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Abstract— Face verification is the task of validating an 

identity based on the image of a face, and it is vital in each 

sectors. Automatic identification of explicit image from a 

video footage and enormous variations in face cannot be 

recognized in traditional face verification. We propose real-

time unconstrained face verification from each image and 

videos supported deep convolutional  neural network 

features (DCNN) and value it on IARPA Janus Benchmark 

A (IJB-A) dataset. Our approach consists of both training 

and testing stages. For training, we tend to perform 

landmark detection and face detection from the CASIA-

WebFace and also the IJB-A datasets to localize and align 

each face. Next we tend to train our DCNN on the CASIA -

WebFace. Results of experimental evaluations on IJB-A is 

provided. 

Keywords: Facial Image Representation, Component Based 

Face Recognition, Texture Features, DCNN 

I. INTRODUCTION 

The problem of understanding and tracking a non-rigid 

object that has unpredictable differences in shape and 

appearance (for example, human face) is a difficult problem 

and the research on this domain has developed a number of 

well efficient and much accurate solutions. In face 

verification, given videos or images, which contains 

multiple face coordinates. The objective is to identify the 

faces and name them. Many algorithms have been used to 

work well on images that are collected in controlled settings. 

However, the performance of these algorithms often 

degrades the quality of images that have massive variations 

in color, lighting, expression, aging, and smoothness. To 

solve this downside, several ways have centered on learning 

invariant and discriminative illustration from face images 

and videos. Victimization native measure options for face 

recognition within a lot of complicated canvas have become 

a wide accepted technique. In that setting, the typical 

method is to detect interest points or interest regions in input 

images, perform homogenization with respect to affine 

transformations, and describe the values of interest regions 

using local descriptors. Face representation schemes are 

generated with Fisher vector (FV) has also proven for face 

recognition problems. However, deep convolutional neural 

networks (DCNN) are introduced to perform different tasks 

such as object recognition, object detection and face 

verification. In this work, we train a DCNN model using a 

relatively small face dataset, the CASIA-WebFace, and the 

performance of our method on the challenging IJB-A dataset 

has been evaluated. 

II. RELATED WORK 

Nishiki Katayam prompts a face verification methodology 

with Convolutional Neural Network [1]. Calculate the 

similarity of two face images with CNN. The internal 

illustration of CNN necessary for classifying face images is 

applied to face image comparison. Haoxiang Li suggested a 

pose invariant representation of face verification [2]. The 

entire system is classified in to two parts face identification 

and face verification. The proposed robust matching 

algorithm to approach the problem of pose variant face 

verification with an offline trained probabilistic elastic part 

(PEP). In this, given an image/video, the system builds its 

pose invariant PEP representation for face matching. 

Xiongjun Zeng suggested a multi-view face recognition and 

verification based on convolutional neural network [3]. The 

face recognition and face verification includes three parts: 

face feature extraction, feature classification and feature 

recognition. In this work they are turned the CNNs to 27 

layers with multi-view and Deep Residual Learning and 

VGG. T. Ahonen demonstrated Face description with local 

binary patterns [4]. A novel and efficient facial image 

illustration supported local binary pattern (LBP) texture 

features. LBP feature distribution is extracted from several 

regions of face image. A. Asthana suggested a 

Discriminative Response Map Fitting (DRMF) [5] method 

that shows spectacular performance within the generic face 

fitting scenario. The response map is pictured by a small set 

of parameters, and these parameters can be very efficiently 

used for reconstructing unseen response maps. A. Asthana 

suggested an incremental face alignment in the wild [6]. A 

person-specific model is automatically constructed through 

incremental updating of the generic model. This deals with 

the problem of updating a discriminative facial deformable 

model. X.D. Cao suggested a practical transfer learning 

algorithm for face verification [7].  A KL-divergence based 

regularizer/prior with a robust likelihood function via the 

EM algorithm is employed in this approach. 

III. METHODOLOGY 

 Our system is real-time unconstrained face verification. 

Face detection is done to localize and align faces in each 

image and video frames. Next DCNN is trained using 

CASIA-WebFace and derive joint Bayesian metric using 

IJB-A dataset and DCNN features. Finally, we tend to 

perform face recognition by calculating similarity. Fig 

1.gives the block diagram of our system. The working 

model of our system is illustrated in Fig 2. The details of 

each component of our approach are presented in the 

following sections. 
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Fig 1. Block Diagram 

 
Fig 2. Working Model 

A. FACE DETECTION AND PROCESSING 

All the images/frames are converted into gray scale. To 

detect face, we use haar wavelets. We perform image 

compression using the discrete cosine transform which is a 

lossless image compression method. Then, each face is 

aligned into the canonical coordinate with similarity 

transform using the 5 landmark points (i.e. two left eye 

corners, two right eye corners and nose tip). After 

alignment, the face image resolution is 25 x25 pixels.  

B. FEATURE EXTRACTION 

For feature extraction and dimensionality reduction we use 

two Algorithms principal component analysis and pose 

invariant face recognition. PCA is an algorithm for reducing 

dimensionality of a feature space by projecting it on a space 

that spans the significant variations. It is an unsupervised 

linear transformation technique. PCA helps to identify 

patterns in data based on the correlation between features. 

PCA finds the eigenvectors of a covariance matrix with the 

highest eigenvalues, and the data is projected into a new 

subspace. PCA converts a matrix of n features into a new 

dataset of less than n features. That is, it reduces the number 

of features by constructing new smaller number variables 

which capture a significant portion of the information found 

in the original features. Extending the frontal view face 

recognition system to a pose-invariant recognition system is 

quite simple if one of the proposed specifications of the face 

recognition system is relaxed. Many images of a known 

individual should be in the face database for successful 

pose-invariant face recognition. From each individual nine 

images should be taken. Then if an image of the same 

individual is submitted within a 30⁰ angle from the frontal 

view he or she can be identified. 

C. DCNN FEATURES 

Table 1, shows the architecture of DCNN. The 

dimensionality of the input layer is 25×25×1 for gray-scale 

images with zero center normalization. Zero centering   

means to shift the values of the distribution so that mean 

equal to 0 and standard deviation 1. The network includes 3 

convolutional layers and 1 fully connected layer. Batch 

normalization is applied on each convolutional layer. After 

passing through the first hidden layer H₁, the image 

becomes abstracted to 20 feature maps of size 25 x25. After 

that it passes onto the second hidden layer H₂, the image 

becomes abstracted to 40 feature maps of size 16 x16. Then 

it passes on the third hidden layer H₃, the image becomes 

abstracted to 60 feature maps of size 10 x10. The kernel size 

of all filters is 2×2. The stride is set   to 2 the filters move 2 

pixels on unit at a time. Fully connected networks can be 

used to learn features as well as classify data. The input to 

the fully connected layer is the output from convolutional 

layer which is flattened then fed into the fully connected 

layer. After passing through the fully connected layer, the 

final layer uses the softmax activation function which is 

used to get probabilities of the input being in a particular 

class. The DCNN is implemented using python and trained 

on the CASIA-WebFace dataset. The CASIA-WebFace 

dataset is downloaded from the IMDB website. 

H₁ 
Conv1+B

N 

20featuremap

s of size 

25x25 

2x2kernalsiz

e Stride 2 

H₂ 
Conv2+B

N 

40featuremap
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2x2kernalsiz

e 

Stride 2 

H₃ 
Conv3+B

N 

60featuremap

s of size 

10x10 

2x2kernalsiz

e 

Stride 2 

Classificatio

n layer 

FC 

Softmax 
  

Table 1: Architecture of DCNN used in this paper 

D. REVIEW OF THE JOINT BAYESIAN METHOD 

This section briefly reviews the Joint Bayesian method for 

face verification which will serve as the basis for our 

transfer learning algorithm. In this context, we assume that 

the appearance of relevant facial features is influenced by 

two latent factors: identity and intra-personal variations. 

This fact is commonly approximated by 

                      𝑥 = 𝜇 + 𝜖                                                  (1)  

where 𝑥 is the facial feature that has been assumed which is 

linearly decomposed into two independent variables related 

to identity 𝜇 and intrapersonal variations 𝜖. 𝜇 and 𝜖 is 

multivariate Gaussians with zero mean (after the appropriate 

centering operation) and  𝑆𝜇 and 𝑆𝜖 are covariance matrix 

respectively. 𝑆𝜇 and 𝑆𝜖 can be interpreted as the between 

class and within-class co variances, and both can be 
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computed empirically via sample averages given sufficient 

data, or estimated more accurately by an EM algorithm. 

During the testing phase, unlike previous Bayesian face 

recognition algorithms which discriminate based on the 

difference between a pair of faces, the full joint distribution 

of face image pairs are used by joint Bayesian classifiers 

leading to a considerable performance boost. Specifically, 

let HI represent the intra-personal hypothesis (same identity) 

and HE represent the extra personal hypothesis (different 

identity). Using (1), it is readily shown that the joint 

distributions (𝑥1, 𝑥2) and 𝑝 (𝑥1, 𝑥2∣HE) are zero-mean 

Gaussians with covariance matrices 

[
Sµ + Sɛ Sµ

Sµ Sµ + Sɛ
]     and     [

Sµ + Sɛ 0

0 Sµ + Sɛ
] 

respectively. Given these distributions, the likelihood ratio 

test 

                r(x1, x2) = log
P(x1,x2 HI⁄ ) 

P(x1,x2 HE⁄ )
                           (2) 

represents a natural classification criterion. The resulting 

decision function can be reduced to a convenient closed 

form leading to an efficient algorithm for the testing phase. 

E. HARDWARE AND SOFTWARE REQUIREMENTS 

The implementation proposed in this paper is executed in:  

 OS – Windows 10 Pro 64 bit or above  

 CPU – Intel® Core i7 – 8550U or above 

 RAM – 8 GB or above 

 Python 

 Django framework 

 MYSQL database 

IV. PERFORMANCE EVALUATION 

We choose face images/video frames whose yaw angle are 

less than or equal to ± 25 degrees for each gallery and probe 

set. If there don’t seem to be any images /frames satisfying 

the constraint, we have a tendency to decide the one nearest 

to the frontal one.  We use all the frames without applying 

an identical selection strategy for the DCNN technique. For 

the results of  DCNNft+metric, besides fine-tuning and metric 

learning, data augmentation is applied. For 

DCNNft+metric+color, we have a tendency to use RGB 

images and larger face regions. Then, we show the fusion 

results  DCNNfusion, by directly summing the similarity of 

DCNNft+metric   and    DCNNft+metric+color   where

DCNNft+metric is trained on gray-scale images with smaller 

face regions and DCNNft+metric+color is trained on RGB 

images with larger face regions. 

A. IJB-A DATASET 

IJB-A contain 500 subjects with 5,397 images and 2,042 

videos split into 20,412 frames, 11.4 images and 4.2 videos 

per subject. Verification over 10 splits is enclosed in IJB-A 

analysis protocol. 10 splits included in identification 

protocol. IJB-A considers the open-set identification 

problem and considers the more difficult pairs. The IJB-A 

dataset are divided into training and test sets. For the test set, 

image and video frames of each subject are   

indiscriminately split into gallery and probe sets without any 

overlapping subjects. The IJB-A divide the images/video 

frames into gallery and probe sets, so that, it uses all the 

available positive and negative pairs for the evaluation. 

Multiple templates included in on every gallery and probe 

set. Each template contains a mix of images or frames 

sampled from multiple image sets or videos of a topic. IJB-

A contains extreme variation image. 

Face Verification Performance on the IJB-A 

dataset based on the L2-norm templates are denoted into 3 

sets. '1' and '3'denotes the set with low L2-norm and high 

L2-norm respectively.  The evaluation pairs denote the 

legend, 'x-y’ in which one template is from set, 'x' and 

another from set, 'y'. Sample template images from IJB-A 

dataset with high, medium and low L2-norm shown in 

Figure 8. Table 2 shows the result table. 

 
Fig  3. Result on IJB-A dataset 

Mean 

Filter 

Median 

Filter 

Gaussian 

Filter 

Bilateral 

Filter 
Accuracy 

1               
1 1 

1 1 1 81.5% 

2               
1 1 

2 2 2 77.8% 

3               
1 1 

3 3 3 79.6% 

4               
2 2 

1 2 3 79.6% 

5               
2 2 

2 3 1 85.2% 

6               
2 2 

3 1 2 77.8% 

7               
3 3 

1 3 2 79.6% 

8               
3 3 

2 1 3 81.5% 

9               
3 3 

3 2 1 79.6% 

H₁        
238.9 238.9 

230.7 230.8 236.3  

H₂       
242.6 242.6 

244.5 237 235.2  

H₃       
240.7 240.7 

237 244.4 240.7  

H₁= 
H₁/3     

79.63 79.63 
80.23 80.27 82.10  

H₂ = 
H₂/3    

80.87 80.87 
81.50 79.00 78.40  

H₃= 
H₃/3    

80.23 80.23 
79.00 81.47 80.23  
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R           
1.24 1.24 

2.50 2.47 3.70  

Table 2: Result Table 

V. RUNTIME 

The DCNN model is trained for about 4 days. The feature 

extraction times takes about 45 second per image.  

VI. CONCLUSION 

In this paper, DCNN supported real-time face verification is 

proposed. Enormous variations in faces can be verified 

using proposed system and conjointly automatic 

identification of a specific image from a video footage. The 

proposed system tends to be extremely reliable and low cost. 

It takes less time to recognize the face. After recognizing the 

face proposed system provides top match result. We 

collectively study the performance of proposed DCNN on 

IJB-A dataset. 

The proposed system can be used for crowd 

surveillance applications, potential for locating and tracking 

suspects for law enforcement agencies, used in ATMs and to 

implement within subways and other transportation outlets. 
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