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Abstract — In this paper a joint human tracking and recog-
nition system is proposed. While usually these two functions
are performed separately, it will be shown that it is possible
to improve the estimation performances if these functions
are done jointly. For this purpose, a Bayesian estimation
framework is presented and implemented using sequential
Monte Carlo techniques. Moreover it will be shown how the
estimation can be performed efficiently by using the Gener-
alized Hough Transform. The effectiveness of the proposed
approach is demonstrated for a variety of image sequences.
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1 Introduction

Tracking humans in video sequences and the analysis of
their behavior are two functions that are commonly present
in modern surveillance systems. Target tracking is the foun-
dation for all the other analysis modules and usually feeds
the other higher level modules like the behavior recognition
module.

Among the tracking methodologies, different successful
algorithms have been proposed in the past years. The algo-
rithms in literature can be categorized considering the type
of information they use to track the objects and to discrim-
inate them from the clutter. Some approaches use measure-
ments that are directly related to the color of the object [1, 2].
Other approaches use, as observations, measurements that
are connected to the shape of the object. In [3] the observa-
tions are the edges of the contour of the object while in [4, 5]
the measurements are keypoints, that can be seen as a sam-
pling of the shape, extracted from an interest point detector.
Recently, classifiers have been integrated into the tracker to
avoid the drift of the tracker and to allow automatic initial-
ization [6, 7].

Considering the behavior understanding methodologies,
the approaches in literature can be divided in two main
categories: the holistic approaches and the part-based ap-
proaches. Among the holistic approaches, in [8, 9] the op-
tical flow of the stabilized object space-time volume is used
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as descriptor. In [10] the human movement is modeled as a
sequence of silhouettes and a Markov model is used to char-
acterize the different actions. Although the holistic meth-
ods are efficient, they have limitations with non stationary
backgrounds and camera motion. Part-based approaches use
only several “interesting” parts for action modeling and thus
avoid problems such as local modifications or occlusions.
The Space-Time interest points [11, 12] are commonly used
part-based descriptors. Among the methods that use local
information for action recognition, some use only the mo-
tion information of tracked interest points. These methods
don’t suffer moving background if the identities of the inter-
est points are maintained and can be used in case of camera
motion if the global motion of the object is compensated or
not considered. Among these methods it is possible to cite
[13, 14].

As shown, different approaches have been proposed in the
past to separately track a person and to perform behavior
recognition. Differently, the goal of this paper is to propose
a system which jointly tracks and analyzes the behavior of
the tracked targets. In the proposed framework the tracking
sub-module uses, as observations, the position of some in-
terest points generated by the tracked object. The analysis
of the motion of these tracked keypoints can be also used
to analyze the behavior of the object. In this approach the
tracked keypoints can be seen as a sampling of the shape
of the object and the behavior analysis can be seen as the
analysis of the shape deformation during time. The infor-
mation produced by the behavior recognition module is used
to improve the tracking process and vice-versa in a Bayesian
framework. While in the past some works [15, 16] have pro-
posed to use a tracker with multiple observation/behavior
models, no works related to the joint tracking and behavior
analysis of humans in a surveillance system scenario, with
all the difficulties in terms of the generalization of the be-
havior models required, have been published according to
our knowledge. The main contributions of this work are:

e the introduction of a framework for the joint tracking
and human analysis;

e an efficient implementation of the system, exploiting a
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Figure 1: Graphical Model of the shape-based tracker

novel interpretation of the Generalized Hough Trans-
form (GHT) [17].

The structure of the paper is as follows: at first the stan-
dalone shape-based tracking algorithm (paragraph 2) and the
standalone behavior recognition algorithm (paragraph 3) are
presented. These algorithm are the foundation of the pro-
posed system. In paragraph 4 it will be shown how the two
sub-modules can be fused together. In paragraph 5 an effi-
cient implementation of the system will be proposed using
the GHT. In paragraph 6 the experimental results of the sys-
tem will be presented. Finally conclusions and future works
will be discussed.

2 Target Tracking

From a Bayesian perspective, the tracking problem is to
recursively calculate some degree of belief in the state of the
target xj, at time k, given the observations z1.; up to time k.

In the proposed shape-based tracking approach, the state
of the target «¥ is the position of the object on the image
plane. 2, is therefore a vector of two components z, y. Due
to the discrete nature of the images, it can take only values
in the space [Neois X Nyows] Where Ny is the number of
columns of the image and N, is the number of rows.

The observations at time k are the x, y positions of the [V
interest points detected in the k£ — th frame using an interest
point detector [18]:

ze={z} n=1...N (1)

Two sets of conditional independence relations are as-
sumed: that zj is independent of all other observations and
states given xj and that xy, is independent of x1, x2...2)_2
given z_; (the first order Markov property). The depen-
dence relations for this kind of approach are shown in Fig.
1. In this figure the standard notation of representing states
variables with circles and “evidence” (observations) with
squares has been used [19]. In this notation links represent
conditional dependence relations.

To perform the tracking it is assumed that the initial
probability density function (pdf) of the state vector p (zf)),
which is also known as the prior, is available. Then, in prin-
ciple, the posteriori pdf p (2} |z1.;) may be obtained, recur-
sively, in two stages: prediction and update.

Supposing that the pdf p (z}_;|21:.k—1) and a model
for the target dynamics p (2} |2%_,) is available at time

k — 1, the prediction stage is performed trough the Chap-
man—Kolmogorov equation:

p(ah]z1k-1) = /P(lﬂxz—l)l]($§_1|lek—1)dxk—1
)

At time step k, a measurement becomes available, and this
may be used, via the likelihood function, to update the pre-
diction:

3)

where c is a normalizing constant which depends only on
the likelihood function.

To use the Bayesian framework, the dynamic model and
the likelihood function have to be defined.

With respect to the dynamic model, the position of an ob-
ject at time k, given the position at time k — 1 is considered
as uniformly distributed around «} _; . This model implies
that the target cannot have a velocity greater than a threshold
maxV el. The dynamic model is defined as:

p (a2} |z1) = ¢ p(z]a}) p (2| 210-1)

(2] .ab_, < mazVel

p(2hlaf_) = {C if @)

0 otherwise

where c is a normalizing constant that makes p (z}]z}_,) a
pdf.

The goal of the likelihood function is to compute the
probability that the observations have been generated by the
tracked object, given an hypothesis on the state. It tries to
exploit the temporal continuity of the shape of the tracked
object and tries to explain the observations at time k using a
shape model that was learned during the past time-steps.

The shape of the target which is compared with the ob-
servations is composed by a set of M discrete points. Each
model point has coordinates A", expressed in a reference
system centered on a reference point that corresponds to the
center of the object.

The model point coordinates of the m-th model point can
be projected to the image plane with respect to the object
global position in the following way: pos™ (z%) =A"+a7.

The likelihood of the observations is therefore defined as:

N M

p(zk|l‘2) = CZ Z Kootion (”Z]:L _posm (xZ)H) (5

n=1m=1

where K ,oti0n () 18 a function which is 0 if its argument is
greater or equal than a threshold ¢h and 1 otherwise and cis a
normalization constant. The function K, ozi0n () takes into
account the possible distortions of the shape which occur
from frame to frame and the observation noise. If only exact
matches with respect to the model are allowed, th is set to
0 and only observations which are exactly in the predicted
position are taken into account in the likelihood. It is worth
noting that the proposed likelihood function is a Bayesian



Algorithm 1 Shape based Tracking
1: Resampling:

. : . P, (1) . (n)
Resample the particle set {x 1 } based on 7,
()

2: Prediction:

~p,(n)
For each { '

P (a:’,:ﬁﬁq)) to obtain {mz’(n)}
3: Update:
Re-weight each particle by calculating the likelihood

Wl(cn) =p (zk|ac£’("))

, to obtain

} sample the density of the target dynamics

formalization of the Generalized Hough Transform (GHT)
[17,20].

This tracker can be easily implemented inside a par-
ticle filter framework [21]. The posterior density
p (2} _,|z1:1—1) is represented by a set of weighted particles

{e =

1 } The sampling-based algorithm is summa-

rized in Algorithm 1.
The position at time k is estimated as:

="y ©)

If a lot of particles have to be evaluated, the computation
of (5) can be time consuming. An efficient way to evaluate
(5) will be presented in paragraph 5.

The shape model is learned during the tracking process.
At each time-step, after the position of the object & has
been estimated as in (6), each observation point is put in
correspondence with the model points projected on the im-
age space using #,. Only associations which are nearer
than th are considered as valid. Model points which have a
match with an observation are updated so that their new po-
sition A™ is the position of the nearest observation. Model
points that have not been in correspondence with observa-
tions since a number of frames are removed from the model.
If there are observations that were not in correspondence
with model points, new model points are added in the posi-
tion of the observations. For details about the shape learning
process see [4].

3 Behavior Recognition

A behavior recognition system is usually composed by a
set of [N, models that are specialized to recognize a specific
action. The action is classified by selecting the model which
better describes the observations.

The system presented in this paragraph works with the as-
sumption that a tracker like the one shown in paragraph 2 is
able to follow the target. In the paragraph 4 it will be shown
how the tracker can be fused with the system described in
this paragraph to obtain a system that jointly tracks and rec-
ognize the actions.

In the proposed approach for recognition, each action is
modeled as a sequence of shape deformations. After the tar-
get position has been estimated, it is possible to estimate
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Figure 2: Shape deformation example

the deformation that the shape has encompassed from frame
k — 1 to k. It is important to note that, considering the
shape model and the observations, each estimated position
induces a different shape deformation. The standalone be-
havior recognition module considers the position as fixed to
the one estimated by the tracker (as shown in (6)) and com-
putes the shape deformation accordingly. Each model point,
given the position, can be put into correspondence with the
observations and its motion from frame k£ — 1 to k£ can be
computed as shown in Fig. 2. The shape deformation is then
modeled as an histogram of the deformations of the model
points in the current frame. The motion information is dis-
cretized using a function map : Z? — N which maps the
x,y components of the interest point motion vector v to a
histogram bin. Different choices of mapping functions are
possible. In this paper the following simple function is used
map(v) = fiz(v/vtv) which simply truncates the magni-
tude of the feature motion vector to map it to a histogram
bin. The motion histogram is composed of th bins.

The behavior descriptor is created considering all the
matches between the model points m = 1...M and the
observations n = 1... N as follows:

Zf Krrwtion (HZI? - posm (i‘i)”) =1
map (zj; — pos™ (2%)) — binID
di (87) [binI D] = dy, (%) [binI D] + 1 7)

where dj, (#7) is the descriptor. For ease of visualization
in case it is not necessary, the dependence of dj, from 2} will
be removed. As shown in Fig. 2 the representation used for
action classification is really sparse.

This descriptor describes the instantaneous shape defor-
mation. The proposed descriptor shares some similarities
with the one defined in [14] (considering that it uses a his-
togram of counts computed from the movement of sparse
interest points) and the one defined in [8] (in which the op-
tical flow of the tracked object is used as action descriptor).

During the training phase of the model, a number of his-
tograms is collected using some sequences that are correctly
tracked. By clustering the collected shape deformation his-
tograms into N, clusters it is possible to create a discrete
alphabet of deformations D that contains the cluster centers.



It is therefore possible to model a continuous human ac-
tion as a sequence of discrete deformation symbols.

The symbols are extracted by computing the distance be-
tween the deformation histogram and all the prototypes in
D and by taking the one with minimum distance:

Oy, (2}) = argmin y/[dj, (fci)]t -Di

j=1...N,

®)

where Oy, (£7) is the symbol and D7 is the j — th proto-
type. For ease of visualization in case it is not necessary, the
dependence from &} will be removed.

These sequences of discrete symbols are modeled prob-
abilistically trough an HMM [22]. The HMM is the most
popular stochastic algorithm for discrete sequences model-
ing because of its versatility and mathematical simplicity.
HMMs make it possible to deal with time-sequential data
and can provide time-scale invariability in recognition. An
HMM consists of a number of Ny states, each of which is
assigned a probability of transition from one state to another
state. Considering the discrete nature of the states, these
probabilities can be described by using a N x N matrix A:

©))

where 2 is the behavior state of the object at time k. With
time, state transitions occur stochastically. Like Markov
models, states at any time depend only on the state at the
preceding time. One symbol is yielded from the HMM ac-
cording to the probabilities assigned to the states and to the
probability that the symbol is observed given the states.

The probability that one particular symbol is observed
given the state can be described by using a Ny X N, ma-
trix S:

Ay =p (2} = ilag_, = j)

Si; = p (O = ilz}, = )

The dependence network is shown in Fig. 3. Given
an hidden state Jrz that evolves with time, the goal of the
HMM is to find the likelihood of the set of observation sym-
bols {O1, Os, ... O} given the model. The action/model 8
which better describes the sequence of symbols is therefore
selected as 3 = argmax p (01,04, ...0g|j). This compu-

1..Ny

tation is efﬁmentiy performed using the standard Forward-
Backward algorithm [22]. Each of the HMM models re-
quires a training phase in which the parameters 4;;, S;; and
the prior probability p (1:8) have to be learned from data.
The learning phase can be efficiently performed by feeding
each HMM with the sequences of the action the HMM is
meant to recognize as shown in [22].

4 Joint Tracking
Recognition

In this paragraph it will be shown how the sub-modules
described in the previous paragraphs can be fused to im-
prove both the tracking and the action recognition. A joint
position and behavior state is used. The position state, xi,

(10)
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Figure 4: Graphical Model of the Joint Tracker and Behavior
Recognition System

is the same described in paragraph 2. Considering that the
behavior sub-module models NV}, different behaviors, the be-
havior part of the state vector is composed by a vector of
Ny + 1 components. The first component i, is the ID of

the model behavior and can take only discrete values in the
b,1 b, Ny
Ty, Ty

are the internal states of each of the sub-modules. Each of
them can take only discrete values in the space {1... Ng}.

The full state vector is therefore xy

b,Ny
{xkvﬁk;xk 3. xk

The position and behavior of the target are considered as
a priori independent. Each state variable evolves accord-
ing to its own dynamics and is a priori uncoupled from the
other state variables. The observation at time step k can de-
pend on all the state variables at that time step. The graph-
ical model which describes the system is shown in Fig. 4
where only two models (N, = 2) have been considered for
ease of visualization. The state variables at one time step,
although marginally independent, become conditionally de-
pendent given the observation sequence [23]. This can be
determined by applying the semantics of directed graphs,
in particular the d-separation criterion [19], to the graphical
model in Fig. 4.

Inference on the graphical model can be performed with
the two steps Bayesian approach shown in paragraph 2.

space {1...N,}. The other components {

4.1 State Prediction

The prediction is performed by modifying the (2) con-
sidering that each state evolves according only to its past
history.



The object position dynamic model is described in Eq.
4).

The states of the behavior models evolves according to
their internal state transition probabilities S*, ..., SN that
have to be learned offline.

The probabilities of an object to switch from a behavior
to the other are fixed using common sense rules. There-
fore a N, x Ny matrix B which contains the state transition
probabilities is considered as available. Each element of the
matrix B;; defines the a priori probability that the object
switches from the i-th behavior to the j-th.

p(Be = i|Br—1 = J) Y

4.2 Likelihood Evaluation

The likelihood is conditioned on all the state variables. It
is considered as composed by two contributions: one shape-
based and one behavior-based.

The first contribution (shape based observation model)
tries to exploit the temporal continuity of the shape of the
tracked object and tries to explain the observations at time k
using a shape model that was learned during the past time-
steps. The second contribution (behavior based observa-
tion model) tries to explain the observations considering that
each kind of behavior typically generates a particular pattern
of interest point motion.

The combined likelihood is modeled as the product of the
two contributions:

P (zlzk) = ps (zklay) -
‘Do (Zk|$za5kvle7"'v x%Nb> (12)

The likelihood in Eq. (5) is taken as p, (z;|x}) .

The behavior based observation model is based on the
rationale that different behaviors induce, in time, different
shape deformation.

At each time step, considering the shape model and the
observations, each candidate position 1;2 induces a different
deformation.

RS

b,1 bNb)

Po Zk:‘x275k7xk yeees L
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13)

p (O @h)1al!) 31— Bo)
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—

where Oy, (z}) is the symbol induced by the hypothe-
sis % considering the observations, p (Ok () |zZ’l) is

the output symbol probability of the [ — ¢th model and
0 () is a Kronecker delta. If, as in the system described

Algorithm 2 Joint Shape and Behavior based Tracking

1: Resampling:

Resample the particle set {m P 1} based on ’Tl’,i )1 to obtain

~(n)
{71}
2: Prediction:

Forn=1... NparticlES

o Sample the density of the target dynamics
p (xk\fg(rll)) to obtain {xzv(m}

e Sample the density of the behavior transition
D (5k \B;(;'i)l) to obtain {5;@”)}

e Forb=1...N,

— Sample the density of the internal behavior model

state transition p ( bi(n)|zb, (q))
e end
end
3: Update:

Re-weight each particle by calculating the likelihood

in paragraph 3, the recognition process follows the track-
ing, the symbol is fixed to O (2%), while in the pro-
posed joint approach the induced symbol is used to en-
force the estimation on x}. This tracker can be easily im-
plemented inside a particle filter framework. The posterior
density p (xx—_1|21.x—1) is represented by a set of weighted
) G0 G000 ) ) e
sampling-based algorlthm is summarized in Algorithm 2.
The position and behavior at time k are estimated as:

i =3 ol

B, = argmax Z "5 ( ﬂ](gn))

Jj=1...Np

particles { x,

(14)

15)

With these estimates the shape model is learned from
frame to frame as explained in paragraph 2.

4.3 Parameter Learning

To perform target tracking, a set of parameters have to be
estimated offline. In particular the A;; and the B;; for each
behavior model have to be learned from a set of correctly
tracked sequences with known behavior. If the tracked posi-
tion and the behavior is considered as known, the graphical
model shown in Fig. 5 represents the training phase. A key
difference with the graphical model of Fig. 4 is the pres-
ence of squares (known values) where circles (state values)
were present. This structure of the graphical model and the
form of Eq. (13) allow to say that learning the parameters of
the joint tracker is equivalent to learning N;, HMM models
[23]. Each HMM model has to be trained considering only
the sequences containing the action the model is meant to
recognize as explained in paragraph 3.
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Figure 5: Graphical Model of the Joint Tracker and Behavior
Recognition System during the learning phase

Algorithm 3 GHT-based implementation

1: Initialize a N;oys by Neors €mpty voting space — V'

2: forn=1...Ndo

3 form=1...M do

4: VEp—A™M=V(p-Am)+1
5 end for

6: end for

5 Efficient GHT implementation

The computation of the shape-based likelihood and of the
deformation descriptors can be time consuming if the num-
ber of particles to be evaluated is big. In this paragraph it
will be shown how this process can be optimized using the
Generalized Hough Transform (GHT) [17]. The purpose of
the GHT is to find imperfect instances of objects within a
certain class of shapes by a voting procedure. This voting
procedure is carried out in a parameter space, from which
object candidates are obtained as local maxima in a so-called
accumulator space that is explicitly constructed by the algo-
rithm. The GHT has the capability to concentrate the infor-
mation that is distributed in the image in the parameter space
and, as it will be shown, some computations are more easily
performed in the parameter space. Algorithm 3 shows how
the GHT is applied to obtain the parameter space V' that is
used in the following.

The shape based likelihood function (5) is easily com-
puted from V. At first the matrix L is computed convolving
V with Kpotion: L =V & Kippotion. It is possible to see
that p (zj|2%) can be evaluated by taking the element in the
matrix L that corresponds to x.

p(zkl2}) = L[z} (16)

The computation of V' depends only on the number of the
observations N and of the model points M and reduces the
computational load in case a big number of particles have to
be evaluated (once L has been computed, the evaluation of
the likelihood is a look-up operation).

The matrix V' can be useful also to compute the descrip-
tor dj, (x}). To perform this computation it is worth ana-
lyzing the meaning of V' from a shape distortion point of

view. It is possible to observe that a look-up in V' in the po-

sition V' [2%] gives the number of observations-model points
matches that, considering z, as the position of the object,
have occurred with zero distortion (see Algorithm 3 and eq.
(5)). A look-up in V in the position z}, + d gives the number
of observations-model points matches that, considering x%
as the position of the object, have occurred with an interest
point motion vector v = d. This property of the matrix V'
can be exploited to compute dj (z%). To this purpose the
supporting matrices C,. (r = 1...th) have to be computed
in the following way:

) ) 1 ifr—1<\i2+j52<r
Cr [i 4 th,j + th] = {O otherwise
a7

with ¢, 7 = —th...th. These matrices represents circu-
lar rings of increasing radius and will be used to perform
efficiently the histogram computation of (7). The matri-
ces C,. have to be convolved with V' to obtain th matrices
F, =V & C,.. The descriptor is then computed as a simple
look-up:

di (zP)[i] = Fi (%) i=1...th (18)

In this way the number of operations to be computed is
not dependent on the number of particles to be evaluated.
Every particles will need, assuming the th matrices F,. have
been computed, only a look-up.

6 Experimental results

In this paragraph the experimental results of the proposed
method are reported. The tracking capabilities of the method
have been evaluated considering a typical human tracking
scenario. Three different behavior models have been trained
using the KTH database [24]. The KTH database consists
of 25 subjects performing 6 different actions: boxing, hand-
clapping, jogging, running, walking, hand-waving. In this
work only the actions walking, jogging and running have
been considered. The total number of videos is 300. Con-
sidering that, on average, in each video the actor enters and
exits from the field of view 4 times, the total number of
sequences that were used is 1200. The models have been
learned considering as training data 50% of the full dataset.
The parameters B;;, maxV el and th have been fixed in the
following way: B;; = 0.8 if ¢ = j and 0.1 otherwise;
mazVel = 30; th = 5. An example of a “walking” se-
quence is shown in Fig. 6. In this figure the bounding box
of the tracker is plotted using a solid line, the convex hull of
the object model is shown using a dashed line, the tracked
interest points are shown using blue dots and finally, in red,
it is possible to see the estimated #}. In Fig. 7 one step
of the Bayesian estimation process is shown. All the distri-
butions have been marginalized to remove the internal be-
havior model state variables for ease of visualization. With
this marginalization, the pdf has three dimensions: x, y and
B. In the figure each plot on the columns corresponds to



Figure 6: Example of walking sequence

a value of § while the columns and the rows of each plot
correspond to x,y. The target truth position is at the cen-
ter of the plot. In the first row the shape-based likelihood
Ps (Zklxivﬁk) is shown. As ps (zk‘xivﬁk) = DPs (ZHiEZ),
the plot is the same on all the columns. The second row
shows the behavior-based likelihood pj (25|25, Bk). As it
is possible to see, it has high values for 8, = walk as it
should be, considering the the sequence under analysis is
a “walking” sequence. The third row shows the posterior
p (2%, Br|z1:1). Also in this case it is possible to see that
high values of posterior are found for 8;, = walk . The ca-
pabilities of the joint tracking framework can be understood
by observing that the shape-based likelihood in Fig. 7 is not
monomodal. The presence of different peaks shows that at
time & multiple position hypotheses x% are compatible with
the observations if only the continuity of the shape is con-
sidered (as the standalone tracker of paragraph 2 would do).
If however this shape-based likelihood is multiplied with the
behavior-based likelihood (second row of Fig. 7), the result-
ing likelihood is monomodal. This is due to the fact that
some hypotheses, that were plausible considering only the
shape, are removed if the shape information is fused with
the behavior information.

Some action recognition results are shown in Fig. 8.
Three different sequences containing an actor performing
the three different actions where used to test the algorithm.
In the figure, for each frame it is possible to see the outcome
of the action estimation Bk. As it is possible to see, the esti-
mation is correct for nearly all the frames. The results of the
tracking and behavior recognition have been then evaluated
on the remaining 50% of the KTH database. A 85% cor-
rect recognition (result alligned with the state of the art) was
obtained, but the interesting results is that, on the same 600
test sequences, while using only the standalone tracker there
was a failure rate of the 5%, with the joint system, the failure
rate decreased to 2%. Finally a result on a sequence from a
different source is shown in Fig. 9. As it is possible to see,
both the tracking and the behavior recognition were success-
ful. It is worth saying that the standalone tracker failed since
it was attracted by a false hypothesis generated by the clut-
ter. This hypothesis was rejected due to the behavior based
likelihood.

7 Conclusions and future work

In this work a system for the joint human tracking and
behavior recognition has been proposed. The reported re-
sults demonstrated that tracking results are improved if these
functions are performed together. Future works will include

Figure 7: Example of joint tracking and behavior analysis
for the sequence in Fig. 6.

the inclusion of the shape learning phase in the Bayesian es-
timation Framework. Another extension to the current sys-
tem could be the inclusion of a module to compute behavior
transition probability and position dynamics using high level
contextual information.
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