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Abstract— The human face plays an important role in our 

social relations, surveying people’s identity. Using the 

human face as a basic to security, biometric face recognition 

technology has received significant attention in the past 

several years due to its potential for a wide variety of 

applications in both law obligation and non-law obligation.  

As contrasted with other biometrics systems using 

fingerprint/Palmprint and iris, face recognition has peculiar 

advantages because of its non-contact process. Face images 

can be trapped from a distance without touching the person 

being identified, and the identification does not desire 

interacting with the person. Correspondingly, face 

recognition discharges the crime deterrent purpose because 

face images that have been recorded and archived can later 

help identify a person [1]. The aim of this paper is to present 

self-reliant, comparative study of three most prominent 

appearance-based face recognition projection methods 

(PCA, ICA, and LDA) in completely equal working 

conditions regarding preprocessing and algorithm 

implementation. Our results show that no particular 

projection–metric combination is the best across all standard 

FERET tests and the choice of appropriate projection– 

Metric combination can only be made for a specific task. 

Our results are allegorized to other available studies and 

some discrepancies are pointed out. As an additional 

bestowal, our new idea of hypothesis testing across all ranks 

are introduced when comparing performance results.      
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I. INTRODUCTION 

Biometrics offers new perspectives in high-security 

applications while defending natural, user-friendly and fast 

authentication. Biometric identification speculates 

individual physiological characteristics and/or typical 

behavioral patterns of a person to validate their authenticity. 

Over the last ten years or so, face recognition has become a 

trendy area of research in computer vision and one of the 

most successful applications of image analysis and 

understanding. Because of the scenery of the predicament, 

not only computer science researchers are prejudiced in it, 

but also neuroscientists and psychologists. It is the general 

opinion that advances in computer vision research will 

provide useful insights to neuroscientists and psychologists 

into how Human brain works, and vice versa [2][3]. A 

general statement of the face recognition problem can be 

formulated as follows: Given still or video images of a site, 

identify or verify one or more persons in the site using a 

stored database of faces. In general, face recognition 

techniques can be divided into two groups based on the face 

representation they use: 

1) Appearance-based, which uses holistic texture 

features and is applied to either whole-face or 

specific regions in a face image; 

2) Feature-based, which uses geometric facial features 

(mouth, eyes, brows, cheeks etc.) and geometric 

relationships between them. 

II. SOFT BIOMETRIC FEATURE EXTRACTION 

As mentioned earlier, this work focuses on two types of soft 

biometric features that are useful in video surveillance 

Applications: (i) face-based soft biometric features for 

gender and ethnicity classification, and (ii) session soft 

biometric features, which consist of features such as 

clothing and hair color. Session soft biometric features are 

precisely stable over shorter durations and are often used in 

camera hand-off. 

A. Face-Based Gender and Ethnicity Classification 

Features: 

Human faces can be easily categorized into different types 

of gender and ethnicity based on the facial features and their 

geometry [4]. Previous literature has studied gender and 

ethnicity classification only from still images using datasets 

containing well aligned frontal face images taken under 

controlled lighting. Our work extends the previous work by 

developing algorithms for gender and ethnicity recognition 

that not only work well on still images but also performs 

well on good to low quality video images. Two algorithms 

are presented. The first algorithm utilizes pixel intensity 

values while the other one uses Biologically Inspired Model 

(BIM) features for soft biometry computation. Both of these 

methods use SVM for classification. 

B. Person Session-Soft Biometry Features: 

Session biometry algorithm extracts hair color, skin tone 

color and color of clothing. These features are then used to 

compare if an object exiting from field of view from a 

camera matches to the object that enter in the field of view 

of an beside camera. Using these session-soft biometry 

features can help us handoff the tracking ids more accurately 

from one camera to the other cameras [5]. The various 

session biometry features are computed such as, 

1) Skin Tone: 

The algorithm detects the skin pixels in an image and stores 

the color information of the corresponding skin pixels. 

Convert the given color image region into HSV space and 

then use thresholds in hue and chromaticity to detect skin 

tone pixels. The skin tone color is reserved as a 2D 

histogram of hue and saturation. 

2) Hair Color:  

For hair color we only look at the top portion of the face 

region (for people in frontal pose) or the whole head region. 

Using skin tone detector to reject skin regions at the top of 

face region. In addition, foreground mask further restrains 

from using color information from background regions. 

Interiorly, image is converted into HSV space to make the 

color invariant to illumination. The color information is 

reserved as a 2D histogram of hue and saturation [5][6]. 
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3) Shirt and Trouser Color: 

For computing shirt and trouser colors, first convert the 

color image into HSV image and then use hue and saturation 

to compute 2D histogram of middle (for shirt) and bottom 

(for trousers) region of the person’s bounding box. A 

foreground mask which is used to select color information 

from foreground pixels only. 

III. EXPERIMENTAL RESULTS AND ITS PROTOTYPE SYSTEM 

Here, the results of our pixel intensity-based and BIM 

feature based gender and ethnicity classifiers and use of 

these classifiers in our prototype system. In all our 

experiments 4-fold cross validation are used to train and test 

the SVM classifiers [12]. The classification accuracy on two 

different face sizes images are tested to observe the effect of 

resolution on the classification performance. 

A. Experiments with Images for Pixel Intensity-Based 

Features: 

In Table 1, we present the classification results for three 

separate experiments: gender only, ethnicity only, and 

gender and ethnicity together. These experiments provided 

promising results for the low-resolution face images of only 

size of 16*15, which is typical face size for surveillance 

videos. To compare the performance of separate and 

combined gender and ethnicity classification, we also ran an 

experiment for gender independent ethnicity classification. 

These experiments intimate that with the sample sizes of our 

dataset it is more efficient to perform gender and ethnicity 

classification separately.  

Table 1: Gender ethnicity and one step gender-ethnicity recognition accuracies (%) 

B. Experiments for Pixel Intensity-Based Features: 

Based on reported cross validation results, the following 

utilized parameter values for the experiments discussed 

below: face image resolution is set to 16x15; bi-linear 

interpolation is used; SVM parameter C and γ are 

empirically set to 32 and 0.007, respectively [7]. 

Furthermore, all the utilized images in intuVision face 

database for the training purpose to obtain better accuracy. 

For the two different video-stream databases, the following 

obtained results: 

1) Experiment on Good Quality Videos for Gender 

Recognition:  

Using the pixel intensity features, the obtained performance 

of 90% on 50 female and 50 male images that are extracted 

from broadcast videos (See samples in Figure 12 top row). 

2) Experiment on Low Quality Videos for Gender 

Recognition: 

Using the same method, achieved 70% performance on 50 

female and 50 male images that are extracted from 

surveillance videos (See samples in Figure 1 bottom row). 

The major reasons for degraded performance from 90% to 

70% are: 1) very low image quality as shown above, 2) 

analog camera interlacing issue, and 3) owing to the camera 

angle not having many frames where a person’s face is 

observable. 

 
Fig. 1: Top row: Faces extracted from broadcast video; Bottom row: Faces extracted from surveillance video (Images are 

shaded to protect the anoymity of the subjects). 

C. Experiments for BIM Features: 

For BIM experiments, the selected 300 features from 200 

images of size 66x61 from intruVision Face Database. 100 

images were taken for training the SVM classifier. And 

testing was done on 100 images that are not included in the 

training set. The BIM classifier sprang very high gender 

classification results (accuracy of 95%) for FERET [24] 

database images (See Table 2). While, the classification rate 

briskly humiliated for good (broadcast) and low quality 

(surveillance video) face images. For good and low-
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resolution images the obtained classification accuracy 

lowers than the pixel intensity-based approach (See Table 

2). This derogation in performance in low-resolution images 

can be attributed to the lack of orientation features in low 

quality images. This dispatch can be resolved by using 

super-resolution to obtain higher quality images from 

multiple frames of person’s face in a video [20]. On the 

other hand, we have observed that the ethnicity experiments 

on intuVision Face Database utilizing BIM features seems 

more promising compared to the gender recognition [8]. 

Here, obtain minimum 78.5% accuracy for the comparison 

of different ethnicities. 

 

D. Video Indication with Face-Based Gender and 

Ethnicity: 

Here, implemented face-based gender and ethnicity indexing 

and query module into an existing video post event analysis 

tool Video Analyst. It has a built-in face detection module to 

extract faces from surveillance and broadcast videos. Using 

extracted faces as input to the soft biometric gender-

ethnicity classifiers. The equipped gender and ethnicity 

classifiers then detect faces with the specified gender and/or 

ethnicity from all extracted faces as illustrated in Figure 2. 

Currently, it employ classifiers for detecting both gender 

(male and female) and three ethnicity classes (Asian, 

African and American) [9]. 

 
Fig. 2: Soft Biometry query in Video Analyst for finding “male” faces in an indoors surveillance video.

IV. FACE DATABASE SEGREGATION WITH SOFT BIOMETRIC 

FEATURES 

To evaluate the usefulness of face based soft biometric 

features in augmenting the primary biometric task (i.e., Face 

Recognition), a face database query are used in a medium 

scale face recognition task. An experiment is performed to 

quantify the efficiency of ethnicity-based database 

partitioning in face matching. In the first case, here matched 

an Asian male using the entire sample male dataset which 

consist of 600 images (200 images each from three different 

ethnicities and with equal number of males and females). 

Eigen faces based face recognition algorithm written in 

MATLAB which takes 1 min for each doublet of matching. 

The first run took 10 hrs for face matching. In the second 

case, we ran the same query against the ethnicity partitioned 

database using our ethnicity classifier. Then, soft biometric 

tags to narrow down the recognition search to only Asian 

male faces within the database, taking only 1hr and 40 min 

compared to 10 hrs in the aforementioned case. Using soft 

biometric features reduced the time performance of face 

recognition search tasks by almost a factor of 6. The 

directory has to be appellate with soft biometric features and 

disbursed in advance, but this needs to be done once and can 

be done offline when database is not in active use [10][11]. 

V. SUMMARY AND FUTURE WORK 

Among many approaches to the problem of face recognition, 

appearance-based subspace analysis, although one of the 

oldest, still gives the most propitious results. Subspace 

analysis is done by projecting an image into a lower 

dimensional space (subspace) and after that recognition is 
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performed by measuring the distances between known 

images and the image to be realized. The most exigent part 

of such a system is finding an adequate subspace. In this 

paper, three most popular appearance-based subspace 

projection methods for face recognition will be presented, 

and they will be combined with four common space metrics. 

Projection methods to be presented are: Principal 

Component Analysis (PCA), Independent Component 

Analysis (ICA), and Linear Discriminant Analysis (LDA). 

PCA (Turk and Pent land, 1991) finds a set of the most 

representative projection vectors such that the projected 

samples retain most information about original samples. 

ICA (Bartlett et al., 2002; Draper et al., 2003) seizures both 

second and higher order statistics and projects the input data 

onto the basis vectors that are as statistically independent as 

possible [12][14]. LDA (Belhumeur et al., 1996; Zhao et al., 

1998) exhausted the class information and finds a set of 

vectors that maximize the between-class scatter while 

minimizing the within-class scatter. The aim of this paper is 

to provide an independent, comparative study of these three 

projection methods and their accompanied distance metrics 

in completely equal working conditions. In order to perform 

a fair comparison, same preprocessed images are the input 

into all algorithms and the number of dimensions to be 

retained is chosen following the standard recommendations. 

We developed algorithms for face and session soft biometric 

feature extraction to provide gender and ethnicity 

classification and to aid in camera hand-off of tracked 

people in surveillance video [13] [16]. We implemented 

these feature extractors in existing video content extraction 

platforms to enhance video surveillance tasks. By utilizing 

the proposed system, a high level narration of extracted 

person categorization data can be stored to provide 

categorical information and to create database partitions to 

accelerate searches in responding to user queries. In addition 

to the security or database search applications, this expertise 

could be felicitous to other fields, such as market research 

[17]. For illustration, a retailer may yearning to determine 

how many women stop to view certain products displayed 

on a certain aisle or end-cap. For face-based gender and 

ethnicity detection there seems to be a need in especially 

law enforcement applications and we would like to improve 

the performance accuracy to make this system viable. The 

simple pixel intensity-based features do not produce 

accurate results if the faces are not aligned and masked 

properly [18], BIM-feature-based approach does not require 

registration and masking but its performance depend on the 

type of video and image resolution. We believe that 

incremental learning can give better performance while not 

requiring a huge database for training. The idea is to train 

the classifiers to improve their performance s they are used 

on more videos. The system will provide a base classifier 

which produces good classification results without being 

specific to any particular video data set. To improve the 

performance users will incrementally train the classifier by 

selecting wrongly classified examples and giving them as 

input to the trainer. This way the users will upgrade the 

classifier as they apply it to new videos in their domain. 
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