice of markers did
not maximize each individual triangle probability). Triangle indices are those of the two graph models of

Figure 2. '+’: results for decomposition Figure 2(a); ’0’: results for decomposition Figure 2(b). (a) joint
probability model (b) conditional probability model
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Figure 7: probability ratio (correct markers vs. the solution with the highest probability when
an error happens.) The horizontal axis is the index of frames where error happens. (a) joint probability
ratio for triangle 10 or 25 (RH, LK, RK) (b) conditional probability ratio for triangle 17 (H, N, LS)
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Figure 8: Labeling performance as a function of viewing angle. (a) Solid line : percentage of
correctly labeled frames as a function of viewing angle, when the training was done at 90 degrees (frontal
view). Dashed line: training was done by combining data from views at 30, 90, and 150 degrees. (b) Labeling
performance when the training was done at 0 degrees (right side view of walker). The dip in performance
near 0 degrees is due to the fact that from a side view orthographic projection without body self-occlusions
it is almost impossible to distinguish left and right.
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Figure 9: Error rates for individual body parts. 'L’ and 'R’ in label names indicate left and right.
H:head, N:neck, S:shoulder, E:elbow, W:wrist, H:hip, K:knee,A:ankle and F:foot. See section 4.1.4.
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Figure 10: Detection results (under the conditions of clutter and occlusion). (a) ROC curves. Solid
lines: 3 to 8 body parts with 30 background points vs. 30 background points only. The bigger the number of
signal points is, the better the ROC is; dashed line: overall ROC considering all the frames used in six solid
ROCs. The threshold corresponding to Pp = 1 — Pp4 on this curve was used for later experiments. The
stars (*’) on the solid curves are the points corresponding to that threshold. (b) detection rate vs. number
of body parts displayed with regard to the fixed threshold at which Pp =1 — Pp 4 on the overall ROC curve
in (a) (with false alarm rate 12.97%). (c) correct label rate (label-by-label rate) vs. number of body parts
when a person is correctly detected (using the same threshold).
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Figure 11: Results of integrating multiple frames (a) ROCs of integrating one to eight frames using
only 5 body parts with 30 clutter points present. The more frames integrated, the better the ROC curve
is. When more than five frames are used, the ROCs are almost perfect and overlapped with the axes.
(b)detection rate (when Pyetect = 1 — Pfaise—atarm) vs. number of frames used.
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Figure 12: Results of biological clutter (a) Eight solid lines are ROCs for 3 to 10 body parts with 30
background points respectively. The bigger the number of signal points is, the better the ROC is; dashed
line: overall ROC considering all the frames used in the eight solid ROCs. The threshold corresponding to
Pp = 1— Pp 4 on this curve was used for (b). The stars (**’) on the solid curves are the points corresponding
to that threshold. (b) detection rate vs. number of signal points. Solid line (with stars): results of 30
added background points with false alarm rate 24.19%; Dashed line (with triangles): results of 20 added
background points with false alarm rate 19.45%.
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Figure 13: One sample image of counting experiments. *’s denote body parts from a person and
’0’s are background points. There are three persons (six body parts for each person) with sixty superimposed
background points. Arrows are the velocities.
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Figure 14: Results of counting people. Solid line (with *): one person; dashed line (with o): two
persons; dashdot line (with triangles): three persons. Counting is done with regard to the threshold chosen
from Figure 10 . For that threshold the correct rate for recognizing that there is no person in the scene is
95%.
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Figure 15: Results of dancing sequences. (a)Solid lines: ROC curves for 4 to 10 body parts with 30
added background points vs. 30 background points only. The bigger the number of signal points is, the
better the ROC is. Dashed line: overall ROC considering all the frames used in seven solid ROCs. The
threshold corresponding to Pp = 1 — Pg 4 on this curve was used for (b). The stars (’*’) on the solid curves
are the points corresponding to that threshold. (b) detection rate vs. the number of body parts displayed
with regard to a fixed threshold at which Pp = 1 — Ppy4 on the overall ROC curve in (a). The false alarm

rate is 14.67%.
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