J. Electrical Systems 20-3 (2024): 6245-6252

Dileep J* . Detection of Principal
Dr. Supriya Vedagiri?
Dr. Manjunath Ramachandra? Component Features for
Person Identification in osibi
. ectrical
Video Systems
Abstract

In the field of pattern recognition, computer vision and biometrics, various applications are found and brought into real-time application
use. Person Detection system made possible to the modern world to achieve better and faster surveillance in crowded areas as it is
impossible for human. Person Detection Model consists mainly of three stages namely: Pre-processing, Feature Extraction and
Classification. This work explored with Subspace techniques, like Principal Component Analysis (PCA) and Fisher Linear Discriminant
Analysis (FLDA) as feature extractors. Learning Vector Quantizer (LVQ) was used as multi-layer network classifier. 100% Recognition
rate was obtained using PCA and FLDA through LVQ classifier for Visual Tracker Benchmark Database. 91.67% Recognition rate
was obtained using PCA with LVQ classifier for Home Video database. Many challenges were addressed in this research such as
variation in light, pose variations (>20 degree) and variation of facial expressions in video. Two minutes of minimal Execution time is
required. 100% accuracy was obtained considering 1000 epochs.

Keywords: Principal Component Analysis Linear Discriminant Analysis, Feature Extraction, Learning Vector Quantizer, Multi-layer
Classifier

1. INTRODUCTION

Computer vision basically understands and interprets two-dimensional images, as to identify objects individually and to
understand the shape and size. An individual possesses different trait, which is distinct to oneself and differentiates from
other individuals. Face recognition is one of the natural, nonintrusive and easy to use field, where in human’s can be
monitored without interruption. To identify a person, there exist multiple technologies like Iris based, Finger print based,
retina-based person detection system. Biometrics gives a unique solution as to identify different individual based on traits
obtained from the respective individual and can be identified for further implementation of various applications. It is
recommended to identify a person using biometric traits rather than conventional passwords and PIN (Personal
Identification Number)-based approaches. Biometric identification techniques have limitations. Research happened more
in Face recognition with respect to images. Limited research is happening with respect to videos.

A Strong Video Database called Home Video database is taken which contains 6,000 frames. Frames are derived in
different pose, varying illumination and facial expressions as to overcome the challenges which helps to identify a
particular individual. A standard database called Visual Tracker Benchmark Database is taken in this paper to compare
proposed methodology result with previous ones. Zhenguo Ding et al., proposed an architecture for multiple object
tracking using block chain fusion architecture [1]. To extract pedestrians deep hash appearance attributes, it uses a
HashNet deep neural network. Multiple Object Tracking 15 (MOT15) dataset was used. 72.8% of recognition accuracy
was obtained. Tackhyun Jung et al., proposed a system which detects eye blinking pattern [2]. Based on the period,
recurring number, and quantity of time that elapsed since the last eye blink, a Deep Vision neural network is employed as
a metric to confirm an anomaly. 87.5% accuracy was obtained. Sudeep Thepade et al., proposed a paper which detects
lieness of the face using fusion of features [3]. Proposed method showed better recognition result as 78.13% for Nanjing
University of Aeronautics and Astronautics (NUAA) database. But the disadvantage is the execution time. Issam Hammad
et al., proposed a method which includes two deep neural networks for identifying the people [4]. Highest classification
performance of 94.86% was recorded utilizing UCI daily & sports activity raw data.

In paper [5] , author proposed 2D pose estimation-based person identification technique. This includes extracting several
angles of a moving person. Convolutional Neural networks were used to get average recognition rate as 90%. 30 degrees
pose variation limits were accepted. Object detection technology using deep neural networks [6], [7], [8], [9] were
discussed by various authors to show the opportunities and challenges of the design. Oytun Ulutan et al., introduced a
person identification approach on Order Preserving Bilinear Model [10]. Requirement was to find out the area of interest
with an object moving around. Camera and seismic geophones are used to track the moving objects. Vinay et al., identified
a method that classifies the person efficiently from a video database. Author had used Dominant Feature based two self-
contained convolutional neural networks [11]. For every frame, key points are calculated and area density is found out.
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These data are used to extract overlapping windows from every frame. So that, classifier gives maximum efficiency of
91% for 100 epochs. Ruichi Yu et al., presented a paper on efficient relevant motion event detection [12].

Author addressed the complexity in identifying relevant movement caused by various objects of interest such as persons,
animals or vehicles. This methodology takes some time to compute. To increase the speed, ReMotENet (Relevant Motion
Event Detection Network), which is a three-dimensional convolutional neural network had been implemented. This
methodology is efficient and has light-weight. Wang Zhigiang et al., worked on different Object Detection Based
methodologies [13]. This paper includes modern convolutional neural networks and its advantages over other neural
networks. This paper initiates some public datasets and his perception of verification of data. Paper [14] was proposed for
people counting and human detection in challenging situation. Goal is to guess accurate number of objects and group them
in a low-resolution frame. 90% of result was obtained for Context Aware Vision using Image-based Active Recognition
(CAVIAR) database. Zhen Zhou et al., introduced an approach called Joint Spatial and Temporal Recurrent Neural
Networks person detection [15]. Merely feature-based learning or metric-based learning are indeed the primary emphasis
of existing models. This network makes use of both the techniques to re-identify an individual. Yang et al., presented his
work using Semi-supervised Learning [16]. New feature-based learning methodology on auto encoders has been
implemented in this paper. 71% and 90% of accuracy were obtained for horse and pet detection. Machaca et al., describes
about Violent Flow (ViF) descriptor to describe the person in voilent videoss[17]. Bank of Standardized Stimuli (BOSS)
dataset was used to get maximum accuracy of 91% for 30 frames per second video. Paper [18] had used “Regularized
Sparse Representation Classification (RSRC) algorithm” which includes two minimization methods. YouTube database
was used to get 65.56% of average precision. 25 degrees was the pose angle variation limit. Various papers have been
developed by many authors on convolutional network algorithms to recognize people in a video or from an image [19],
[20], [21], [22], [23], [24]. Few papers gave information about introduction to various convolutional neural networks.
Paper [25] showed Long Short-Term Memory (LSTM) based person classification using temporal features. Institute of
Automation, Chinese Academy of Sciences (CASIA) database had been used to get 90% classification accuracy. Paper
[26] proposed convolutional neural network for identifying people. Blurring and face alignment issues were addressed in
this paper to achieve 85% of average classification rate. Kim et al., proposed extended Kalman filter based 3D human
tracking for identifying people in video [27]. Fall detection also considered in this paper to safeguard old people without
background subtraction technique for which 87% precision is achieved. Paper [28] summarized 13 visual tracking
techniques to detect number of people in the selected frame. Deep learning based person identification techniques had
been proposed [29], [30], [31], [32], [33], [34]. Recognition rate was more than 90% from the papers. Complex structure
and execution time was the limitation. Paper [35] used fuzzy logic with k-NN (k-nearest-neighbor) classifier. This system
achieved 92.7% of maximum accuracy. For increased ROI scaling sizes, error class percentage is more. Further,
limitations of these papers were tabulated in Results and Discussion section.

2. RESEARCH METHOD

Figure 1 shows the detailed architecture of Person Identification system. Pre-processing deals with many pre-determined
steps which is helpful to produce clear frame for extracting features logically. The predominant objective behind feature
extraction is to decrease the input frame's dimensions as small as possible. Many logics have been derived to obtain
features from the frames obtained for further classification. Learning Vector Quantizer (LVQ) is used as multi-layer
classifier in this work, which sorted recognized classes as a unique individuals. Training video is given to the network for
converting video file into frames. Frames are in color in nature, which are converted to gray images for easy processing
and takes less memory to store. Frame resize operation takes place to concentrate only on required facial parameters.
Unwanted area is neglected to save execution time as well. All the three steps belong to pre-processing stage. Next comes
feature extraction stage. It consists of three stages. The averaging technique is performed on frame data to compute mean
vectors for an individual person. Difference vector is calculated at the end to bifurcate one individual characteristic with
another person. Covariance matrix is computed for all individuals and given to the classifier. Preprocessing and feature
extraction procedure is applied to testing video as well. Covariance vectors of both training and testing frames are
compared at multi-layer classifier. Final output is generated for all given testing frames to validate the authenticity of a
person. Recognition rate and execution time can be noted for performance measures.

| Training Video I _i Video to Frame " color to Gray "l Frame Resize and
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Figure 1. Proposed Method for Person Identification
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2.1. Adopted Dataset

Each investigation was carried out employing HV (Home Video) Raw-Dataset and VTB (Visual Tracker Benchmark)
Dataset. HV Database is considered from four different persons in Bangalore. Each video was taken for 50 seconds. For
individual person, 1500 frames were extracted. Totally 6000 frames were used in this work. For every 30 frames, system
was taking single frame for training or testing. The frames from videos are captured at critical junctures with various
lighting, facial emotional reactions (closed or open eyes, smiling or sad), and posture that correspond to the change in
time. All the videos were taken through RGB Color Camera with resolution 720P and 30f/s. Figure 2 shows sample frames
of Person-1 from HV database taken at different time instances. A standard database namely Visual Tracker Benchmark
Database is used. 4 person videos are considered. 200 frames are extracted from each video. Figure 3 shows sample frames
from VTB database taken at different time instances. The database is randomly split into a training set and a testing set
with no overlap between them in necessary to undertake out the person identification experiment. The database is
segregated as follows: "n" is the cumulative number of frames in each experiment. Each person receives "k" randomly
chosen frames for the test while the leftover "n - k" frames serve as the training set and are used to calculate the projection
matrix. The training and test sets' "n" frames were all projected into a dimension-reduced region. Each experiment decided

to perform numerous runs.

Figure 2. Person-1 frames from HV database Flgure 3. Sample frames from VTB database
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2.2. Feature Extraction

Since the raw data for face recognition has a very high degree of dimension, dimension reduction (Feature Extraction) is
recommended before classification. Among the several feature extraction techniques, “Principal Component Analysis”
(PCA) and “Fisher Linear Discriminant Analysis” (FLDA) are frequently employed. There are two primary sorts of
dimension reduction strategies. The first is based on local characteristics, which typically extract a collection of face
features from the frame, such as the eyes, nose, and so on. The face is categorized using these characteristics. The other
is global or holistic techniques, which incorporates a broader feature extraction of face frames and takes a comprehensive
view of the identification task.

2.2.1. Principal Component Analysis (PCA)

The high-dimensional data are mapped onto a lower-dimensional environment using a linear strategy. It pursues a
weight estimate that best characterizes the data, which is called principal components. Let S(p, g) be a two-dimensional
N x N array for a face frame. The training set frames are mapped onto a assembly of points in this gigantic region; these
points are represented as subspace. These vectors are the “Eigen vectors” which is attained after the “covariance matrix”
which defines the subspace of face frames.

GZ dnpa” =557 (1)
Matrix S= [¢1, ¢2,......, dm]. The Matrix L nevertheless is N2 x N2,

2.2.2. Fisher Linear Discriminant Analysis (FLDA)
System can extract the facial features using the described fisher face or discriminant eigenfeature technique. This method
keeps the principle of the Eigenface in projecting faces from a high-dimension image space to a noticeably lower-
dimensional feature space while overcoming the shortcoming of the Eigenface method by incorporating "Fisher's Linear
Discriminant” (FLD) criteria. Creating a concise internal representation of faces, also known as feature extraction, is the
aim of face processing employing neural networks. In order to separate distinct classes of training data as much as feasible
and accumulate the same classes of patterns as closely as possible, the PCA first develops a wide range of the most
expressive features, and the FLD is subsequently employed to build a set of the most discriminant features. The projection
is improved using "Fisher-LDA" by
HTSpH

(2)

Sg = “Between Class Scatter Matrix”
Sy = “Within Class Scatter Matrix”
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Even J could be defined using covariance matrix as its proportional to scatter matrix. The dimensions of scatter matrix are
defined in equation (3) & (4). Where N, denotes the quantity of cases in class C. The Fisherfaces approach, which
circumvents the issue by projecting the image set to a lower-dimensional space so that the resulting within-class scatter
matrix Sy, is non-singular, was developed to address the challenge of a singular Sy,. This is accomplished by initially
deploying PCA to minimize the spatial size of the feature area to N — ¢ and after adopting the typical FLDA to reduce the
spatial size to ¢— 1. The feature matrix constructed from the image space is the within class scatter matrix.

2.3. Learning Vector Quantizer (LVQ)

"Learning Vector Quantizer" is a schematic based "supervised classification technique". Figure 4 shows LVQ
Architectural diagram. It possesses a first layer of competition and a second layer of linearity. The linear layer converts
the competitive layer's classes into the intended categorization as defined, while the competitive layer categorises input
vectors. Each (sub or target) class contains one neuron in the competitive and linear stages. These gives an opportunity to
learn up to E* subclasses and E? target classes (E! is always greater than E?).

Compititive
Layer

Input Layer Linear Layer

Figure 4. Learning Vector Quantizer Architecture

2.4. Algorithm for Proposed Approach
This Algorithm is designed for either PCA as feature extraction technique and LVQ as classifier. Figure 5 and Figure 6
demonstrate the Training and Testing phase algorithms respectively.

Training stage begins: Testing stage begins:

input: a collection of video training frames input: i. A Wisdom Database with Extracted Features
Outcome: A Wisdom Database (WD) with Extracted ii. Query frames, Q.

Features Output: Query frame label or identity.

Technique: Technique:

1. Collect training aids. 1. Extracted features for Query frames

2. Training samples + suggested model: generation of 2. Use classification approach to discover the
relevant features. uniqueness of query frames.

3. Conserve the features in the wisdom database. Testing stage ends

Training stage ends

Figure 5. Algorithm for Training phase Figure 6. Algorithm for Testing phase

3. RESULTS AND DISCUSSION
In this work, subspace methods such as PCA and FLDA were used as feature extraction techniques. LVQ was used as
classifier. The number of successfully identified frames to the total number of frames can be used to calculate the
recognition rate or accuracy. This has to be multiplied by 100 to represent in terms of percentage.

. . of classified f
Recognition Rate = No. of classifled frames 4 100 @)

Total No. of frames

Table 1 depicts the results of person detection using PCA and LVQ. For HV Database, system obtained maximum result
of 91.67% for 35 Hidden Layers. If number of hidden layers were increased, then computation time was increasing
slightly. For the standard VTB Database, proposed system produced 91.66%, considering equal number of training and
testing frames for 15 Hidden layers. If hidden layer count is increased to 45, same network produced 100% recognition
rate. Table 2 depicts the results of person detection using FLDA and LVQ. For HV Database, system obtained maximum
result of 80% for 70 Hidden Layers. Computation time increased with increase in hidden layer count. For the standard
VTB Database, proposed system produced 100% result, considering 32 number of training and 16 testing frames for 20
Hidden layers.
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Table 1. PCA with LVQ

Trained Testing Frames Hidden Layers  Classified Misclassified ~ Recognition Database
Frames Frames Frames Rate in %
8 4 15 16 0 100
8 4 100 16 0 100
6 6 15 22 2 91.67 o
6 6 25 23 1 95.83
6 6 45 24 0 100
44 6 100 22 2 91.67
40 10 100 30 10 75 HV
44 6 35 22 2 91.67 Database
44 6 45 20 4 83.33
Table 2. FLDA with LVQ
Trained Testing Hidden Layers  Classified Misclassified ~ Recognition Rate in  Database
Frames Frames Frames Frames %
8 4 20 16 0 100
8 4 40 12 4 75
8 4 60 16 0 100 o
8 4 140 13 3 81.25
8 4 180 12 4 75
40 10 70 32 8 80 iy
40 10 90 32 8 80 Database
45 5 20 14 6 70

Figure 7 shows graph metric which illustrates the “comparison of False Positive Rate versus True Positive Rate”. Figure
7(a), 7(b) denotes training ROC and Test ROC plot respectively. The above metric was obtained for PCA as feature
extractor and LVQ as classifier by taking 176 total training frames for which 70.8% recognition accuracy was obtained.
Training Region of Convergence (ROC) Graph metric should be towards True positive rate to get the accurate results.
True positive rate can be illustrated as number of successfully categorized faces to the complete number of existed faces
in a frame. In False positive rate, the face is predicted as “YES” but there will be no real face existed in the frame.
Theoretically ratio of TPR to FPR should be infinite considering zero false predictions. With respect to diagram, the ratio
exists and which should be greater than 1.
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Figure 8 shows the error histogram metrics for detection of a person using PCA and LVQ. For 176 training frames, the
output of error histogram plot should be less than zero or negative to be accepted. Theoretically error histogram is zero,
but practically it exists with small values. Figure 9 shows training performance metric using PCA and LVQ classifier. It
gave the best training performance 0.088068 for 151st epoch, for which 176 frames were trained. This graph was plotted
with respect to 1000 epochs and Mean square error (MSE). Ideal value for MSE was “Zero”. Table 3 shows the
performance measures comparison of various papers with respect to proposed method. It is evident that, proposed scheme
performs well compare to existing methods.

Table 3. Performance Measures Comparison

Paper Number  Illumination Limit in % Pose Variation Limit Expression Execution Recognition
Variation Limit  Time Rate in %

[1] IHlumination: 40 15 deg 72.8

[5] 20 deg 90

[8] 30 deg 81

[9] Background: 15, Occlusion: 30 - - - 96

[14] Background: 15, illumination: 35  --- - - 90

[18] 25 deg 65.56

[19] Occlusion: 25 --- --- --- 85

[20] 30 deg 92.6

[21] 25 deg 85

[23] 360 min 90

[24] Occlusion: 30 Expression: 8 99

g;gtp’)ecr)ged Egckground. 20, illumination: 45 deg Egpressmn. 2.5 min 100

4. CONCLUSION

By using LVQ classifier and PCA or FLDA feature extraction techniques on video database, it is possible to overcome
the stated challenges such as lllumination, pose variation limit up to 45 degrees (One Eye partially / completely invisible)
and different expressions (like Eye Open, Eye close, smile, sad). Recognition Accuracy is greater than 90% under robust
conditions. PCA and FLDA along with LVQ provides best result even for a greater number of epochs (1000). Computation
time is very less. For reading a video and converting it to number of frames, model took 2 to 5 minutes of average minutes.
With a standard database called VTB database and strong “HV” database were taken to prove the results for all conditions.
From Table Ill, it is evident that greater number of challenges had been solved to some extent by considering different
expressions, varying illumination in the video. Background variations and pose angle problem had been addressed.
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