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This paper considers the intent inference problem in a video surveillance application involving person
tracking. The video surveillance is carried out through a distributed network of cameras with large non-
overlapping areas. The target dynamics are formulated using a novel grammar-modulated state space
model. We identify and model trajectory shapes of interest using the modeling framework of stochastic
context-free grammars. The inference of such grammar models is performed using a Bayesian estimation
algorithm called the Earley–Stolcke parser. The intent inference procedure is proposed at a meta-level,
which allows the use of conventional trackers at the base level. The use of a suitable fusion scheme shows
that intent inference using stochastic context-free grammars in a distributed camera network performs
suitably even in the presence of large observation gaps and noisy observations.
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1. Introduction

Consider a person being tracked by a network of cameras dis-
tributed on the exterior walls of a building. A traditional tracking
system would output the position of the person being tracked as
“blips” on a map. A human operator is then required to decide
whether the trajectory of the person is of a suspicious nature.
A trajectory is defined as the path followed by the person. The
aim of this paper is to develop useful models for target trajecto-
ries and automated algorithms for target intent inference. Intent
inference [1–3] can be described as the analysis of the behavior
of a target to identify the target’s purpose. For example, in person
surveillance, the movement patterns of a person being tracked can
enable a human operator to infer whether the target is exhibiting
any malicious intent. In radar tracking, the loitering behavior of a
target boat is a strong indication of smuggling activity. The search
terms used by a user in a search engine can also be used to infer
the intent of the user. The problem of intent inference, thus, is of
fundamental importance in many scenarios.

An automated intent inference system is desirable in surveil-
lance tasks to assist human operators who make decisions re-
garding target intent based on information from various sensors.
In order to develop an automated intent inference system, it is
essential to devise appropriate models for target intent. In this pa-
per, we consider intent inference when human targets are tracked
by a network of distributed cameras. The key tool used to model
interesting trajectories is that of stochastic context-free grammars
(SCFGs). SCFGs are powerful modeling tools for time-series data
that exhibit long-term dependency. In particular, they are use-
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ful for trajectory identification because they impart a notion of
scale invariance to the trajectories considered. Our approach to
tackle the inference problem comprises of a two-level procedure as
shown in Fig. 1. The lower level tracking module is called a track-
let estimator whose output provides the input stream for a meta
level inference engine. The higher-level inference of the structure
or pattern within the observed input is performed by the meta
level inference engine. When working in tandem, we refer to this
two-level architecture as a syntactic tracker. We define a syntactic
tracker as a system which tracks a target following a path with a

Fig. 1. The architecture of the proposed intent inference system.
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specific syntax, structure or shape. As a result, a syntactic tracker
not only updates conventional position and velocity states but is
also able to use the embedded structure within the tracked states
for higher-level tasks. Such a hierarchical system allows the use
of legacy trackers at the base level while offering the flexibility of
different inference engines at the higher level.

1.1. Literature survey

A survey of recent literature in video surveillance shows that
intent inference is mainly approached in two ways: (a) anomaly
detection [4–6] or (b) model-based intent inference [7–9]. In the
former, a specific intent or trajectory is not identified. Rather, all
possible actions of a person are categorized as either normal or
anomalous. For example, in [5], a support-vector machine approach
is taken to classify aberrant trajectories from normal trajectories.
The latter approach of model-based intent inference is taken in
this paper. It involves specifically identifying trajectories or events
of interest.

A key feature of model-based intent inference is to obtain a
semantic interpretation of a complex event through the use of sim-
pler sub-events. For example, in [8], a dynamic Bayesian network
is used to identify scenarios where a shopper either enters a re-
tail store, leaves a store or passes by the store. Our work can be
considered to be related in spirit to the approach taken in [10]
and [11]. A context-free grammar approach is taken in [10] to
identify two-person interactions like hugs, hand-shakes, kicks and
punches. A stochastic context-free grammar approach is taken in
[11] to recognize cheating actions in card-games at casinos. Our
work departs from them significantly as we consider a tracking
situation and not an exclusive action recognition system. The work
presented in this paper builds upon the work in [12,13] on target
tracking using stochastic context-free grammars in radar tracking
applications.

The use of SCFGs as a modeling tool for intent inference re-
quires the ability to compute the model likelihoods. The inside–
outside (IO) algorithm [14] is the conventional method used to
compute the probability of an observed trajectory belonging to
a given model. However, the IO algorithm requires the stochas-
tic grammar to be in a restrictive form. The Earley–Stolcke parser
[15] on the other hand is able to deal with arbitrarily structured
grammars and is the algorithm used in this paper for the Bayesian
estimation of the posterior probabilities.

1.2. Main results

In Section 2, we first provide a brief review of stochastic
context-free grammars, which is the key modeling paradigm we
will use to model complex trajectories. A detailed formulation of
the target dynamics is also given which is based on an SCFG-
modulated state space model that is novel to the person track-
ing application. Finally, we present the SCFG grammar models for
various trajectories considered in this paper. The modeling of an
approximate rectangular trajectory as an SCFG is another novel
contribution made in the paper.

In Section 3, we present the standard form of the Earley–
Stolcke parser which is an efficient computational algorithm used
to deal with SCFGs. In particular, the Earley–Stolcke parser is used
to obtain a Bayesian estimate of the posterior model probabili-
ties (model classification). We also describe how the conventional
Earley–Stolcke parser can be extended to deal with noisy tracklet
estimates and missing observations. The treatment of missing ob-
servations in an SCFG framework is a novel contribution of this
paper. Finally, we describe how observations at different sensors
can be fused to provide an improved estimate of the target in-
tent. The proof-of-concept in this paper is done numerically in

Section 4. We examine two surveillance scenarios and demonstrate
the performance of our proposed intent inference system over a
distributed network of cameras. The results clearly indicate that
while individual sensors can only make myopic decisions, the SCFG
representation together with a suitable fusion scheme results in
correct inference of the target trajectory.

2. Syntactic models for intent inference

We begin with a brief review of SCFGs in Section 2.1. In Sec-
tion 2.2 the dynamics of the target are modeled using a switched
state-space model that is modulated by a stochastic context-free
grammar. The observation equations for a two-tier sensing mod-
ule called a tracklet estimator are also detailed. Finally, Section 2.3
presents examples of particular geometric patterns of target trajec-
tories like lines, arcs and rectangles.

2.1. Stochastic context-free grammar review

We begin with a short description of SCFGs (see [16] for a text-
book treatment). In formal language theory, a grammar G is a
four-tuple ⟨N , T , P , S⟩. Here N is a finite set of non-terminals,
T is a finite set of terminals; N ∩ T = ∅. P is a finite set of
probabilistic production rules, and S ∈ N is the starting symbol.
In the sequel, lower-case letters are used to denote terminals, and
upper-case letters represent non-terminals. A symbol can refer to
either a terminal or a non-terminal. A sequence of such symbols is
called a string. A sentence is used to refer to a string of only termi-
nals. A production rule is defined as a symbol-replacement method
which specifies the manner in which symbols can be re-written.
These terms are relevant in the following discussion.

Definition 2.1 (Stochastic regular grammar). Stochastic regular gram-
mars, denoted as GRG , only have production rules of the form
A → aA and A → a with probabilities P (A → aA) and P (A → a)
specified, where A ∈ N . The → notation means “can be rewrit-
ten as”. The set of all complete strings (or sentences) generated by
a regular grammar is called a regular language and it is denoted
as LRG . The restricted form of the production rules for a regular
grammar only allow one non-terminal on either side of a produc-
tion rule. This constrains strings generated by a regular grammar
to grow in a linear left–right fashion.

Definition 2.2 (Stochastic context free grammar). An SCFG, denoted
as GCFG , has production rules, P , of the form A → η with prob-
abilities P (A → η) specified, where A ∈ N and η ∈ (N ∪ T )+ .
(N ∪ T )+ denotes the set of all finite length strings of symbols
in (N ∪ T ), excluding strings of length 0 (the case where strings
of length 0 is included is indicated by (N ∪ T )∗). The set of all
sentences generated by a particular SCFG is called a context-free
language and it is denoted as LCFG .

In the person tracking application considered in this paper,
the terminals of the grammar correspond to modes exhibited
by the target. A target mode {ak}, k = 1,2, . . . , is defined as
the direction of acceleration or orientation of the target at any
given time instant. The possible modes belong to the set Θ =
{0, π

4 , π
2 , 3π

4 ,π , 5π
4 , 3π

2 , 7π
4 }, which represent the radial angular

direction of acceleration of the target. These modes are shown
in Fig. 2. Each mode is associated with a lower-case alphabet in
Fig. 2 for labeling purposes. The terminal symbols correspond to
modes of the target which are generated from non-terminal sym-
bols. A non-terminal symbol can be thought of as an intermediary
symbol which is eventually replaced by a single or a combination
of terminal symbols. They can be abstracted as high-level com-
ponents of the shape of the trajectory that a target might travel.
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Fig. 2. The possible targets modes (radial angular acceleration directions). Each angle
is associated with a lower-case alphabet for labeling purposes.

The trajectory generation process begins with a unique starting
non-terminal symbol S . A set of production rules P with asso-
ciated probabilities of selection p : P → [0,1] define the manner
in which non-terminal symbols produce other non-terminals and
terminals. The set of all strings that can thus be generated by a
grammar is called a language. Hence, each of the different trajec-
tory shapes considered in this paper (lines, arcs and m-rectangles)
is a language with a specific grammar to model them. Let θ de-
note the set of trajectory shapes of interest, which in our case
are, θ = {arc, line, rectangle}. The syntactic tracking referred to in
this paper decides which model θm ∈ θ , m = {line,arc, rectangle} is
able to best explain the observed trajectory. The languages corre-
sponding to the trajectory shapes are denoted as Larc, Lline, and
Lrectangle respectively, and the precise description of SCFGs that
generate them are described in Section 2.3.

2.2. SCFG-modulated state space model

In this section, we present a model for the target dynamics
as well as the observation models for the primary and secondary
sensors as shown in Fig. 1. At the base level, the tracklet esti-
mator is the term used in this paper to describe the manner in
which an input video sequence is processed to obtain estimates
of the target modes which represent the directional maneuvers of
a person in a particular environment. The tracklet estimator ac-
cepts an input sequence of images in the form of a video stream
and outputs a sequence of estimated target modes from the set
Θ = {0, π

4 , π
2 , 3π

4 ,π , 5π
4 , 3π

2 , 7π
4 }. Our usage of the term “mode”

and “tracklet” is synonymous. A tracklet is an estimate of the tar-
get mode at a particular time instant while the term target mode
is used to refer to the “true” value of the quantized acceleration
direction.

2.2.1. Target dynamics
The dynamics of the person being tracked are modeled using a

switched state-space model which amounts to a hybrid state es-
timation problem. The state variables considered are the x and y
position of the target in world co-ordinates represented by xk(1)
and xk(2) and the x and y components of the target velocity rep-
resented by xk(3) and xk(4). The state vector xk is thus given by

xk =

⎛

⎜⎜⎝

xk(1)
xk(2)
xk(3)
xk(4)

⎞

⎟⎟⎠ . (1)

The state equation is given by

xk = Fxk−1 + Gwk−1(ak−1), (2)

where xk is the state vector, k represents a time index that cor-
responds to the frame index in the image sequence, F represents

the state matrix and G is the noise gain matrix which can be con-
structed from the equations of motion. The state transition matrix
F and the noise gain matrix G are represented by

F =

⎛

⎜⎜⎝

1 0 T 0
0 1 0 T
0 0 1 0
0 0 0 1

⎞

⎟⎟⎠ , G =

⎛

⎜⎜⎝

T 2

2 0
0 T 2

2
T 0
0 T

⎞

⎟⎟⎠ . (3)

The sampling time is represented by T which corresponds to
the frame rate of the video stream. It is worthwhile to point out
that the x and y position co-ordinates are with reference to a
world co-ordinate frame and not in the conventional image co-
ordinate frame. More details about co-ordinate frames and multi-
view geometry in multi-camera systems can be found in [17].

The process noise wk(ak) is assumed to be directionally depen-
dent in nature with a component along the mode ak (with variance
σ 2
a ) and another component orthogonal (with variance σ 2

o ) to the
mode ak . The covariance of the process noise is given by

W = ρak

(
σ 2
o 0
0 σ 2

a

)
ρT
ak , where ρak =

(
− cosak sinak
sinak cosak

)
.

The essence of such a switched state-space model lies in the fact
that the dynamics of a maneuvering target cannot be modeled
using a single model. Rather, multiple models describe the kine-
matics of the target when it is in different modes. The target is
assumed to maneuver according to a finite set of modes ak ∈ Θ ,
each of which is associated with a possibly different kinematic
model. The modes evolve as a stochastic process which is com-
monly assumed in the literature to be a Markov chain. However,
a key difference in the modeling of this paper is that the modes of
the target in this paper are considered to arise from a multi-type
Galton–Watson branching process which is the underlying theory
behind languages generated by SCFGs. The state-space equations
are obtained by the corresponding equations of motion for a nearly
constant velocity model. Such a model assumes that the target
obeys a nearly constant velocity kinematic model in each of its
possible modes. A nearly constant velocity model assumes that
the change in velocity per unit time is equal to white noise with
a small variance. This allows non-zero albeit small accelerations
while maintaining a velocity that is “nearly” constant.

2.2.2. Observation model for sensors
As depicted in Fig. 1, the observations come from two channels

which we refer to as a two-tier sensing module that is very similar
to image-enhanced target tracking in [18]. We refer to the first-tier
as the primary sensor whose observation equation is given by

zk = xk + vk, (4)

where zk is a noisy measurement of the target state and vk is a
zero-mean white Gaussian process. The covariance M of the noise
vk is a diagonal matrix with the diagonal elements equal to vari-
ances of the target position and velocity measurements in x and y
directions. These are represented by σ 2

xk(1)
, σ 2

xk(2)
, σ 2

xk(3)
and σ 2

xk(4)
respectively. We noted above that the target position co-ordinates
must be with reference to a world co-ordinate frame and not an
image co-ordinate frame. This transformation is required in multi-
camera systems to establish a common reference field of view. The
transformation from image co-ordinates to world co-ordinates is
performed through a perspective transformation that depends on
the extrinsic parameters of each camera in the sensor network.
These extrinsic parameters can either be obtained through off-
line camera calibration techniques [19] or on-line self-calibration
methods [20]. The camera calibration can also be used to estimate
the intrinsic parameters of the camera which can help correct for
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Fig. 3. The different trajectories considered in θ .

various photometric defects and eventually aid in more reliable de-
tections. Using this observation model, a suitable base-level tracker
can be designed to estimate the state of the target. We do not con-
sider a particular tracking algorithm in this paper.

The second-tier tracker is responsible for estimating the mode
of the target using inputs from the base-level tracker. This step
is essential in the intent inference procedure of (5). The output
of this secondary sensor is represented by the process {nk} where
each nk ∈ {a,b, c,d, e, f , g,h, x} is an estimate of the actual tar-
get mode ak ∈ {0, π

4 , π
2 , 3π

4 ,π , 5π
4 , 3π

2 , 7π
4 }. The symbols a, . . . ,h

respectively represent unit acceleration vectors in the 8 radial di-
rections in Θ . We reserve a special symbol x to represent the
instance when the secondary sensor has no useful estimate for
the target mode. This is reserved for the case of observation gaps
in the camera network. So nk = x implies that the target mode
cannot be estimated at time k and nk = i, i ∈ {a,b, c,d, e, f , g,h}
implies that the secondary sensor believes that the target is in
mode ak ∈ {0, π

4 , π
2 , 3π

4 ,π , 5π
4 , 3π

2 , 7π
4 }. The conditional probabil-

ity of the sensor emitting any symbol is modeled as a probability
mass function that is related to the parameters (conditional prob-
abilities of production rules) of the stochastic grammars defined
next in Section 2.3. The mode estimates n1,n2, . . . ,nk form the
input to the meta level stochastic parser which infers the intent
(trajectory shape) of the person being tracked. The intent inference
task involves computing

θ∗ = argmax
θm∈θ

P
(
θm

∣∣n1,n2, . . . ,nk
)
, (5)

where θ∗ is the inferred intent (most likely grammar model).
The details of how to compute the posterior model probability
P (θm|n1,n2, . . . ,nk) are discussed in Section 3.1.

2.3. Syntactic pattern modeling

In the following, with the aim of modeling target trajectory
shapes, we present SCFG models for various geometric shapes of
interest such as arcs and rectangles. A pictorial representation of
such trajectories is shown in Fig. 3. Why do we consider these pat-
terns as interesting? Target trajectories resembling such patterns
can signify strong intent. For example, [13] describes a military
maneuver called a pincer operation which comprises of two op-
posing arc patterns. An arc can also signify a target doubling back
by making a U-turn. Recognizing such maneuvers can provide use-
ful information in battle-field situational awareness. A rectangular
trajectory is an intuitive model for targets that are circling back on
themselves. Such a trajectory indicates a reconnoitering operation
which is of specific interest to surveillance applications. We offer
a proof of concept in this paper for inference of such trajectories,
keeping in mind that more elaborate trajectories can be built up
from such trajectories, thus leading to models for more sophisti-
cated target intent.

Fig. 4. An arc grammar in (a) and an m-rectangle grammar in (b).

2.3.1. Line trajectory
A person following a line pattern creates a linear trajectory with

local Markov dependency, and it is characterized by rules of the
form S → aS|a with a representing the target mode. These pro-
duction rules generate a language that is equivalent to that of a
hidden Markov model formulation [21]. Since Markov models have
been studied extensively, the line pattern will not be discussed any
further. The two other geometric patterns of interest are arcs and
rectangles, which possess long range and self-embedding depen-
dencies that require production rules which Markov models cannot
represent.

2.3.2. Arc trajectory
The language of an arc can be expressed as a language Larc =

{x ∈ anb+cn}, where there is an equal number of matching upward
a and downward c tracklets and an arbitrary number of forward
tracklets b. The + symbol denotes an arbitrary number of b sym-
bols. The symbol x represents any arbitrary string belonging to the
language. The grammar can be constructed based on many tech-
niques and a review of grammar construction methods can be
found in [22]. For each a in the string, there must be a match-
ing c, and the corresponding grammar rules are shown in Fig. 4(a).
Such a trajectory is called an arc while keeping in mind that the
central segment b+ can be arbitrarily long. If b+ is much longer
than an and cn , then the trajectory resembles a line. However, with
a proper choice of the production rule probabilities, we can con-
strain the middle segment b+ so that it is not much longer than
the side segments of the arc.

As seen in Fig. 4(a), the rules needed to generate patterns
such as arcs have a syntax that is more complex than a regular
grammar (because there is more than one non-terminal on the
right-hand side of the production rule). The rules can be shown
to strictly contain regular grammars using the following property:
A self-embedding context free grammar cannot be represented
by a Markov chain. A context-free grammar is self-embedding if
there exists a non-terminal A such that A

∗⇒ ηAβ with η,β ∈
(VN ∪ VT )+ . The relation ∗⇒ denotes a transitive and reflexive
closure of the production relation ⇒. In simpler terms, such a no-
tation is used to signify that even though there might not exist a
production rule of the exact form A ⇒ ηAβ , existing production
rules can be used on each other to derive such a rule. For the arc
production rules presented in Fig. 4(a), the self-embedding prop-
erty manifests in the second production rule X → A X C where X
can repeatedly call itself to lengthen the output string.

2.3.3. Rectangular trajectory
We define m-rectangles (modified rectangles) as trajectories

comprising of three left turns (or 3 right turns) each of ninety
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degrees but are not necessarily closed trajectories (if they were
closed, it would coincide with a rectangle). However, we constrain
at least two opposite sides of the figure to be of equal length.
Why do we consider m-rectangles instead of rectangles? Firstly,
the language comprising of only rectangles is not context free.
The language comprising of only rectangles can be generated by
a more specific class of grammars called context-sensitive gram-
mars. A proof of this can be found in [23]. As a result, algorithms
of polynomial complexity for extracting such trajectories cannot be
constructed. Secondly, m-rectangles provide a degree of robustness
because they do not constrain the starting and end points of the
trajectory to coincide.

The m-rectangle language is Lm-rectangle = {amb+cmd+} and it
can model any trajectory comprising of four sides at right angles
(not necessarily a closed curve) with at least two opposite sides
being of equal length. Additionally, a regular grammar cannot be
used to model an m-rectangle. We show, in Appendix A, using the
pumping lemma for regular grammars that the m-rectangle gram-
mar is not a regular grammar and hence an HMM (or equivalent
regular grammar) cannot be used as a generative model for such
patterns.

Lemma 1. L = {amb+cmd+ |m ! 1} is not a regular language.

Proof. Shown in Appendix A. ✷

We note that although the m-rectangle language does not rep-
resent rectangles in the conventional sense, the language still en-
forces the rectangular shape based on the rectangular template
constraints. This is because the set of closed rectangular or square
shapes is a subset of the m-rectangle language Lm-rectangle. The
m-rectangle production rules in Fig. 4(b) decompose a rectangu-
lar pattern using a template consisting of more primitive patterns
such as four line patterns.

3. Syntactic signal processing algorithms

Until now, we have discussed how the target modes affect the
target dynamics and the use of the tracklet estimator to provide
us with estimates of the target mode. The Earley–Stolcke parser
is described in Section 3.1 which is used to compute the poste-
rior model probabilities in (5). We also describe the extensions to
the Earley–Stolcke parser required to implement the syntactic pat-
tern estimator for our specific application. Finally, in Section 3.3,
we describe how to combine the information from the distributed
cameras to infer the trajectory followed by the target.

3.1. The Earley–Stolcke parser

The Earley–Stolcke parser comprises the top-level of the syn-
tactic tracking architecture shown in Fig. 1. It accepts a string of
terminals as input and outputs a most likely production rule se-
quence that led to the generation of the observed symbols. In a
formal language context this is called stochastic parsing, since we
are parsing the language corresponding to the trajectory of the tar-
get. The Earley–Stolcke parser is a top down parser [15,24], and it
builds a parse tree that best describes a sequence of terminals,
namely, the modes followed by the target.

For the purposes of intent inference (which is a classifica-
tion problem), we are mainly interested in evaluating the pos-
terior probability p(θm|n1,n2, . . . ,nk) of an SCFG grammar θm

amongst m = 1, . . . ,M models generating the estimated mode se-
quence n1,n2, . . . ,nk . Here θm represents a grammar model de-
scribing a certain trajectory shape. In this paper, we consider lines,

arcs and m-rectangles as described in Section 2.3. The Earley–
Stolcke parser is able to compute the related likelihood probabil-
ities p(n1,n2, . . . ,nk|θm) in “real-time” by a single left–right pass
over the symbol string. The likelihood p(n1,n2, . . . ,nk|θm) is called
the sentence probability which is intuitively defined as the proba-
bility of the string n1,n2, . . . ,nk being generated by the grammar
represented by model θm .

In our specific application, we need to deal with noisy ob-
servations as well as large observations gaps. The extensions to
the standard Earley–Stolcke parser include the following features:
(1) model the uncertainties in the estimation of target modes
within the grammar and (2) incorporate issues with missing in-
formation in observation gaps. The problem of noisy observations
or perturbations in the estimated tracklets is incorporated into the
grammar modeling by assigning production rules with low proba-
bility to the auxiliary directions. Thus each emitting non-terminal
has an associated conditional probability mass function over all
the possible terminal symbols (modes in the set Θ). This obser-
vation probability mass function (pmf) is chosen to be symmetric
around the mode it is conditioned upon with an exponential fall-
off. An emitting non-terminal produces only one terminal symbol
corresponding to the target mode it is attached to in the grammar
model. However, to deal with uncertainty in the mode estimation,
each such emitting non-terminal has alternative production rules
for each target mode chosen according to the observation pmf de-
scribed above.

Any video surveillance task with a network of cameras also has
to account for the possibility of observation gaps where a target
cannot be tracked. Moreover, the problem of missed detections is
also possible where the target detection algorithm fails to identify
a target. In keeping within the SCFG framework, we deal with ob-
servation gaps by introducing a special symbol x which is used to
indicate the lack of information about the maneuvers of the tar-
get in camera blind spots. Such a modification implicitly assumes
that the cameras are synchronized in time. The special symbol x
is defined as a terminal symbol of the generating grammar. Every
emitting non-terminal is assigned an equal probability of emitting
this special symbol. This amounts to a uniform distribution over
emitting non-terminals. Such a distribution is intuitive because it
expresses the fact that we have no information about which termi-
nal symbol was generated. The modification to include the missing
symbol x and dealing with noisy tracklets leads to a more robust
grammar. Each of the grammar models in Section 2.3 has been
made robust in such a manner.

The evaluation of the sentence likelihoods given a certain gram-
mar model p(n1,n2, . . . ,nk|θm) is computed by the Earley–Stolcke
parser. The key quantity involved in the parser operation is the
inside probability p(X → ni, . . . ,nk; θm), where X ∈ N is a non-
terminal, ni, . . . ,nk are terminal symbols and θm is a given gram-
mar model. This quantity can be described as the probability that
a non-terminal X produces the observations ni, . . . ,nk given the
grammar model θm . If the non-terminal X = S is the start symbol,
then the inside probability p(S → n1, . . . ,nk; θm) is the same as
the sentence probability. The Earley–Stolcke parser computes the
inside probability recursively using a particular control structure
described below.

The control structure used by the parser to store the incomplete
parse trees is defined as

i : Xk → λ.Yu[α,γ ].
The upper-case letters X and Y are non-terminals, λ and u are
substrings of non-terminals and terminals, “.” is the marker that
specifies the end position for the partially parsed input and that
position is indexed by i, k is the starting index of the substring
that is generated by the non-terminal X . This control structure is
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Fig. 5. The pictorial representation of the state i : Xk → A.B , assuming the non-
terminal A has a production rule of the form A → nk . . .ni .

used by the parser to represent an incomplete parse tree. As the
parser receives each subsequent tracklet nk , it builds on the incom-
plete parse tree through a sequence of operations defined below.
An illustration of an example state i : Xk → A.B is shown in Fig. 5,
where A and B are non-terminals; the indices k and i specify the
beginning and the end of the substring respectively which the non-
terminal X can “explain” so far, and the index marker “.” specifies
the part of X ’s production rule that has been applied to explain
the substring. With the marker in front of the non-terminal B , B is
not yet applied, and the state is still incomplete. α is called the
forward probability and it is the sum of probabilities of all incom-
plete parse trees yielding the terminals n1, . . . ,ni . γ is called the
inner probability and it is the sum of probabilities of all incom-
plete parse trees yielding the terminals nk, . . . ,ni .

An illustration of the operation of both non-probabilistic and
probabilistic versions of the Earley–Stolcke parser is provided in
[15]. To initialize the parsing process, the dummy state 0 : 0 →
.S [1,1] is inserted, where the forward and inside probabilities are
initialized to 1. The dummy state simply says that at the index
position 0, the start symbol is applicable to parse the input string.
With the dummy state in place, the parser builds the parse tree by
iteratively going through three operations: prediction, scanning, and
completion.

The operations are applied sequentially, and each operation
works on the set of states produced by the previous operation.
Given a set of states (or just the initial dummy state at index 0),
the prediction operation searches for states whose index marker
has a non-terminal to the right of it, and those non-terminals,
with their production rules, are used to generate a set of predicted
states. From the predicted states, the scanning operator looks if
there are states whose index marker has a terminal to the right
of it. For those states whose terminal matches the input string at
the indexed position, their index marker is advanced by one po-
sition and produced as a scanned state. Lastly, from the set of
scanned states, the completion operation looks for states whose
index marker is at the end of its production rule. If any are found,
the states that generated those scanned states will have their index
advanced by one position. After processing all the input symbols,
the parser declares a successful parse by verifying whether the
state l : 0 → S. [αl,γl] exists in the final state set. The total length
of the string is denoted by l. The forward and inner probability of
this final state are equal and represent the sentence probability,
which is the likelihood p(n1:k|θm). The details of the three opera-
tions mentioned are discussed in turn below.

3.1.1. Prediction
The prediction operator adds states that are applicable to ex-

plain the unparsed input string. For all states of the form

i : Xk → λ.Yu [α,γ ],
where λ and u may be empty, Y is the non-terminal that could
possibly generate the next terminal in the input string, the opera-
tor adds Y ’s production rule

i : Yi → .v
[
α′,γ ′],

as a predicted state. The α′ and γ ′ are updated according to

α′ =
∑

λ,u

α(i : Xk → λ.Zu)RL(Z , Y )P (Y → v)

and

γ ′ = P (Y → v),

where RL is a reflective transitive closure of a left corner relation
and it computes the probability of indefinite left recursion in the
productions (details of the relation are provided in Section 3.2 and
further explanation can be found in [15]). A pruning capability can
also be embedded in the parser by discarding the predicted states
if its forward probability is lower than a threshold. This is espe-
cially useful to speed up parsing.

3.1.2. Scanning
The scanning operator matches the terminal in the input string

to the states generated from the prediction operator. For all states
of the form

i : Xk → λ.au [α,γ ],
where λ and u can be empty, the state

i + 1 : Xk → λa.u
[
α′,γ ′]

is added if the terminal at the index i + 1 of the input string is a.
The α′ and γ ′ are updated according to

α′ = α(i : Xk → λ.au)P (a)

and

γ ′ = γ (i : Xk → λ.au)P (a),

where P (a) is the probability of the input. It is noted that by in-
cluding P (a) in updating α and γ , the parsing process also takes
the input uncertainty in account.

3.1.3. Completion
The completion operator advances the marker position of the

pending predicted states if their derived states match the input
string completely. The scanned states whose marker is at the end
of their rule have the form

i : Y j → v.
[
α′′,γ ′′]

and each of them has a corresponding pending predicted state
with the form

j : Xk → λ.Yu [α,γ ].
The purpose of the completion operator is to find those pending
prediction states and advance their marker. It is important to no-
tice the relationship of the indices in the scanned state and the
pending prediction state. The indices of the pending prediction
state imply that the non-terminal Y is applied at the position j,
and the indices of the scanned state imply that the non-terminal
Y matches the substring from the index j to i. As a result, the two
states generate the complete state

i : Xk → λY .u
[
α′,γ ′],

which means that the pending prediction state can now explain
the substring from the index k to i. The associated α and γ prob-
abilities are updated according to

α′ =
∑

v

α(i : Xk → λ.Zu)RU (Z , Y )γ ′′(i : Y j → v.)

and
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γ ′ =
∑

v

γ (i : Xk → λ.Yu)RU (Z , Y )γ ′′(i : Y j → v.)

respectively, where RU is a reflective transitive closure of a unit
production relation and it computes the probability of an infinite
summation due to cyclic completions (explained in Section 3.2 in
more detail).

3.2. Implementation issues

This section deals with algorithmic issues that arise due to the
nature of certain production rules in an SCFG. The arrays RL and
RU that appear in the prediction and completion steps of Sec-
tion 3.1 are defined below. The following discussion is necessary
for the sake of reproducibility because the grammars we have de-
fined in Section 2.3 contain production rules that can cause the
Earley–Stolcke parser to undergo repeated prediction steps and
cycling of completion steps that may result in an infinite loop.
However, these situations can be fortunately dealt with in an effi-
cient manner and we follow the treatment in [11,15]. Consider the
grammar

S → Sa|a,
where the | symbol represents an OR relation. The Earley–Stolcke
parser will predict S → .Sa and A → .a at the first prediction step.
This will make the parser consider these newly predicted states for
further possible descent. As a result, the same states are produced
again. The repeated prediction of the states results in an infinite
summation for the parse probability. Such an infinite summation
can be accounted for by computing a total recursive contribution
for each left-corner relation. Two non-terminals X, Y are said to
be in a left-corner relation X →L Y if there exists a production for
X that has Y on its RHS, such that X → Yλ. We can thus define
PL which is the matrix of probabilities P (X →L Y ) defined as the
total probability of choosing a production rule for X that has Y as
a left-corner,

P (X →L Y ) =
∑

X→Yλ

P (X → Yλ).

Concurrently, we can also define a reflexive, transitive closure of
the left-corner relation X → Yλ. The closure is represented as the
relation X →∗

L Yλ iff X = Y or if X → Zλ and Z →∗
L Yλ. We

can now similarly define RL as the matrix of probability sums
R(X →∗

L Y ). Each R(X →∗
L Y ) is defined as a recurrence relation

R
(
X →∗

L Y
)
= δ(X, Y ) +

∑

Z

P (X →L Z)R
(
Z →∗

L Y
)
,

where δ(X, Y ) = 1 if X = Y and δ(X, Y ) = 0 if X ≠ Y . This can be
conveniently written in matrix notation as RL = I + PL RL , where
I is an identity matrix of the same size as the number of non-
terminals in the grammar. The closed form solution is thus given
by RL = (I − PL)

−1. A proof for the existence of RL is given in
[15]. The significance of the matrix RL is that its elements are the
sums of the probabilities of the potentially infinitely many predic-
tion paths leading from a state Xk → λ.Zu to a predicted state
Yi → .v , via any number of intermediate states. RL can be com-
puted once for each grammar and then stored for subsequent use
in all prediction steps.

A similar problem of cyclical completion (infinite loop) arises
due to unit production rules. Two non-terminals X, Y are said to
be in a unit relation X → Y if there exists a production for X that
has only Y on its RHS, such that X → Y . Just as in the left-corner
relation case, we define the matrix PU as the matrix of proba-
bilities P (X → Y ). The reflexive and transitive closure of the unit
relation leads to the relation X →∗ Y iff X = Y or if X → Z and

Z →∗ Y . We can now similarly define RU as the matrix of proba-
bility sums R(X →∗ Y ). Each R(X →∗ Y ) is defined as a recurrence
relation

R
(
X →∗ Y

)
= δ(X, Y ) +

∑

Z

P (X → Z)R
(
Z →∗ Y

)
.

This can be further written in matrix notation and solved to ob-
tained the closed form solution RU = (I − PU )−1 which is then
used in every completion step.

3.3. Data fusion in a multi-camera network

This section describes how to use the observations made by
different sensors to make a final decision regarding the multiple
hypotheses (different intents) being tested. A single camera in the
network is only able to make a myopic inference on the intent of
a person being tracked. For example, we know that a rectangular
trajectory as seen in Fig. 3 consists of 4 linear segments. A camera
observing only one of the linear segments of a persons trajectory
is more likely to classify the trajectory as being a line. However,
when the different parts of the trajectory as observed by different
sensors is jointly considered, a better inference can be made.

In this paper, we take the following approach to data fusion.
Each sensor transmits the posterior probability of each SCFG model
given the observed string at that sensor node to a central fusion
node. The central fusion node combines the posterior probabilities
received from each sensor node to obtain a fused density which
is used to determine the intent of the target being tracked. This is
done by assigning the intent to the model with the highest poste-
rior probability. The combination formula (also called a consensus
rule) CF : [0,1] J → [0,1] is a mapping from the posterior proba-
bilities computed by all the J camera sensors in the network to
a fused posterior density obtained at the central node. Consider
the case of J camera sensors each computing the posterior prob-
ability of a given SCFG model among M possible models provided
with the observation string n1, . . . ,nk . This is the exact scenario
depicted in Fig. 1. The posterior probability of the m-th model
computed by the j-th sensor is given by p j(θm|n1, . . . ,nk). With
this setup, we examine two consensus rules viz., the linear opin-
ion pool and the logarithmic opinion pool [25].

Linear opinion pool is a consensus rule which takes the form

CF (p1, p2, . . . , p J ) =
J∑

i=1

αi pi, (6)

where
∑

i αi = 1. The linear opinion pool is simple, it yields
a probability distribution and the weights αi can be used to
impart a notion of sensor reliability to the individual sensors
in the camera network. However, the linear opinion pool is
not a Bayesian decision maker because the consensus rule is
not derived from the joint probability using Bayes rules.

Logarithmic opinion pool is an alternative to the linear opinion pool
and the consensus rule takes the form

CF (p1, p2, . . . , p J ) =
∏ J

i=1 pαi
i∫ ∏ J

i=1 pαi
i

, (7)

where it is usually assumed that
∑

i αi = 1. The logarithmic
opinion pool treats the posterior probabilities coming from
each sensor independently and results in a Bayesian decision
maker. The main problem with this method is to decide how
to assign the weights αi .



V. Krishnamurthy, M.H. Fanaswala / Digital Signal Processing 21 (2011) 648–659 655

Fig. 6. An external building surveillance example. The camera placement is at the center of the building walls in (a) while the cameras are placed at the corners in (b).

4. Numerical examples of syntactic tracking

We present two examples of syntactic tracking using a dis-
tributed camera network. The first scenario is that of surveillance
of the exterior of a building while the second scenario is that of
surveillance inside the corridors of a building. Different people can
traverse the same path with different speeds or different cam-
eras may have different frame rates. These may lead to trajectories
of different scale. However, the recursive self-embedding property
of an SCFG imparts scale-invariance to the intent inference task.
We highlight this as a key feature of the approach presented and
demonstrate these concepts numerically in the following simula-
tions.

4.1. An external building scenario

The first scenario proposed is that of an external building
surveillance scenario. We initially simulate the case where the
mode estimates are noiseless and then examine the more inter-
esting noisy case. Consider the surveillance of a security-sensitive
building (like an embassy) depicted in Fig. 6(a). An alternative
placement of the cameras for the same scenario is shown in
Fig. 6(b). The surveillance is carried out using a network of cam-
eras on the exterior walls of the building. A typical CCTV camera
has an angle of view of 70◦ which heavily restricts the observable
field of view. In this simple scenario, we assume that the cam-
eras do not have zoom, pan or tilt capabilities. With four cameras,
each covering one side of the building, wide unobservable areas
called blind spots exist where targets cannot be reliably tracked.
The scenario shown in Fig. 6 depicts some different trajectories
that a target can exhibit. The usefulness of the scale-invariance
or self-embedding property of the SCFG model is apparent in the
fact that the target can maneuver at different distances away from
the building thus resulting in various scaled versions of the shapes
being considered. The SCFG model can account for this scaling im-
plicitly.

As explained in Section 3.1, the problem of observation gaps is
tackled by assuming that the cameras are synchronized and the
maneuvers of the target in unobservable areas are represented by
a special symbol x which has a uniform distribution over all the
possible emitting non-terminals.

4.1.1. Noiseless target mode estimates
We first consider noiseless syntactic tracking in the presence

of large observation gaps and non-overlapping views of the cam-
eras. The target is maneuvering around the building in a square
trajectory and large parts of the trajectory are occluded from each
sensors view. The actual intended trajectory is codified by the di-
rectional tracklet sequence {aabbccdd}. However, each of the sen-
sors only observe a linear portion of the trajectory. For example,
sensor 1 only observes the sequence {aaxxxxxx} while sensor 3
observes the sequence {xxxxccxx}. The posterior probabilities com-
puted at each of the sensors are shown in Figs. 7(a)–(d). Finally,
the data fusion approach of a linear pool in (6) and a logarithmic
pool in (7) as outlined in Section 3.3 is used to obtain a combined
posterior distribution over each model in Figs. 7(e)–(f). The pool-
ing is carried out assuming that each sensor is equally reliable and
hence equal weights are assigned in the consensus rule. However,
in scenarios where certain sensors are known to be more reliable
or when certain sensors have larger fields of view, the weights can
be appropriately chosen to reflect this reliability. Due to the larger
computational times required for the parsing, we choose to work
with small strings that aptly provide proof-of-concept.

We observe in Figs. 7(a)–(d) that the individual sensors cannot
discern the intent of the trajectory because of the large observa-
tion gaps. Each individual sensor only sees a line and hence each
individual sensor classifies the trajectory as a line in a specified di-
rection. A peculiarity is observed for sensor 4 which has a higher
posterior probability for the m-rectangle as compared to a line.
This is due to the fact that a smaller m-rectangle turns out to have
a higher likelihood than a long line. Nonetheless, in Figs. 7(e)–(f),
we immediately notice that the initial classification is that of a
line, however, as soon as the target appears to turn, the probability
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Fig. 7. The noiseless square trajectory in scenario 1. The posterior probabilities at each of the four sensors are shown in (a), (b), (c) and (d). The linearly pooled probabilities
are shown in (e) and the logarithmically pooled probabilities are shown in (f). The parameters are specified in Sections 2.2, 2.3.
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Fig. 8. The noisy square trajectory in scenario 1. The linearly pooled probabilities are shown in (a) and the logarithmically pooled probabilities are shown in (b). The
parameters are specified in Sections 2.2, 2.3.

of the trajectory being a line decreases and the other trajectories
take precedence. At the final instance, the m-rectangle receives the
largest posterior probability which results in a correct classification
of the target trajectory. Both the linear and logarithmically pooled
probabilities appear similar and there is no significant difference
worth commenting upon.

4.1.2. Noisy target mode estimates
Next, a noisy version of the same problem is simulated for the

square trajectory by considering noisy estimates of the tracklets.
For example, sensor 1 observes the string {ahxxxxxx} and sensor 3
observes the string {xxxxf cxx} while the intended actual trajectory
is {aabbccdd}. The second symbol in the sensor 1 measurement is
perturbed from a to h (this implies a perturbation of π

4 radians).
A similar perturbation occurs in the other sensors. The posterior
probabilities at each of the sensors are not useful for inferring the
trajectory due to the large observation gaps. However, from the
fused probabilities in Figs. 8(a)–(b), it can be observed that while
the linearly pooled probabilities indicate the m-rectangle as having
the largest posterior probability, the rectangular arc also receives a
high score. Moreover, these posterior probabilities are below 0.5
which does not imply a high confidence of discernibility. On the
other hand, the logarithmically pooled probabilities fare better by
clearly indicating the m-rectangle as the model with the largest
posterior probability. Due to the noisy estimates of the tracklets,
we also notice that the trapezoidal arc also has a significant poste-
rior probability in contrast with the noiseless case.

4.2. An internal hallway scenario

The second scenario that we consider is shown in Fig. 9(a). This
scenario emulates that of surveillance in the interior of a building
within its hallways. An example application could be monitoring
of school or office hallways for suspicious behavior. Because of the
narrow hallways, the field of view of cameras used indoors have to
be larger. The usefulness of the scale-invariance property of SCFGs
becomes clear when we consider that a target can traverse shapes
of different sizes if different corridors are used. A larger square tra-
jectory is shown in Fig. 9(b). Alternatively, different people could
traverse the hallways at different speeds thus leading to the self-
embedding of the directional tracklets. This occurs because the
tracklets are simply unit directional vectors without any notion of
magnitude. In both cases, the underlying SCFG modeling is able to

Fig. 9. An internal hallway surveillance example. A rectangular trajectory is shown in
(a) and a square trajectory is shown in (b) which are both cases of the m-rectangle
language. This example shows the scale invariance of the model due to different
sized m-rectangles.



658 V. Krishnamurthy, M.H. Fanaswala / Digital Signal Processing 21 (2011) 648–659

Fig. 10. The noiseless rectangular trajectory in scenario 2. The linearly pooled probabilities are shown in (a) and the logarithmically pooled probabilities are shown in (b).
The parameters are specified in Sections 2.2, 2.3.

Fig. 11. The noisy rectangular trajectory in scenario 2. The linearly pooled probabilities are shown in (a) and the logarithmically pooled probabilities are shown in (b). The
parameters are specified in Sections 2.2, 2.3.

recognize the trajectory without ad-hoc modifications to account
for scale.

4.2.1. Noiseless target mode estimates
The noiseless case of an m-rectangle trajectory is considered in

Fig. 10. The intended trajectory is given by the tracklet sequence
{aabbbccddd}. This scenario is different from the earlier external
building scenario because of the nature of the camera placement in
indoor scenarios. Some of the cameras do not merely measure lin-
ear sections of the trajectory. For example, the string observed by
sensor 1 is {aabxxxxxxd} which includes turn information as well
as the tracklet at the end of the trajectory. Intuitively, we would
expect a better intent inference which is apparent in the posterior
probabilities in Fig. 10.

4.2.2. Noisy target mode estimates
Finally, a noisy version of the rectangular trajectory is simulated

and the posterior probabilities are shown in Fig. 11. The intended
trajectory is the same, viz., {aabbbccddd}. However, as before, ran-
dom perturbations occur due to the noisy estimates provided by

the tracklet estimator. For example, the tracklets observed at sen-
sor 3 is {xxxxxggcxx}, where the sixth and seventh symbols have
been perturbed from c’s to g ’s (which corresponds to an error of
π
4 radians). The resulting fused posterior probabilities are shown
in Fig. 11. The fused probabilities in Figs. 11(a)–(b) are able to in-
corporate information from all the sensors and correctly classify
the trajectory as an m-rectangle even in the presence of noise and
large observation gaps.

5. Conclusions

The main highlight of this paper is the modeling of com-
plex target trajectories representing a certain intent by the use
of stochastic context-free grammars. SCFGs prove to be a useful
modeling tool because of the scale invariance that they impart
to trajectory identification. This is due to the fact that the same
grammar can be used to model scaled as well as noisy versions of
a specific trajectory. We also presented the Earley–Stolcke parser
to perform Bayesian estimation of the posterior model probabil-
ities. The extensions described in Section 3.1 allow us to extend
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the Earley–Stolcke parser to deal with missing and noisy observa-
tions. The SCFG-modulated state space presented in Section 2.2 is
a novel contribution of the paper to the person tracking applica-
tion. Our proposed two-level procedure of tracking and inference
is also advantageous because it allows the use of legacy trackers
while building on the intent inference engine. Finally, numerical
simulations were carried out in Section 4 that suitably demon-
strate proof-of-concept. We showed that by fusing the posterior
probabilities from individual sensors, an improved inference of the
target trajectory can be made even in the presence of large obser-
vations gaps and noisy target mode estimates. We believe that the
syntactic tracking conceptualized in this paper could be of consid-
erable value to surveillance applications.

Appendix A. Proof that Lm-rectangle is not a regular grammar

A.1. Pumping lemma for regular grammars

Let L be a regular language. Then there exists a constant K such
that if z is any string in L such that |z| is at least K , then we write
z = vwx, subject to the following conditions:

1. |vw| " K . This means that the substring to be pumped or the
loop must occur within the first K symbols.

2. w ! 1. Since w and x is the substring to be “pumped”, this
condition says that it cannot be empty.

3. For all i ! 0, vwix is in L. That is, the substring w may be
“pumped” any number of times, including 0, and the resulting
string will still be a member of L.

Lemma. L = {amb+cmd+|m ! 1} is not a regular language.

Proof. Suppose L is a regular language. Let z = aKbLcKdM . The first
condition dictates that |vw| " K which implies that vw can only
contain a’s. If w contains even one b then |vw| = K + 1 (which
would violate condition 1 of the pumping lemma), so consequently
w must also contain only a’s and at least one a (according to
condition 2 of the pumping lemma). If we now pump w which
contains at least one a, then the resulting string z = vwx will con-
tain more a’s than c’s. By contradiction, we can conclude that L is
not regular. ✷
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