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ARTICLE INFO ABSTRACT
Article history: Person Authentication in many scenarios at presaftes use of human gait — which is
Received 04 December 2015 believed to be unique for each individual. In thaper, we proposed an approach to
Accepted 22 January 2016 effectively identify persons using Human Gait iSmart Classroom. In the scenario of
Available online 14 February 2016 human identification, past attempts need humanpavation for person identification.
An outstanding advantage of gait is its potential being noticeable over long
Keywords: distances which does not involve any notificatiaoncontact with the subject. These
Gait Sgnature Extraction reasons make Gait as an excellent option for padsamntification. Hence we identified
Person Identification persons in smart classrooms using gait signatdiess. implementation provides us
Gait Recognition promising results in the accuracy of the persontifieation process.
INTRODUCTION

This research aims at incorporating intelligende ia classroom in order to detect intruders andtifje
authorized students/staff members without any humsemvention. The following is the inspirationaemario
of our research. We have seen in our classroomsevdteffs find it difficult to maintain the perfeattendance
list. There is another scenario where smart classschave introduced smart cards and biometricstetnsure
physical security, but every single security systezads human cooperation. One successful way mtifigland
authenticate students in these smart classrooryg issing video feeds from surveillance cameras w@sidg
Gait — walking style of a person, to uniquely idBnindividual people. Normally biometric autherditon both
physical and behavioral means need human interadiiocontrast, gait can be used to authenticgteraon
properly, without any human interaction.

There are two kinds of approaches in gait analydadel Free and Model Base (M. Sivarathinabala &nd
Abirami, 2014). A Model free approach generally tcaps the whole body dynamics and static featuyea b
concise representation such as silhouettes shapsunegnent. Model Free has a low computational aodt
faster computation compared to Model Free. Thegesarmany gait features that can be extracted sed for
gait analysis. Here in this work, we have been id@med model free approach. Gait Energy Image (&Ebne
of the prominent features used for gait analysis.

In this paper, our contribution lies in introduciggit to identify and authenticate the students ismart
classroom and automatically mark their attendanéenwthey simply walk in the door. We have been
considered Gait Energy Image (GEIl) as the featuiddntify the person accurately.

This paper has been organized as follows: Sectiotr@duces the previous works that have beenegrri
out in this research area. Section 3 describepritiosed methodology, 3.1 deals about preprocessipg and
3.2 details the way in which features are extraeed section 3.3 details about the classificatimcgdure.
Section 4 gives the implementation details andltgskinally, Section 5 concludes the paper.
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Related Works:

Various works in the field of video analytics haween devoted for gait recognition and they are estdd
in this section in detail with respect to the hundentification. Existing gait recognition technig) mainly fall
into two broad categories, namely model based amdehfree approaches. Model free approaches usemot
information directly extracted from silhouettes,ilshmodel based approaches fit a model for thedrubody
and represent gait using the parameters of the Imddeh are updated over time.

The recent works in the category of model basedagghes include: analysis of the discriminatory eow
of joint angle (S.X. Yangt al.,2014), the usage of Microsoft Kinect for skeletneasurement (J. Pressal.,
2012) and 3D approach using marionette and magsgsmodel (G. Ariyantat al., 2012). Recent trends in gait
recognition research seem to favor model free ambres since they are computationally less intensigge
robust to noise, and have a comparable or bettdorpgance compared with the model based ones on
benchmarking datasets (Han, J and Bhanu, B, 2006).

Ben Abdelkadeset al., (2004) proposes to represent gait using imagiésenilarity which measures the
similarity between pairs of silhouettes in a gaitjgence. It is claimed that the self-similaritynegentation of
gait encodes a projection of gait dynamics anéssstant to noise. In the model free approachesyin focus
is on motion pattern, irrespective of the undedystructure. Some of these approaches are: gaijeimage
(GEI), gait entropy image (GEnl) and gait flow inea@§>F1). An average of all the images over a gaitqa is
termed as gait energy image (GEI) (Han, J and BhAnA006) that represents the silhouette shaperaiibn
information in a single frame by maintaining itenfgoral information. Gait entropy image (GEnl) (&iBet al.,
2012) represents the randomness of pixel intensiti¢ghe GEI using Shannon entropy. So it invagiaalptures
the dynamic information of the gait without the pecation of a subject (K.Bashiet al.,2010). A
comprehensive survey of various current gait reitign techniques is given in (T.K.Leet al.,2014),
highlighting the challenges and issues relatedatbpgyocessing.

Proposed System:

In this research paper, we have tried to brindvenauthentication of a student in a smart classnoiihout
human intervention as well as to mark attendandenaatically. Initially, our person identificationystem
extracts gait signatures of every student aftepnoeessing. GEI and GlI are the features extractéloe feature
extraction phase and template images are createthdm. The classification phase differentiates pheson
based on their features. During the training phtesaplate images are created from their featurdstlaey are
trained using a multi class SVM classifier. Herstitey phase is efficient because even if the pergalks
slightly different or walks with different clothest could be identified. Once a person who walksidgn
authenticated, then his/her attendance will be sdhrdor the day. All the phases of person authetibica
process are explained here.

1. Pre-Processing:

In model free gait analysis, frames from the videquences are extracted from each human walkingaove
small period of time called one gait cycle. Nextitopre-processing phase (VidhuBala R. Vidya Saayaat
Abirami.S (2012)) includes background subtractiod ailhouette extraction. Once a background sutiraés
done, silhouettes are extracted and silhouettesnarmalized and centralized to the same size fathéu
processing.

2. Feature Extraction:

Here feature extraction, includes the extractiogaf signatures, like GEI (Gait Energy Image) (Haand
Bhanu, B, 2006) and GlI (Gait Information ImagehitGSignatures like GEI is computed by taking thierage
of all the images in one gait cycle of a personkimg. Gl is calculated by taking the average of thixel
intensities of all silhouette images in one gaitley The resultant image will be of high dimens{@,155*65
Jwhich will take more time to train and classifyehte this leads to reduce the dimension by perfami
dimensionality reduction. We chose Principal CongarAnalysis (PCA) to dimensionally reduce the asted
image. After performing PCA the dimension of thattee vector gets reduced by 155*2.

3. Classification:

Classification process is used to identify whetther person under test belongs to the class orHere,
multi class SVM is used in the classification pEgéBlessy Selvam and Abirami.S (2013)). Sincesdlare of
higher dimensions, PCA reduced feature vectordkas given as input to the classifier. Here thesifieer has
been trained with the gait signatures of everyqreis the classroom.

In the training phase, the feature vector extrafteih a gait sequence of a normal walking behaofdhe
students is used to train the classifier. Durirgtdsting phase when a person walks in, his/héfegtures are
extracted and it is given to multiclass SVM classifvhich correctly authenticates the person. Waegrerson
enters the smart classroom, background subtradsiatone followed by silhouette extraction. Usinggé
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silhouettes, Gait signatures are extracted and dfteensionality reduction gait feature vectors gemerated
and tested using a classifier to identify the odrrenique id of the students in the class. Subsgtyye
attendance is marked against that individual.
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Fig. 1: Framework for Person Identification using Gait
RESULTS AND DISCUSSION

The implementation of this gait recognition systeas been done using MATLAB (Version2014a). The
input videos have taken real time when the studemtsr into the classroom. Those real time videesuaed in
the creation of the training data set and testngl$o done using those real time videos takemensmart
classroom with a set of 15 students.

Figure 1(a) and (b) shows the results of pre-pingsstep involving background subtraction andosiitte
extraction.Figure 2 shows the results of feature extractioRljGfter taking the average of all the images over
the gait cycle. Figure 3 shows the mean image dfaBH the recovered image after classification.

S |

Fig. 1: (a) Original human silhouette with background sadtion.
(b) ROI of the original image after normalizatiand centralization.

Fig. 2: Results of feature extraction — GEIl Images
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Fig. 3: Mean Image and Classified Image

Performance Analysis:

In this work, we have considered two datasets Matablase (Han, J and Bhanu, B, 2006)13 subjects, 194
samples in the indoor environment and self genérdétabase which consists of 15 subjects, 300 ssmpkhe
indoor environment. The Classification results loé {proposed method using generated dataset inmbe s
classroom have been tabulated in the table. Cactassification rate (CCR) in Self generated dedalizas been
recognized. CCR rate has been shown in table.1.

Table 1: Performance evaluation

No of Subjects Self-Generated Database
Correct Classification Rate (CCR %)
Personl 88.4
Person2 98.5
Person3 92.3
Person4 93.4
Person5 94.5
Conclusion:

In this research, an automated gait based autl¢iotic system in a smart classroom is proposed to
automatically mark attendance for students to dlagsom intruders. This system has been proposed a
implemented with a significant feature vector gatien. These features are then trained for evativigual
and used during the testing phase. Here, the fitassised is simple multiclass Support Vector Maelsi
(SVM) classifier which is trained for 15 subjecatsa smart classroom. The proposed algorithm has tested
using real time videos captured in the classroohiés system has the ability to recognize studemtthée
classroom against teachers and intruders and donatically mark attendance for them successfully.
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