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Abstract—
Meetings or conferences play a crucial role in workplace dynamics. Active human participation is
the vital component of a group social dynamics in meetings or conferences. Smart meeting has got three
phases. They are capturing phase, processing phase and information exchanging phase. This work aims at
identifying the degree of participation, which makes sense that the involvement and the movement of every
participant are tracked. This can be used for future decision making. Also, the gestures, eye gaze frequencies
are also taken into account, while identifying the degree of participation of the participant.
Key Terms- Smart meeting
I INTRODUCTION
Meetings or conferences play a crucial role in workplace dynamics. Active human participation is the
vital component of a group social dynamics in meetings or conferences.
In order to save the time of transportation, most of the companies prefer smart meetings. In this concept,
no conveyance is needed and the person can attend meeting from anywhere.
Smart meeting has got three phases. They are capturing phase, processing phase and information
exchanging phase. The capturing phase is concerned with capturing the audio and video.
This phase aims at recognizing the person and the activity. The video is captured by an effective
camera and the audio is captured by a number of microphones placed on the table, ceiling and the collar of the
person. This is to enhance the quality of the audio.
All the captured audio and video are needed to be processed to get the expected outcome. The next
phase is the processing phase in which each participant is uniquely identified by the ID and the gestures and
movements of every participant are detected.
The speech is recognized by combining the voice and the face recognition, so as to detect the speaker
accurately. We also employ writing recognition algorithm to identify the written information on the board.
The degree of participation of the participant is found out and this is achieved by Hidden Markov
Models. The degree of participation makes sense that the how well the participant is involving in the meeting.
The processing phase initially does the following. It determines the action of each person in the
meeting by clubbing person identification, degree of participation identification and the gesture identification.
Using the above information, all the participant’s activity and gesture are grabbed at a single point of
time, in order to obtain the silent feedback that is through facial expression or gesture.
At last, all the above gathered information is taken into account and the system is learnt with the
meeting followed by the creation of useful models.
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Finally, all the meeting segments are labelled and indexed semi-automatically. Every segment of the
meeting is indexed so that the specific point of the meeting can easily be obtained.
This work aims at extracting frequent patterns of human interaction. These patterns are found to be
useful for the interpretation of the person’s participation in the meeting. Patterns make sense that the nonverbal
behaviour of the participant of the meeting. In this work, we consider the eye gaze movement, facial expression,
movement of the head, and posture of the body. All the above mentioned points are taken into account and the
action-reaction combinational pairs are traced out.
This information is quite useful to track the involvement and active participation
of the participant and also the true opinion or the remark of the participant can be figured out by the gesture of
the participant. SVM is employed as the discriminator to classify between the patterns.
This work distinguishes between the participants by means of a unique ID and this is achieved by RFID
cards. Each participant of the meeting has to swipe the card before entering into meeting, such that the ID gets
added to the participant’s list.
To be specific, the proposed work can be summarized as below.
1. Capturing Phase
This phase aims at recognizing the person and the activity. The video is captured by an effective
camera and the audio is captured by a number of microphones placed on the table, ceiling and the collar of the
person.
2. Processing Phase
This phase exploits the above gathered information to track the involvement and active participation of
the participant and also the true opinion or the remark of the participant can be figured out by the gesture of the
participant. SVM is employed as the discriminator to classify between the patterns.
3. Information Exchange Phase
In this phase, all the meeting segments are labelled and indexed semi-automatically. Every segment of
the meeting is indexed so that the specific point of the meeting can easily be obtained.
The remainder of the paper is organized as follows. Section II deals with the review of literature,
section III is presented with the proposed work and the conclusion is presented in Section IV.
II REVIEW OF LITERATURE
Human interaction in meetings has attracted much research in the fields of image/speech processing,
computer vision, and human computer interaction (see [9] for a full review).
Stiefelhagen et al. [10] used microphones to detect the current speaker and combined acoustic cues
with visual information for tracking the focus of attention in meeting situations.
McCowan et al. [11] recognized group actions in meetings by modelling the joint behaviour of
participants based on a two-layer Hidden Markov Model (HMM) framework.
The AMI project [12] was proposed for studying human interaction issues in meetings, such as turntaking, gaze behavior, influence, and talkativeness.
Otsuka et al. [13] used gaze, head gestures, and utterances in determining interactions regarding who
responds to whom in multiparty face-to face conversations. DiMicco et al. [14] presented visualization systems
for reviewing a group’s interaction dynamics, e.g., speaking time, gaze behaviour, turn-taking patterns, and
overlapping speech in meetings.
In general, the above-mentioned systems aim at detecting and visualizing human interactions in
meetings, while our work focuses on discovering higher level knowledge about human interaction.
There have been several works done in discovering human behaviour patterns by using stochastic
techniques. Bakeman and Gottman [15] applied sequential analysis to observe and analyze human interactions.
Magnusson [16] proposed a pattern detection method, called T-pattern to discover hidden time patterns
in human behaviour. T-pattern has been adopted in several applications such as interaction analysis [17] and
sports research [18].
A number of studies have been conducted on discovering knowledge about human actions by applying
the concept of data mining. Casas-Garriga [19] proposed algorithms to mine unbounded episodes (those with
unfixed window width or interval) from a sequence of events on a time line.
The work is generally used to extract frequent episodes, i.e., collections of events occurring frequently
together. Morita et al. [20] proposed a pattern mining method for the interpretation of human interactions in a
poster exhibition.
It extracts simultaneously occurring patterns of primitive actions such as gaze and speech. Sawamoto et
al. [21] presented a method for extracting important interaction patterns in medical interviews (i.e., doctorpatient communication) using nonverbal information.
The patterns are defined as a set of concurrently occurring primitives, e.g., utterance, gazing, and
gesture. Liu et al. [22] applied data mining techniques to detect and analyze frequent trajectory patterns for
activity monitoring from Radio frequency Identification (RFID) tag data.
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Cao et al. [23] proposed models and algorithms for mining frequent periodic human trajectories from
historical spatio-temporal data, such as mobile phone tracing.
In [24], the authors presented approaches to discover impact targeted activity patterns, i.e., identifying
those activities that are likely to lead to the targeted impact. Perera et al. [25] conducted sequential pattern
mining in collaborative learning data to characterize the behaviour of strong groups and group interaction.
The Discussion Ontology [26], which forms the basis of discussion methodology, was proposed for
discovering semantic information such as a statement’s intention and the discussion flow in meetings.
Unlike mining patterns of actions occurring together [19], [20], [21], patterns of trajectories [22], [23],
and patterns of activities [24], [25], our study aims at discovering interaction flow patterns in meeting
discussions, such as relationships between different types of interactions.
Although the Discussion Ontology also extracts discussion flow [26], it merely considers two intention
tags co-occurring frequently.
III PROPOSED WORK
This system comprises of three phases namely the capturing phase, processing and information
exchanging phase. The capturing phase deals with capturing both audio and video and this is accomplished by
several microphones placed on the table, ceiling and the collar of every participant, in order to capture the audio
clearly.
The video is captured by an equipped camera that has various built-in functionalities.
The processing phase deals with the recognition, in which the participant is uniquely identified by the
ID which arrived by simply swiping the RFID card, and then the ID of the participant is added to the list of
participants.
The gestures and movements of every participant are detected. The speaker is accurately identified by
combining the voice and the face recognition. The degree of participation is identified by the hidden markov
model and also a writing recognition algorithm is included to recognize the written information on board.
The information exchanging phase labels and indexes all the meeting segments semi-automatically.
Every segment of the meeting is indexed so that the specific point of the meeting can easily be obtained.
3.1 RFID Card
RFID card is employed to distinguish between the participants of the meeting and the reasons for why
RFID card is employed are given below.
1. RFID cards are embedded with anti-cloning technology, and thus they are safer than the traditional cards with
magnetic strips.
2. RFID tags ensure an advanced security rather than a traditional bar code and electromagnetic strips.
3. The anti-theft detection of Radio Frequency is found to be safer.
4. RFID cards are less prominent to damages.
5. RFID is advisable in terms of wireless data collection and faster registration.
3.2 Hidden Markov Model
The observation is turned to be a probabilistic function (discrete or continuous) of a state instead of an
one-to-one correspondence of a state Each state randomly generates one of M observations (or visible states) {v1,
v2,….vM}.
To define hidden Markov model, the following probabilities have to be specified: matrix of transition
probabilities A=(aij), aij= P(si | sj) , matrix of observation probabilities B=(bi (vm )), bi(vm ) = P(vm | si) and a vector
of initial probabilities =(i), i = P(si) . Model is represented by M=(A, B, ).
HMM Assumptions
Markov assumption: the state transition depends only on the origin and destination
Output-independent assumption: all observation frames are dependent on the state that generated them, not on
neighbouring observation frames
Issues in HMM
Evaluation problem. Given the HMM M=(A, B, ) and the observation sequence O=o1 o2 ... oK , calculate
the probability that model M has generated sequence O .
Decoding problem. Given the HMM M=(A, B, ) and the observation sequence O=o1 o2 ... oK , calculate the
most likely sequence of hidden states si that produced this observation sequence O.
Learning problem. Given some training observation sequences O=o1 o2 ... oK and general structure of HMM
(numbers of hidden and visible states), adjust M=(A, B, ) to maximize the probability.
O=o1...oK denotes a sequence of observations ok{v1,…,vM}.
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Forward Recursion
Initialization:
1(i)= P(o1 , q1= si ) = i bi (o1) , 1<=i<=N.
Forward recursion:
k+1(j)= P(o1 o2 ... ok+1 , qk+1= sj )
= i P(o1 o2 ... ok+1 , qk= si , qk+1= sj )
=i P(o1 o2 ... ok , qk= si) aij bj (ok+1 )
=[i k(i) aij ] bj (ok+1 ) , 1<=j<=N, 1<=k<=K-1.
Termination:
P(o1 o2 ... oK) = i P(o1 o2 ... oK , qK= si) = i K(i)
Complexity :
N2K operations.
Backward Recursion
Define the backward variable k(i) as the joint probability of the partial observation sequence ok+1 ok+2 ... oK
given that the hidden state at time k is si : k(i)= P(ok+1 ok+2 ... oK |qk= si )
Initialization:
K(i)= 1 , 1<=i<=N.
Backward recursion:
k(j)= P(ok+1 ok+2 ... oK | qk= sj )
= i P(ok+1 ok+2 ... oK , qk+1= si | qk= sj )
= i P(ok+2 ok+3 ... oK | qk+1= si) aji bi (ok+1)
= i k+1(i) aji bi (ok+1 ) , 1<=j<=N, 1<=k<=K-1.
Termination:
P(o1 o2 ... oK) = i P(o1 o2 ... oK , q1= si) =
i P(o1 o2 ... oK |q1= si) P(q1= si) = i 1(i) bi (o1) i
3.3 Writing Recognition Algorithm
A writing recognition algorithm has two phases namely segmentation and recognition.
Segmentation deals with the line and the word break, thus separating each character. This involves
identifying the boundary of the character and separating them for processing. Then the acquired data is preprocessed and enhanced to a good quality. The below given algorithm is an excerpt from [27].
Algorithm
Step1: For every character c in language
Step2: For every input i for the character c in test data
Step3: Generate Graph gci of i;
Step4: Generate graph t of input image;
Step5: For every character c in language
Step6: Use Genetic Algorithm to generate hybrid graphs;
Step7: Return character corresponding to graph with the minimum most fitness function (out of the graphs
generated in any genetic operation).
IV CONCLUSION
This system aims at identifying the degree of participation of every participant in a meeting and this is
accomplished by hidden markov model. A writing recognition algorithm which proves 98% accuracy in
detection that was excerpted from [27] is employed to find the written information on board. This system works
well in identifying the degree of participation.
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