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Abstract
In this paper, Firstly we discussed on monitorihg tjuality of video in network and proposing a tcalled “VQMT” (Video Quality
Measurement Tool) for automatic assessment of vigledity and comparing it with MOS (mean opiniors). Secondly; author
had proposed a tool called “ReGIMvizZ” for video datisualization and personalization system basedesnantic classification also
used fuzzy logic. And lastly we focus on “SOFAISIKT and Optical flow affine image Transform) teiciue for face registration in
video to improve action unit and its various algbms. Here, in every system the common area is AMNhitecture based on

supervised learning algorithm.
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1. INTRODUCTION:

Consideringdata mining (for use of various data’s) as major
source of experimentsartificial neural network (ANN)
based on supervised learningve focused on comparative
study on various applications built using this egst

This paper had undertake comparative study in areere
ANN use are: improving action units for face regitibn in
video using dense flow, automatic quality assessmevideo
sequences as well as for video data visualization a
personalization based on semantic organization.

As increasing in requirement of automation in tegbgy in

overall, one will require to focus on various resbaareas that
accomplished this. Artificial neural network is omenong
them that provides a powerful technique for solvimgny

problems in area such as: pattern recognition, datdysis,
motion control system, quality assessment, etc. Adtevork

model used here is “feedforward” network. The it

neuron receives input analogues to electrical isgsilthe
“dendrites” and the output correspond to signakést out
from neuron known as “Axon”. The signals can bengjeal or
processed by weights similar to change occur imédpges”
that is neural to neural. Neural networks have aopically

inspired modelling capability as it based on rdellbehaviour,
but are essentially statistical modelling tools. Bycessing
data using data mining techniques this model wibvjde

convenient output.

2. I TECHNIQUE “AUTOMATIC VIDEO
QUALITY ASSESSMENT BASED ON ANN*.

Now we discussed the first technique based on aatiom
quality assessment of video comparing with MOS.
reviewing this article, author had proposed thehwéology
for building correlation non-linear map between M@8d
technical measurement to assess video quality segaeising
ANN. By taking into consideration a little amountf o
information about original video (called reduceference)
author wants to prove on basis of certain metritngus
subjective test quality of video by taking into acnt the
human visual perception. An “VQMT” tool that hadedsfor
assessment of automatic video quality depicts Zerdifit
application uses in multimedia n/w namely:

1. N/w monitoring and applications.

2. VQMT inside decoder with feedback of quality araeters
into n/w.

In

Various metrics has taken into consideration fodewi

sampling such as: PLR (Packet Loss Rate), PSNRk(Pea

Signal to Noise Ratio), Mean Square Error (MSE)(Siatial
Indexes) and Tl (Temporal Indexes). By taking inmit
quality metrics information will process and withNA

solutions rating will be available bysing VQMT tool. On

the basis on SUPERVISED LEARNING” algorithm values
get processed with data taken by author from datgleh and
focus its experiment only considering CIF format.

Using PLR as parameter for measuring video qualityuld
get the resultant of packet loss rate for encoingdahe error
occur during digital communication. The other 2graeters
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such as Sl and Tl are used to measure the compladut
distortion information and TI to consider how mublgher
value the motion in adjacent frames will take.
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2.1 Experiments & Result:

The experiment results to test the ANN of 2 layeith 4
neurons (1 hidden layer) had taken with averadeoti EPFL
[5] (i.e. database on which video experiences had daoti€
and MOS, so to get closest mean human judgemevitied
observer’s judgement. Table 1 and 2 shows theteffdeSNR
on MOS.

Table 1.Mean Opinion Score

MOS | Quality Impairment

5 Excellent| Imperceptible

4 Good Perceptible but
not annoying

3 Fair Slightly
annoying

2 Poor Annoying

1 Bad Very Annoying

Table 2.PSNR on MOS

PSNR (db)] MOS

> 37 5 (Excellent)
31-37 4 (Good)
25-31 3 (Fair)
20-25 2 (Poor)
<20 1 (Bad)

The obtained score of queried video had highlysfiatl as it
shows that VQMT is correlated with human observer
performance (i.e. MOS), on basis of statisticalapaeters:
spearmen coefficient & Mean error between VOQMT and
MOS.

Points that not covered in this article are Not mentioned
the use of HDTV support with technical point, calalepth
raw file support and up to how much fps to meashieevideo

quality can be fulfil. Author had only focus on Cférmat,
other format information/experiment not covered.

3. 2% TECHNIQUE “INTERACTIVE VIDEO
DATA VISUALIZATION SYSTEM BASED ON
SEMANTIC ORGANIZATION".

To overcome low-level video description, lack oflsdility
for long documents and no integration of user pegfees in
visualization of video data , author had proposédoh called
“ReGIMviZ’-  which incorporates visualization and
personalization concept of video data on high lexetaction
to group of documents while semantic various cksse

Author had undertaken various comparative studiesuia
available visualization systems such as:

HURST ZOOMSLIDER system, MEDIA MILL browsing
tools for visualization, as well as SCHOEFFMANN stant

video browsing”[12], [13], [14], [15], [16]. All this system

had some disadvantages related to data scalaliigxing,

segmentation as well as unpleasant aspect duectovigual

feedback.

Author presented 2D Cartesian plane to displayufeat each
axis corresponds to feature selected by user. Eualization
interface is in form of neural n/w i.ebiological neural

function.

The framework “ReGIMviZ” had used in experimentiag
system that had divided into 3 parts: semanticsifiaation,
visualization and personalization. Semantic cléasaibn
based on video document model and index processidgo
document model represent 2 objects: keyframe & rigsc
vector.

1. The Keyframe that obtained by segmentation of
video document to represent visualization space, is
used to compute similarity distance between the
video data.

2. Descriptor vector represents concept and context
extraction.

a. Concept extraction used to construct vectors
of video data which processes video
sequences that divided into subsequence’s
(shots). As shot represented by a key frame
[17].

b. To improve similarity calculation between 2
concepts, various measurement had used
such as: LCH formula, FCS deduced from
NGD, etc.

An interface 2D allows visualization of data wittaim goal of
space. This model (i.e. visualization space) ipinasion of
biological neural network for represent the collattof space.
The various keyframe (node) activates each othar fo
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stimulates.Due to space limits the revelation of totality
document it should be well cken to be posted & thus us
model integratiorallows visualization on dematr

Video Collection concept vector
Ee

] Video Feature Extractio
— -
> Audio Feature Extractio

Personalization is based on fuzzy logithat provides greatt
flexibility to construct user profile. The systenogts the
global overview of video collection from databasel aafter
the entry of user choice, the system collects varimteres
centres, sdo render data access process became fast
providing relevantiocuments and eliminatirthe insignificant
documents that’s fulfil the main goal pérsonalization

3.1 Experiments & Result:

The work of video data collection here in test ghas
extracted from TRECVID company datab [11]. User based
evaluation had beerarried out by author by select 10 shots
and he experiment based on calculated semantic sityil
between documents by integrating personalizatiordut&
with high precision resulted user satisfactiwhile the results
get more enhance by considering relati@tween concepts
fuzzy framework.

Points that not covered in this article are: fuzzy logic
behaviour related to visualizatiomot well representeand
representation or8D semantic classification based ma
support of “ReGIMviZ".

4. 3% TECHNIQUE “IMPROVING ACTION UNIT
RECOGNITION USING DENSE-FLOW FACE
REGISTRATION IN VIDEO”.

The goal of this system is to align faces with -rigid muscle
motion in real-world streaming video mea-time and boost
facial AU (Action Unit) recognition performanc To
decompose facial behaviour into possiblgion unit: (AU)
one can achieved it with help béiman decode, according to
“FACS” (Facial Action Coding Standai [18]. The
Challenges to fulfil in the face registration faafistic date
are:

1. Rigid head motion and natigid muscle motio

2. Streaming datand changing resolution on f:

3. The pose comprises of bothtane rotation and o-

of-plane rotation

4. The frames should comply with temporal smootht
constraint

Author had provided solution by develog an approach
called “SOFAIT” thatbased o following:

Defined learninggased mode(SUPERVISED LEARNING)
to validate face registrationse holistic SIFT flow and optical
flow based affine transform, wrap the frame to fenence
with canonical posegxpression, and illumination and fina
wrap the subsequent frames to its previous fr

4.1 TechnicalApproach:

The initialization process is firstly to adopt Tl [19] - for
accurately recovelsymmetric structure al in-plane head
rotation.

SIFT flow Affine: compute SIFT flow frame to estimatert
aligning faces with respect to a reference face gh This
enables author system to tolerate an -of-plane head
rotation.

For temporal smoothness compute optical flow betv
consecutive frames, estate the affine transform and warp
video based on the cumulated affine warping mi

Finally validating the current registration (i.e. error fi result
using the binary classification model trained witrear SVM
on HOG feature.

Original
Image

Database Matc Wrapped and Transformed

Author had selectedwvatar reference face model genere
from GEMEPFERA training datas [21].

The TILT input face detected base on SIFT flow @mtical
flow on which apply affine estimation and incorporate
initialization to register the current ime Calculate HOG
feature and classify the feature using traineddedilbon mode
This approach had minor the -of-plane head rotation can be
corrected by employing structural inforrion from SIFT
flow. These methods perfo registration on 50 fps in real-
time processing.
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4.2 Experiments & Result:

Experiment had done with SOFAIT method comparingiih
EAI registration approach that can prove the existiction
unit system on basis of FERA and FERA2011 Ochaéleng
dataset[21], [22]. For overall AUs, author had selected
temporal length parameter to generalize registatchnique
on per-frame basis, thus to get best FlI score Hranpeter
value consider is 0.56 second hence, 14 closestefraill be
used to compute EAI representation.

Finally to get FI scores of leave-one-out crossidation,
author had carried out experiment using level-1 tava
referencg20] computed from MMI, CK+ and FERA datasets.
Points that not covered in this article areThe detected
action units are limited and no specification oflependent
facial feature point detection and tracking is give

CONCLUSIONS

In the first technique author had shown the usdgeab called
“VQMT” for measuring quality of video using ANN tha
enables objective evolution of a given video in selo
correlation with Human Visual System perceptionsétond
technique author has presented a video data vsitialn tool
called “ReGIMvizZ” that simply exploration, navigati and
access of documents in large scale video corpdrawiorking
of keyframe in this model based on ANN. And thetlas
technique introducing a video-based real-time faggstration
technique that generates temporally smooth regjistraesults
on basis of dense flow-based with robustness @ctieg an
error, noise, etc and thus boosting the AU recagmit
performance. In this technique too, author had sspervised
algorithm that base on ANN model for validating dac
registration. So our overall focus is on varioushtéques that
are base on ANN model and experiments of everynigaoke
are based on extraction of data using data mimaigrique.

FURTHER ENHANCEMENT

As above all mentioned techniques can further lseeteon
basis of recurrent neural network (RNN).

Unlike BPTT (Backpropagation through time) thatused in
above explained techniques, this algorithrtoél in time but
not local in space. RNN is influencing its inpuiestm through
output units connected to actuators affecting therenment.
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