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Abstract

Object behavior recognition is a fundamental task abounding in a multitude of
disciplines. This paper reviews a linguistically motivated approach to behavior
recognition using cost-augmented regular grammars to robustly classify arbitrary
sequential (in time or space) features, or events, of objects[2, 3]. Each object has
an associated sequence of features/events, which forms an object behavior to be
classified. In this approach, objects are represented as terminals, and predefined
object behaviors are represented by grammars, i.e. set of production rules. To al-
low for approximate object behavior matching, each grammar is augmented with
error production rules with associated learned costs. In this paper, objects are a
left hand or a right which have an associated sequence of features/events that are
hand gestures. A finite set of hand gesture types constitute the object features to
be studied and the hand behaviors are defined as particular temporal hand gesture
type sequences. This behavior recognition problem arises in various important
applications such as American Sign Language recognition and Human-Computer
Interaction. The experimental data in this paper is taken from the hand gesture
annotations of several hand-pointing video recordings used to simulate the hand
gesture behaviors of a particular Human-Computer Interaction scenario. Experi-
mental results are provided.

1 Introduction

Several researchers have seen the value in using linguistical teqniques for object behavior recogn-
tion. [] [] []. For this project, the approach used to classify sequences of hand gestures extends a
novel grammar based classifier introduced in [2] which is robust enough to classify approximate
behaviors by augmenting the grammar rules for each class of behavior and associate costs for each
augmenting. Thus, every sequence, whether seen before or not, will be classified as the class with
the least cost, i.e. the class it is most similar to.

Before explaining the linguistics-based classifier, it is worthwhile to review some formal language
theory behind the classifier. This involves defining context-free languages and the grammars used
to generate them, as well as defining regular languages and the machines that recognize them. First,
the organizational outline of the paper is given. The introduction continues in Section 1.1 where
formal language theory is reviewed for background and motivation. Section 2 describes the classifier
definition and software used in this application, along with the extensions to the classifier and its
software implementation. Section 3 describes the experiment: hand gesture dataset and all the
details that entail when using the classifier on a particular dataset. Finally, Section 4 shares related
work to that in this paper, along with the related disciplines that the classifier crosses, and finally
explores directions for further work to enhance the classifier. It also concludes the paper.
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Figure 1: Chomsky’s Hierarchy.

Figure 2: An example of two finite state automata. The start and final statse could be thought of as
being the Q1 state for each, but for reasons of being explicit, this paper chooses to explicitly separate
them from internal states).

1.1 Regular Languages, Finite Automata, & Context-Free Grammars

In complexity therory, Chomsky’s Hierarchy illustrates the relationship between the different classes
of languages. The two hierarchical classes that are relavant to this paper are context-free and regular.
Note, that any context-free language can simulate a regular language. [?] This is important because
although the classifier might classify soley classify behaviors represented as regular languages, as
will be seen later, the tools from context-free languages (e.g. context-free grammars) to represent
the regular languages are very useful.

A finite automaton (also known as a finite state machine) is defined by several five components. [?].
The first is the set of states in the machine. The second is the input alphabet (set of symbols that
it can work with). Third is the set of transition rules that say how to go from one state to another,
based on the input symbol. The last two components give the start state and set of accepting (final)
states. A finite automaton recognizes or accepts a particular sequence of symbols from its alphabet
if the the machine is brought to a final state when finishing parsing the entire sequence. An example
of two finite state machines, each with three states, are M1 and M2 which are in the figure below.
Assume M1, and M2 share the same alphabet, Σ ={a,b}.

The set of all sequences that are recognized by a finite state automaton is called the language of the
machine, and is by definition a regular language. [] Regular languages are the most restricted class.
They are generated by finite state machines that have fixed, finite memory for the past symbols. In
our example, the regular languages A and B accepted by M1 and M2, respectively are A = L(M1)
{s | s contatins at least one a and no b symbol } = {an minn ≥ 1} and B = L(M1) {s | s contatins
at least one b and no b symbol } = {bn | n ≥ 1}. The regular languages of a finite machine can be
thought of as context-free languages, which are represented by a list of transition rules from one
state to another, also known as syntax rules, production rules, or simply productions. [?]. The set of
rules make up a context-free grammar. The grammars for languages A grammar and B are given in
Table 1.

Table 1: A and B Grammars
B A

S → bQ1 S → aQ1
Q1 → bQ1 Q1 → aQ1

Q1 → b Q1 → a
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Table 2: Augmented Grammar Rules and Production Costs
B A
Rule Cost Rule Cost
S → bQ1 0 S → aQ1 0
Q1 → bQ1 0 Q1 → aQ1 0
Q1 → b 0 Q1 → a 0
S → bQ1 S(b,a) S → aQ1 S(a,b)
Q1 → aQ1 S(b,a) Q1 → bQ1 S(a,b)
Q1 → a S(b,a) Q1 → b S(a,b)
S → εQ1 D(a) S → εQ1 D(b)
Q1 → εQ1 D(a) Q1 → εQ1 D(b)
Q1 → ε D(a) Q1 → ε D(b)

By thinking of symbols in the alphabet Σ = {a,b} as feature/events of objects, then we can think of
the languages A and B as object behaviors. Given a sequence of events of an object s, e.g. s = aaaa,
then only one machine, e.g. M1, would recognize it. The sequence s is an instance of the behavior A.
Thus, we can use the tools from formal language theory to create a classifier that classifies instances
of objects behaviors (i.e. sequences of objects) as being either accepted or not by a predefined
finite automaton which recognizes only instances of a predefined behavior. The classifier would
be defined as parsing sequence s through both finite state machines M1 and M2 and classify the
sequence as taking on the behavior generated by the machine that accepts s. However, this classifier
would break down if it ever tried to classify a sequence of objects that does not belong to any of the
predefined behaviors since none of the finite automata would be able to recognize it. For example, if
the classifer tried to assign a behavior to s = aaaaaaaaaabaa, then it would not be able to. However,
our intuition tells us that s is very close to having behavior A and perhaps the b symbol was from
an error in the feature extraction process. There is a need for a more robust classifier which would
classify s to the behavior it is most similar to. This is where augmenting grammars come into play
and is discussed in the next section.

2 Description of Classifier

The grammar-based classifier chosen is robust enough to classify any sequence of object fea-
tures/events to the behavior that it is most similar to. [2, 3] The concept of similarity between
sequences and instances of behaviors (languages) is defined in terms of the cost it takes to transform
a sequence into a syntactically correct sequence belonging to that behavior. There are two operations
that are used to transform, or edit, a sequence into an instance of a predefined behavior: substitu-
tion and deletion. There is a cost associated with each edit operation. The notation is as follows.
Suppose there are N predefined behaviors B1,B2, . . .BN that are generated with their corresponding
finite state machines: M1,M2, . . .MN . Suppose you want to classify the behavior of object s which
is associated with the sequence of features s1s2 . . .sn. Then s = s1s2 . . .sn denotes a sequence of n
features si, i = 1 . . .n that needs to object behavior classification. Suppose s is not a sequence that
is not recognized by any of the predefined automata Mi, so it must be edited into a sequence that is.
In order to do so, the grammars that define the original languages need to be augmented in order to
have finite automata that are able to parse the unrecognizable sequence s. To do so, create an aug-
mented automaton M

′
i that adds augmented transition paths from state to state, allowing all states

to be transitioned with any symbol in Σ, but with a cost. The cost is associated with the operation
that would transform the current symbol in s that is being parsed to a correct one that would allow
a possible transition to the next state. Let S(a,b) denote the operation of substituting symbol b to
a and vice versa for S(b,a). Let D(a) and D(b) denote the operations of deleting symbol a and b
respectively. Denote these edit costs as CS(a,b),CS(b,a),D(a), and D(b). Figure 3 below shows the
modified machine M

′
1, the result of augmenting machine machine M1. The table of the augmented

grammar is shown as well in Table 2.

Now that we have denoted costs for editing sequences, we can define a distance measure used
in the classifier. Suppose that in order to edit sequence s into a syntactically correct sequence
allowed in behavior B, there needed to be nS(si,s j) number of substitutions and nsi number of
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Figure 3: The augmented finite state machine M
′
1 associated with original FSM M1. The original

syntax rules are in black, the substitution rules are in pink, and the deletion rules are in blue.

Figure 4: The process that the robust grammar-based classifier undergoes, ending with Minimum
Similarity Classification (MSC) to determine the classified behavior.

deletions. Then the distance from a sequence s and an instance of a behavior B is given by
d(s,B) = ∑

|Σ|
i=1 ∑

|Σ|
j=1 CS(si,s j))nS(si,s j) +∑

|Σ|
i=1 CD(si)nD(si)

[2, ?], the classifier undergoes a process referred to Maximum Similarity Classification, which
chooses the behavior B represented by the finite state machine M that outputed the smallest dis-
tance, as portrayed in the figure above, Figure 4.

2.1 Software Implementation

The project used MATLAB code from [2, 3] as a foundation to build upon. The classifier code parses
a test sequence through each augmented finite state machine that represents a predefined behavior.
As explained shortly, it uses set theory correlation to determine the behavior that parsed/edited the
test sequence of least cost.

In order to represent a particular behavior, or finite state machine, a unique approach is used. Each
finite state machine has its own MATLAB function which maintains the form of its augmented
grammar. The grammar rules are placed in a matrix P where each row pi is a vector corresponding
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to the ith grammar rule with its associated class. Therefore, each row has the form

pi = [state1 symbol state2 cost]

to represent a grammar rule: state1 → symbol state2 with a particular cost. As the classifier parses
through the sequence for each finite state machine M, it will be at a certain transition rule, nameley.

M j = [symbol state],

which transitions to the state on the current symbol of the sequence. The software uses a unique
and efficient way to perform the Minimum Similiarity Classification (MSC). For each rule in the
matrix P, it intersects the M j vector with the second and and third element of the rule ( which is
symbol and state). The output of this binary correlation is 1 if it matches and 0 if it does not. For
all rules in P that resulted in a match (intersection of true), the classifier chooses the rule with the
minimal cost (by taking the minimum of the 4th elements of the resulting matching rule). As a class
parses a sequence, it tallies the costs. Therefore, each class has an accepted cost associated with the
sequence to be classifed. By MSC, the sequence is classifed.

This is uniquely scalable to adding new behavior rules and creating new behaviors. If some-
one discovers there are new rules to a particular behavior, he or she needs to just concatanate a new
rule to the bottom of the P matrix. If he or she needs to reweight a rule that is already known, say rule
i, he or she needs to just change the pi4 element of the P matrix. If someone discovers a completeley
new type of behavior seen in the dataset, he or she just needs to create a new m-file with its own
P matrix. Thus, the software implementaion is very robust and scalable to deal with in the real world.

For this project, the software was used in the same way. Thus there were five m-files, one
for each behavior that maintained their own P matrix of augmented grammars. The project also
modularized the software to add to the softwares scalability factor and capability for general use to
any dataset.

3 Classifying Hand Gesture Behavior Experiment

Hand behavior based on hand gestures is a good application to use grammar-based classifiers[]. This
project assumes the features are hand gestures and are provided based on a certain feature extraction
method, i.e. using shape context[]. The project entails object behavior recognition on sequential
hand gesture data into using the Pointing04 HCM Finger Pointing dataset [] from the 2004 ICPR
Workshop. The purpose of this dataset was to provide a simulation of someone interacting with an
augmented reality system on top of the messy desk. In this case, the objects are the left and right
hand. The features/events are hand gestures. So we going to classify the left and right hand behavior,
according to the types of hand gestures the hand makes.

3.1 Description of Hand Gesture Dataset

The original raw data consists of twenty-four color-video recordings of peopleś hands (both left
and right) pointing at objects on a messy office desk. It is filmed using a head mounted camera
using three different lightings and backgrounds. The dataset recordings have corresponding
ground-truth data (labels) of hand gesture types for every frame of the video. There are three
types of hand gestures that are of interest: pointing with the thumb out, pointing with the thumb
in, and not pointing, plus one gesture labeled uncertain (see Figure 5). The uncertain label
came from the human annotator that viewed the recording and was unsure which gesture type
to label, therefore creating a gesture labeled uncertain. The labeled gestures by the annotator
are now referred to as annotated gestures. Each annotated gesture has a corresponding start and
end frame. These annotated dataset recordings are what compose the dataset for the proposed
project, since the project entails classifying behaviors of hand gestures. In addition, time infor-
mation is given with the dataset. Each hand gesture label in the dataset has an associated frame
start and frame end. The video was captured at 25 frames per second. Each annotated gesture
will be a symbol in a necessarily predefined alphabet. In addition, the finite set of hand gesture

5



Figure 5: The three gestures are the hand not pointing, i.e. making a fist (left), the hand point-
ing(middle), and the hand pointing with the thumb out (right).

behaviors that are to be classified must be defined using syntax rules (grammars) using this alphabet.

Note, that in the video clips, the person participating in doing the recording switches off us-
ing their left and right hands. Each time they switch hands marks a beginning and end to an object
sequence. There are 42 video clips. The people average to swich off their hands around ten times.
Based on this definition of object sequence, there ends up being a total of 416 sequences in the
dataset that are to be classified. o obtain test sequences of hand gestures for individual hands. are
extracted by There are a total of 416 sequences in this dataset.

3.2 Phase 1: Defining Behaviors

Defining the behaviors for this particular dataset presented its challenge. First, the ground truth
labeled dataset annotated the left hand and right hand separately into two different files. It was
difficult at first to come up with a way of determining what marks the beginning of a sequence and
what marks the end of a sequence. Then, the logical way occured to me: simply merge the left and
right hand labeled sequences into one long sequence. Since the left hand is an object and the right
hand is another, each time the hand changes in the sequence, that is the mark for a beginning and
end of a particular object sequence. Thus, the job is to model common behaviors seen from one
hand (either left or right).

Another task was to find the most common sequences seen in the dataset. This would define the
behaviors B1,B2, . . .BN as escribed earlier. In this experiment, the first attempt to finding these
common patterns of symbols was to automate the process using a form of string pattern matching
[]. A brute-force algorithm was tried by calling a string-matching program in MATLAB [] sliding
a window of varying widths over the sequence of symbols. The hope was to see what ‘substrings’
were most frequent and that perhaps these common substrings represented an intuitive behavior for
hand gestures. However, it was difficult to make any sense out of the results, so the plan for finding
common sequences ’pulled a 180’ and instead of trying to automate the creation of object behaviors,
one hundred percent intuition was used for finding the most common behaviors. This involved
watching the original video recordings of the various people interacting with objects using their
hands to see if they all used their hands in similar manner. Since each person who participated in the
recordings was told to maneuver his or her hands as if it was a mouse input device, this was possible.
The three common patterns (behaviors) were seen were simulating a mouse click represented by the
following gesture sequence: (point with thumb out - point with thumb in - point with thumb out),
moving the mouse around (fist), and pointing (point with thumb out)and different items on the desk.

However, there was too variety in the sequences of hand gestures to be able to classify sequences
into only three classes. The challenge was to find other common behaviors. In order to visualize
the hand gesture sequences in a way that would allow for a more convenient way to see patterns,
the sequences were plotted vs their symbol (feature) index in the sequence. Assume that one object
event, hand gesture, is like a gene in a motif (sequene of genes). [] Represent each object with a little
rectangle. The three behaviors are represented below as the regular expressions used to describe the
languages (behaviors.)

As done in [2, 3], sequences are visualized in various ways. The first of which was for each
sequence, do a histogram of the events (hand gestures) to see what the common gestures were in
that sequence. However, because of the loss of sequential information, this visual did not help me
as much in defining sequential behavior. The next visual I used required the sequences to be stored
in a matrix, one sequence per row. The number of columns was equal to the maximum length of all
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Figure 6: The four hand gesture objects seen in the dataset. Note unkown object is due to the fact
that the annotator was uncertain as to which had gesture was shown in a particular frame of the video
dataset. These objects are removed before classifying.

Figure 7: Histogram of example sequence of original feature data (left) and matrix of gesture se-
quences (right) from one video clip without capturing time information.

the sequences in that matrix. Thus, element Si j represents the jth symbol in the ith sequence. These
two figures are shown below. Note, that time is not a factor here because there is one symbol per
hand gesture event. Each hand gesture occurs for a period of time, but that is not taken in account
for these first visual aids.

However, this was not enough to see all common patterns. There came a realization that time
was not being portrayed in the sequences, since the data sequences had only one symbol per hand
gesture, not per frame, in the video. Thus, to incorporate time, a new dataset was created by
repeating every symbol in the original dataset the number of frames that it lasted in the video.
(Recall each hand gesture label is associated with a frame start and frame end of the video.) Since

Figure 8: Histogram of same sequence as previous figure (left) and matrix of same gesture sequences
(right) with capturing time information.
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Figure 9: Sequences of a particular video clip which portray the fist and point with click behavior.
The top figure displays the data where there is one symbol per gesture in this case, so the time
duration of each gesture is not factor. The bottom figure represents the same video clip but represents
it with one symbol per frame, so the time duration of each gesture is a factor.
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Figure 10: Sequences of a particular video clip which portray the click and fist with click behavior.
In the top figure, there is one symbol per gesture in this case, so the time duration of each gesture is
nota factor. The bottom figure represents the same video clip but represents it with one symbol per
frame, so the time duration of each gesture is a factor.
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Figure 11: Probability distribution of dataset. This shows an error made when defining behaviors:
point-click-point was not that common! It should most likely be removed and then the point behavior
probability would get increased.

the videos are captured at 25 frames per second, each sequence in the new dataset has a hand gesture
feature symbol every 40 milliseconds. The resulting figure captures the same video recording as in
the previous one, except with the new dataset. It is clear how important it is to capture time as a
parameter when trying to find behaviors.

Now visually looking at all 41 S matrices (since there is a matrix of sequences for every
video recording and there are 41 video recordings) in the same manner as in the previous figure, I
was able to find two more additional behaviors. They were from people pointing their hand around,
then clicking with their hands, then pointing their hand around again. Similarly, the second behavior
seen was fist-click-fist, which was like the individuals moved their hand around like a mouse, then
clicked, then moved their hand around again. The final set of behaviors B1 to B5 are represented
in both their finite state machines and in their context-free grammar rules as seen in the following
figure and table and also colored-matrix diagram. Note that figure show both the color matrix
diagrams for the original dataset that did not encapsulate time, and the new dataset which does.

The next step was to add the augmented rules, shown in the figure. Thus, I was able to create
five MATLAB m-files, each their own P matrix corresponding to the set of production (syntax) rules.

I also had to create the ground truth. Using my domain knowledge of watching all the videos and
being familiar with operating a mouse for a computer, I could label each sequence in the dataset as
one of the five predefined behaviors: B1 = point (pointing index finger around); B2 = fist (moving
a hand around like moving a mouse around); B3 = click (like a left-click of a mouse); B4 pointing
with click (pointing index finger around then clicking then pointing index finger around); and
finally B5 = fist-click-fist (moving mouse around, clicking, moving mouse around.). The inherit
probability distribution of these behaviors in the dataset is as follows. (Note, that one mistake I
made in the experiment was not plotting this in the beginning. I would have clearly seen that B4 is
not as common as I thought.
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Figure 12: finite state automata for all defined behaviors

Table 3: True Postive Rate of Classifier for Uniform Costs
True Postive Rate

B1 0.92
B2 0.79
B3 0.53
B4 0.67
B5 0.63

Grammars
Point Fist Click Point with Click Fist with Click
S → bQ1 S → aQ1 S → cQ1 S → bQ1 S → aQ1
Q1 → bQ1 Q1 → aQ1 Q1 → cQ1 Q1 → bQ1 Q1 → aQ1
Q1 → b Q1 → a Q1 → bQ2 Q1 → cQ2 Q1 → cQ2

Q2 → bQ2 Q2 → cQ2 Q2 → cQ2
Q2 → cQ3 Q2 → bQ3 Q2 → bQ3
Q3 → cQ3 Q3 → bQ3 Q3 → bQ3
Q3 → c Q3 → cQ4 Q3 → cQ4

Q4 → cQ4 Q4 → cQ4
Q4 → bQ5 Q4 → aQ5
Q5 → bQ5 Q5 → aQ5
Q5 → cQ2 Q5 → cQ2
Q5 → b Q5 → a

3.3 Phase 2: Defining Costs

The classifier described in [2, 3] requires the costs for each augmented grammar rule to be manually
inputted. In [2, 3], costs were empirically found and also use of domain knowledge of characteris-
tics of the behaviors to be classified came into play. Recall this requires learning the substitution
and deletion costs for each augmented grammar rule. See the table for the augmented grammars
for each behavior. (Note for lack of space, the augmented rules using the delete edit were not shown.)

For this experiment, before attempting to try to learn any costs, the substitution and deletion costs
were assigned initially to be each a value of 1. The resulting confusion matrix [] is shown below.
The true positive rate [] for classifying each behavior is given below

To try something different than the process in [2, 3], there was an initial attempt to learn the costs
by combinatorially varying each type of substitution cost (S(a,b),S(a,c), . . . and simulataneously
vary which behavior’s costs were being varied. This of course is too many combinations, so not all
combinations could be considered. Of the ones that were experimented (a total of 150 combinations
were tried), the costs that acheived the best true postive rate are tabulated below.

One final attempt to do something new in determining the costs for a classifier, which in my opinion
is a very important extension, was to enable distinguishing substitution costs for symbols based on
which transition it is used on. Instead of assigning one fixed costs for substituting S(a,b), assign a
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Table 4: True Postive Rate of Classifier for best Empirical Costs
True Postive Rate

B1 0.92
B2 0.79
B3 0.57
B4 0.67
B5 0.7

Table 5: True Postive Rate of Classifier for Domain Knowledge Costs
True Postive Rate

B1 0.86
B2 0.80
B3 0.69
B4 0.67
B5 0.58

specific S(a,b) for each transition in the finite state machine. This is imnpornat because the cost
of editing a particular symbol is dependent on what part of the finite state machine (where in the
behavior) it is. So, in the experiment, I went through and intuitively came up with either a low (1),
medium (2), high(3), extremely high (4) or almost impossible (5) cost for each transition edge, and
for each behavior. (See table for assignments.) The higher the cost, the important it was to distin-
guish that transition for that behavior with the same transition rule for another behavior. To compare
between the classifiers created using empircal costs and those created using my intuition-based
costs, they are plotted in ROC space. [] in Figure 13. It is surprising that the classifiers that had
more intuitive costs did not perform as well. I think this is because I was the person that manually
labeled the behaviors of each sequences (the ground truth.) When I labeled them, I did not put an
intense amount of thought into it, because I did not want to have biased results. I simply labeled it
what it seemed most like. I didn’t consider that the same sequence could be classifed perhaps easily
as more than one. This process gets extremely into the detail behind these behaviors, and is a must if
future work on these hand gesture datasets were to be continued. Since this particular dataset is re-
ally a toy dataset for purposes if introducing the classifier in [2, 3], the results were sufficient enough.

To conclude, the process of learning costs was reviewed. The exact costs that were selected
are tabularized, so that these results may be easily verified.

After working with costs and this classifier, some future work will be very exciting to find out, since
the difficulty to working with this classifier is the need to come up with the cost for each grammar
rule. For this to be scalable, future work is planned to help in automating this process. In addition,
future work may consider using an ensemble of classifiers, each with costs learned a different way.
This would introduce another parameter: weighting of classifiers. This could be learned as well.
It also would be interesting for future work, if the symbols (events) that are generated from some
feature extraction level carried with them a confidence value of how sure the feature-extraction
method was in labeling that data that certain feature label. If so, then this could effect the cost for
substituting other features/objects in for that one. This is probably going to much in too detail but it
would be worth trying out for future work.

Table 6: Costs that were found empirically
B1 B2 B3 B4 B5

S(b,a) 4 1 2 1 1
S(b,c) 1 1 1 4 1
S(c,a)3 1 1 1 1 1
S(c,b) 1 1 1 1 1
S(a,b) 1 2 1 1 4
S(a,c) 1 1 1 1 1
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Figure 13: Instances of classifiers created using either the empirical costs or the costs based on
intuition or domain knowledge of the behavior.

Table 7: Confusion Matrix using Intuitive Costs
True B1 True B2 True B3 TrueB4 TrueB5

Classified B1 66 50 18 0 2
Classified B2 2 233 2 0 49
Classified B3 6 6 75 1 39
Classified B4 2 0 8 2 11
Classified B5 0 4 5 0 142

Table 8: Confusion Matrix using Uniform Costs
True B1 True B2 True B3 TrueB4 TrueB5

Classified B1 70 52 32 0 4
Classified B2 2 230 2 0 44
Classified B3 2 6 57 1 30
Classified B4 2 0 8 2 11
Classified B5 0 5 9 0 154
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Table 9: Augmented Grammar Rules and Production Costs
Point Fist Click Point w Click Fist w Click
Rule Cost Rule Cost Rule Cost Rule Cost Rule Cost
S → bQ1 0 S → aQ1 0 S → cQ1 0 S → bQ1 0 S → aQ1 0
Q1 → bQ1 0 Q1 → aQ1 0 Q1 → cQ1 0 Q1 → bQ1 0 Q1 → aQ1 0
Q1 → b 0 Q1 → a 0 Q1 → bQ2 0 Q1 → cQ2 0 Q1 → cQ2 0
S → bQ1 S(b,a) S → aQ1 S(a,b) Q2 → bQ2 0 Q2 → cQ2 0 Q2 → cQ2 0
S → cQ1 S(b,c) S → cQ1 S(a,c) Q2 → cQ3 0 Q2 → bQ3 0 Q2 → bQ3 0
Q1 → aQ1 S(b,a) Q1 → bQ1 S(a,b) Q3 → cQ3 0 Q3 → bQ3 0 Q3 → bQ3 0
Q1 → cQ1 S(b,c) Q1 → cQ1 S(a,c) Q3 → bQ2 0 Q3 → cQ4 0 Q3 → cQ4 0
Q1 → a S(b,a) Q1 → b S(a,b) Q3 → c 0 Q4 → cQ4 0 Q4 → cQ4 0
Q1 → c S(b,c) Q1 → c S(a,c) S → aQ1 S(c,a) Q4 → bQ5 0 Q4 → aQ5 0

S → bQ1 S(c,b) Q5 → bQ5 0 Q5 → aQ5 0
Q1 → aQ1 S(c,a) Q5 → cQ2 0 Q5 → cQ2 0
Q1 → bQ1 S(c,b) Q5 → b 0 Q5 → a 0
Q1 → cQ2 S(b,c) S → aQ1 S(b,a) S → bQ1 S(a,b)
Q1 → aQ2 S(b,a) S → cQ1 S(b,c) S → cQ1 S(a,c)
Q2 → aQ2 S(b,a) Q1 → cQ2 S(b,c) Q1 → cQ2 S(b,c)
Q2 → cQ2 S(b,c) Q1 → aQ1 S(b,a) Q1 → aQ1 S(b,a)
Q2 → aQ3 S(c,a) Q1 → aQ2 S(c,a) Q1 → aQ2 S(c,a)
Q2 → bQ3 S(c,b) Q1 → bQ2 S(c,b) Q1 → bQ2 S(c,b)
Q3 → aQ3 S(c,a) Q2 → aQ2 S(c,a) Q2 → aQ2 S(c,a)
Q3 → bQ3 S(c,b) Q2 → bQ2 S(c,b) Q2 → bQ2 S(c,b)
Q3 → cQ2 S(b,c) Q2 → aQ3 S(b,a) Q2 → aQ3 S(b,a)
Q3 → aQ2 S(b,a) Q2 → cQ3 S(b,c) Q2 → cQ3 S(b,c)
Q3 → a S(c,a) Q3 → aQ3 S(b,a) Q3 → aQ3 S(b,a)
Q3 → b S(c,b) Q3 → cQ3 S(b,c) Q3 → cQ3 S(b,c)
Q1 → a F(a) Q3 → aQ4 S(c,a) Q3 → aQ4 S(c,a)
Q1 → b F(b) Q3 → bQ4 S(c,b) Q3 → bQ4 S(c,b)
Q1 → c F(c) Q4 → bQ4 S(c,b) Q4 → bQ4 S(c,b)
Q2 → a F(a) Q4 → aQ4 S(c,a) Q4 → aQ4 S(c,a)
Q2 → b F(b) Q4 → aQ5 S(b,a) Q4 → bQ5 S(a,b)
Q2 → c F(c) Q4 → cQ5 S(b,c) Q4 → cQ5 S(a,c)

Q5 → aQ5 S(b,a) Q5 → aQ5 S(b,a)
Q5 → cQ5 S(b,c) Q5 → cQ5 S(b,c)
Q5 → aQ2 S(c,a) Q5 → aQ2 S(c,a)
Q5 → bQ5 S(c,b) Q5 → bQ5 S(c,b)
Q5 → a S(b,a) Q5 → b S(a,b)
Q5 → c S(b,c) Q5 → c S(a,c)
Q1 → a F(a) Q1 → a F(a)
Q1 → b F(b) Q1 → b F(b)
Q1 → c F(c) Q1 → c F(c)
Q2 → a F(a) Q2 → a F(a)
Q2 → b F(b) Q2 → b F(b)
Q2 → c F(c) Q2 → c F(c)
Q3 → a F(a) Q3 → a F(a)
Q3 → b F(b) Q3 → b F(b)
Q3 → c F(c) Q3 → c F(c)
Q4 → a F(a) Q4 → a F(a)
Q4 → b F(b) Q4 → b F(b)
Q4 → c F(c) Q4 → c F(c)
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Table 10: Augmented Grammar Rules and Production Costs
Point Fist Click Point w Click Fist w Click
Rule Cost Rule Cost Rule Cost Rule Cost Rule Cost
S → bQ1 0 S → aQ1 0 S → cQ1 0 S → bQ1 0 S → aQ1 0
Q1 → bQ1 0 Q1 → aQ1 0 Q1 → cQ1 0 Q1 → bQ1 0 Q1 → aQ1 0
Q1 → b 0 Q1 → a 0 Q1 → bQ2 0 Q1 → cQ2 0 Q1 → cQ2 0
S → bQ1 2 S → aQ1 1) Q2 → bQ2 0 Q2 → cQ2 0 Q2 → cQ2 0
S → cQ1 1 S → cQ1 1 Q2 → cQ3 0 Q2 → bQ3 0 Q2 → bQ3 0
Q1 → aQ1 1 Q1 → bQ1 2 Q3 → cQ3 0 Q3 → bQ3 0 Q3 → bQ3 0
Q1 → cQ1 4) Q1 → cQ1 4 Q3 → bQ2 0 Q3 → cQ4 0 Q3 → cQ4 0
Q1 → a 1 Q1 → b 1 Q3 → c 0 Q4 → cQ4 0 Q4 → cQ4 0
Q1 → c 2 Q1 → c 1 S → aQ1 4 Q4 → bQ5 0 Q4 → aQ5 0

S → bQ1 1 Q5 → bQ5 0 Q5 → aQ5 0
Q1 → aQ1 4 Q5 → cQ2 0 Q5 → cQ2 0
Q1 → bQ1 1 Q5 → b 0 Q5 → a 0
Q1 → cQ2 1 S → aQ1 4 S → bQ1 4)
Q1 → aQ2 4 S → cQ1 2) S → cQ1 2
Q2 → aQ2 S4 Q1 → cQ2 1 Q1 → cQ2 1
Q2 → cQ2 1 Q1 → aQ1 1 Q1 → aQ1 1
Q2 → aQ3 4 Q1 → aQ2 2 Q1 → aQ2 2
Q2 → bQ3 1 Q1 → bQ2 1 Q1 → bQ2 1
Q3 → aQ3 4 Q2 → aQ2 3 Q2 → aQ2 3
Q3 → bQ3 1 Q2 → bQ2 1 Q2 → bQ2 1
Q3 → cQ2 1 Q2 → aQ3 2 Q2 → aQ3 2)
Q3 → aQ2 4 Q2 → cQ3 1 Q2 → cQ3 1
Q3 → a 3 Q3 → aQ3 3 Q3 → aQ3 3
Q3 → b 1 Q3 → cQ3 1 Q3 → cQ3 1
Q1 → a 50 Q3 → aQ4 4 Q3 → aQ4 4
Q1 → b 3 Q3 → bQ4 1 Q3 → bQ4 1
Q1 → c 3 Q4 → bQ4 1) Q4 → bQ4 1
Q2 → a 4 Q4 → aQ4 4 Q4 → aQ4 4
Q2 → b 3 Q4 → aQ5 4 Q4 → bQ5 4
Q2 → c 0 Q4 → cQ5 1) Q4 → cQ5 1

Q5 → aQ5 2 Q5 → aQ5 2
Q5 → cQ5 1 Q5 → cQ5 1
Q5 → aQ2 3 Q5 → aQ2 3
Q5 → bQ5 1) Q5 → bQ5 1
Q5 → a 4 Q5 → b 4
Q5 → c 3 Q5 → c 3
Q1 → a 50 Q1 → a 50
Q1 → b 50 Q1 → b 50
Q1 → c 50 Q1 → c 50
Q2 → a 50 Q2 → a 50
Q2 → b 50 Q2 → b 50
Q2 → c 50 Q2 → c 50
Q3 → a 50 Q3 → a 50
Q3 → b 50 Q3 → b 50
Q3 → c 50 Q3 → c 50)
Q4 → a 50 Q4 → a 50
Q4 → b 50) Q4 → b 50
Q4 → c 50 Q4 → c 50
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4 Related Work, Future Work, & Conclusion

This section explores the work similar to that of in this paper, along with the related disciplines
that each parts of the classifier seems to be an instanc of. After stating the certain related work or
discipline, ideas for future work for the presented classifier are stated.

4.1 Related Work

The work that is most related to this is another state-based classifier approach to representing and
recognizing hand gestures [1]. The work here defines gestures by interpreting the motion trajectory
of a hand movement as sequences of configuration states. I believe a lot can be learned from this
paper and be used for possible future work for the classifier at hand. For example, in [1], they
present a technique for learning prototype trajectories (i.e. behaviors defining gestures) and defining
the configuration states along each prototype from raw sensor data. This will be helpful in attempting
to define behaviors to be used in the classifier.

Other work on recognizing hand gestures uses Hidden Markov Models.cite The main differences
between Hidden Markov Models and this classifier, is that the classifier in this paper uses more
domain knowledge of the behavior. This is because the states in each behavior model are known a
priori, whereas in HMMs, the states are hidden. Another difference is that the transition costs must
be probabilities in HMMs. Also, a lot of projects that recognize hand gestures using HMMs, use as
motion-based features instead of shape features. It is believed that this is one of the reasons those
projects don’t do as well.[]

For future work, it will be advantageous to explore in depth the related disciplines that this class-
fier touches since other disciplines have put a lot of thought into formaling theory. For example
computational/statistical mechanics have developed a huge theory called symbol dynamics [] which
work with substitutions of sequences. Genetic Algorithms are common for string pattern matching.
Grammar inference (or rather, approximate grammar inferencing since the former is an NP-complete
problem!) is itself a huge in complexity and machine learning [] and involves learning the grammar
rules from the data. There is a field for different algorithms to approximate it [] Anomaly Detection
is popular in many fields and there has been a huge amount of research in determining if a certain
behavior is new or similar to a predefined one. Advanced measures such as complexity vectors from
finite state machines, not Kolmogorov complexity which is a scalar are seen in this field.[] Regular
languages are in itself very powerful. The regular operations such as union, concatenation can be
used perhaps for defining higher-level object behaviors, by unioning two behaviors.

To conclude, I believe in my heart that by learning how this classifier is mapped to the various
related disciplines, the methods to learn costs, grammars will be revealed, and the classifier will be
enhanced with features to allow it to be scaled to data/behaviors applicable to the real world and be
used in the global war on terrorism to save lives.
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