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Abstract: Face recognition (FR) is defined as the process through which people are identified using
facial images. This technology is applied broadly in biometrics, security information, accessing
controlled areas, keeping of the law by different enforcement bodies, smart cards, and surveillance
technology. The facial recognition system is built using two steps. The first step is a process through
which the facial features are picked up or extracted, and the second step is pattern classification.
Deep learning, specifically the convolutional neural network (CNN), has recently made commendable
progress in FR technology. This paper investigates the performance of the pre-trained CNN with
multi-class support vector machine (SVM) classifier and the performance of transfer learning using
the AlexNet model to perform classification. The study considers CNN architecture, which has so
far recorded the best outcome in the ImageNet Large-Scale Visual Recognition Challenge (ILSVRC)
in the past years, more specifically, AlexNet and ResNet-50. In order to determine performance
optimization of the CNN algorithm, recognition accuracy was used as a determinant. Improved
classification rates were seen in the comprehensive experiments that were completed on the various
datasets of ORL, GTAV face, Georgia Tech face, labelled faces in the wild (LFW), frontalized labeled
faces in the wild (F_LFW), YouTube face, and FEI faces. The result showed that our model achieved
a higher accuracy compared to most of the state-of-the-art models. An accuracy range of 94% to
100% for models with all databases was obtained. Also, this was obtained with an improvement in
recognition accuracy up to 39%.

Keywords: biometric; machine learning; neural networks; convolution neural network (CNN);
deep learning; face recognition

1. Introduction

In the past few years, the field of machine learning has undergone some major developments.
One important advancement is a technique known as “deep learning” that aims to model the high-level
data abstractions by employing deep networked architectures composed of multiple linear/non-linear
transformations. Deep learning systems are intelligent systems that mimic the workings of a human
brain in representing complex data from real-world scenarios, and help in making intelligent decisions.
Deep learning, also known as deep structured learning or hierarchical learning, belongs to the family
of machine learning methods which are based on understanding data representation. It has made
a remarkable impact in computer vision performance previously unattainable on many tasks such as
image classification and object detection. Deep learning is applied in research concerning graphical
modeling, pattern recognition, signal processing [1], computer vision [2], speech recognition [3],
language recognition [4,5], audio recognition [6], and face recognition (FR) [7]. In biometrics,
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deep learning can be used to represent the unique biometric data and make improvements in the
performance of many authentication and recognition systems.

Face recognition (FR) technology is identified as an active area of research in recent years because
of the rise in security demands and the potential of the technology in law enforcement and commercial
use [7]. FR contains two operational modes. First, verification mode is known as one-to-one matching
in biometrics. The verification operational mode is used to pick out a face out of many faces in a face
database to find out whether the face details belong to a particular person. Second, the identification
mode is known as one-to-many matching. Identification involves taking the individual and comparing
their biometrics to a database of possible identities. FR technology consists of four stages, which include
face detection, alignment, representation (facial feature extraction), and classification [8]. In the FR
system, the main challenge is the feature representation scheme used to extract features, using the
better method for representation, for a given biometric trait. Feature extraction is one of the most
important steps for image classification. Extracting features means retaining the most important
information, which is required for classification. There are many feature extraction procedures that
have been proposed for use in a biometric system, including principal component analysis (PCA) [9],
independent component analysis (ICA) [10], local binary patterns (LBP) [11], and the histogram
method [12]. Recently, the typical feature extraction approach used FR is deep learning, especially the
convolution neural network (CNN), which shows remarkable advantages [13].

There are different approaches for using the CNN. First is learning the model from scratch. In this
case, the architecture of the pre-trained model is used and trained according to the dataset. Second
is using transfer learning with features from pre-trained CNN, in cases where the dataset is large.
Finally, CNN can be used via transfer learning by keeping the convolutional base in its original form
and then using its outputs to feed the classifier. The pre-trained model is used as a fixed feature
extraction mechanism in cases where the dataset is small, or when the problem is similar to the one to
be classified [14].

The goal of this paper was to apply pre-trained convolution neural network (CNN) approaches for
FR and classification accuracy by analysis of FR performance using the pre-trained CNN (AlexNet and
ResNet-50 models) for extracting features, followed by support vector machine (SVM) [15], and then
using transfer learning with CNN (AlexNet model) for both feature extraction and classification.
Different datasets were used in this study to evaluate the proposed FR systems, such as the ORL
dataset [16], GTAV face dataset [17], Georgia Tech face [18], FEI dataset [19], labelled faces in the
wild (LFW) [20], frontalized labeled faces in the wild (F_LFW) [21], and YouTube face dataset [22],
in addition to a combined dataset called DB_Collection, collected from all datasets.

The remainder of this paper is organized as follows: Section 2, presents convolutional neural
network preliminaries. Section 3 reviews the related works. Section 4 presents the methodology and
experiments. Finally, Section 5 states the conclusions and future works.

2. CNNs Preliminaries

Convolutional neural networks were initially proposed by LeCun in [23]. They have been
successfully applied to computer vision problems, such as hand-written digit recognition [24].
CNNs have recently grown in popularity in the field of pattern classification. CNNs have outperformed
traditional computer vision methods in image classification. A convolutional neural network is a sort
of artificial neural network (ANN) inspired by the performance of visual recognition of objects by
animals and human beings’ cortex, which is used for applications including systems recommender [25],
video and image recognition [26], and natural processing of languages [27,28]. CNN architectures
makes the explicit assumption that the inputs are images, which allows encoding of certain properties
into the architecture. Neurons in CNN are 3D filters that activate depending on their inputs. They are
connected only to a small region, called the receptive field [29], of a previous neuron’s activations.
They compute a convolution operation between the connected inputs and their internal parameters,
and they get activated depending on their output and a non-linearity function [30].
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Convolutional neural network layers are divided into three types: the convolutional, pooling and,
fully connected layers. Each layer plays a different role. The CNN architecture is shown in Figure 1.
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Figure 1. A typical convolutional network architecture [23].

Convolutional layer: Convolutional layer is known as the elemental development block for CNN.
In CNN technology, it is crucial to understand that the layers’ parameters are made up of a set of
learnable filters or neurons. These filters have a small receptive field, but they go all the way through
the input volume. In the forward pass process, each individual filter goes across the width and height of
the input volume, calculating the dot product from the filter entries and the input. The product of this
computation is a two-dimensional activation map of that filter. Through this, the network learns filters
created when it senses some particular type of feature at a spatial location within the feature-map input
X, generating a feature map of weighted summations Y. Each of the neurons computes convolutions
with small regions in X, shown in Equation (1) [23].

yi = bi +
∑
xi∈X

wi j ∗ xi (1)

where yj ∈ Y, j = 1, 2, ..., D. D is the depth of the convolutional layer, and each filter wij is a 3D matrix of
size [F × F × Cx]. Its size is determined by a chosen receptive field (F), and its feature-map input’s
depth (Cx); for example, if the receptive field is five pixels and the feature-map input X is a [32 × 32 ×
3] RGB image, then the filter’s size will be [5,5,3]. The filter’s size represents the number of weights
that a neuron has connecting to a region in the input. The convolutional layer has the advantage of
using the same neurons for each pixel in the layer to improve the system’s performance. In addition,
this results in the reduction of the footprint’s memory making it efficient.

Pooling layers: Pooling layers are responsible for regulating the width by height dimensions
by reducing the input volume spatial dimensions for the next convolutional layer without affecting
the dimensional depth of the volume. The process performed by the pooling layer is also known as
down-sampling or sub-sampling because the decrease of size results in simultaneous information loss
that benefits the network. The reduction becomes less computational as the information progresses to
the next pooling layers, and it also works against over-fitting. The most common strategies used in the
pooling layer networks are max-pooling and average-pooling. In [31], a comprehensive theoretical
analysis of the max pooling and average pooling is generated, whereas in [32] it has shown that max
pooling can result in faster convergence of information, and the network picks the high-ranking features
in the image thus enhancing generalization. Also, pooling layer possesses other variations such as
stochastic pooling [33], spatial pyramid pooling [34], and def-pooling [35] that serves marked purposes.

Fully connected layers: Fully connected layers (FC) are where the levels of high reasoning are
carried out. The filters and neurons in this layer are connected to all the activation in the previous
layers, resulting in full connections as their name implies. The calculations in this level are done
through the multiplication of matrix followed by the bias offset. FC layer goes through a process that
converts the 2D feature map to the 1D feature vector. In addition, the vector formed in this process is
either classified as classes for classification [36] or the feature vector undergoes further processing [37].
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2.1. CNN Pre-Trained Models

In the convolution neural network, face representation extensively affects the performance of
the FR system and has also become a focus of attention in the current FR research. In this study,
we employed two pre-trained convolution neural networks. These networks were AlexNet and
ResNet-50. These pre-trained CNN networks have been used to extract suitable image features and
utilize them in the classification stage.

2.1.1. AlexNet

AlexNet, introduced by Krizhevsky et al. [36], was the first CNN to win the ImageNet challenge
in 2012, with a top 5 error of 16.4%. The use of rectified linear units (ReLUs) was also introduced in
AlexNet. As shown in Table 1, it includes five convolutional layers, three max pool layers, and three
fully connected layers. This architecture uses a [227 × 227 × 3] image as an input. In AlexNet,
a 4096-dimensional feature vector represents the 227 × 227 image.

2.1.2. ResNet-50

ResNet or deep residual networks [38], developed by Kaiming He et al., is one of the networks
that are considered the latest and greatest in terms of using convolutional neural networks for image
recognition. ResNet won the ImageNet Large-Scale Visual Recognition Challenge in 2015 (ILSVRC-15)
with a top 5 error of 3.57%. In our study, we used ResNet-50 as shown in Table 2. It includes five
convolutional layers. ResNet-50 architecture uses a [224 × 224 × 3] image as an input.

Table 1. Details of AlexNet layers.

Layer Number of Kernels Kernel Size Stride Padding Output Size

Input [227 × 227 × 3]
Conv1 96 11 × 11 × 3 4 - [55 × 55 × 96]

Max pool1 3 × 3 2 - [27 × 27 × 96]
Norm1 [27 × 27 × 96]
Conv2 256 5 × 5 × 48 1 2 [27 × 27 × 256]

Maxpool2 3 × 3 2 - [13 × 13 × 256]
Norm 2 [13 × 13 × 256]
Conv3 384 3 × 3 × 256 1 1 [13 × 13 × 384]
Conv4 384 3 × 3 × 192 1 1 [13 × 13 × 384]
Conv5 256 3 × 3 × 192 1 1 [13 × 13 × 256]

Max pool3 3 × 3 2 - [6 × 6 × 256]
fc6

ReLU Dropout(0.5) 1 4096

fc 7
ReLU Dropout(0.5) 1 4096

fc8
softmax 1 1000
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Table 2. Details of ResNet-50 layers.

Layer Kernel Size Stride Padding Output Size

Input [224 × 224 × 3]
Conv1 7 × 7 × 3 2 3 [112 × 112 × 64]

Max pool 3 × 3 2 - [56 × 56]

Conv2
[1×1conv,64],[3 × 3conv,64],1 × 1conv,256] 2 -

[56 × 56][1×1conv,64],[3 × 3conv,64],1 × 1conv,256] 1 -
[1×1conv,64],[3 × 3conv,64],1 × 1conv,256] 1 -

Conv3

[1×1conv,128],[3 × 3conv,128],[1 × 1conv,512] 2 -

[28 × 28][1×1conv,128],[3 × 3conv,128],[1 × 1conv,512] 1 -
[1×1conv,128],[3 × 3conv,128],[1 × 1conv,512] 1 -
[1×1conv,128],[3 × 3conv,128],[1 × 1conv,512] 1 -

Conv4

[1×1conv,256],[3 × 3conv,256],[1 × 1conv,1024] 2 -

[14 × 14]

[1×1conv,256],[3 × 3conv,256],[1 × 1conv,1024] 1 -
[1×1conv,256],[3 × 3conv,256],[1 × 1conv,1024] 1 -
[1×1conv,256],[3 × 3conv,256],[1 × 1conv,1024] 1 -
[1×1conv,256],[3 × 3conv,256],[1 × 1conv,1024] 1 -
[1×1conv,256],[3 × 3conv,256],[1 × 1conv,1024] 1 -

Conv5
[1×1conv,512],[3 × 3conv,512],[1 × 1conv,2048] 2 -

[7 × 7][1×1conv,512],[3 × 3conv,512],[1 × 1conv,2048] 1 -
[1×1conv,512],[3 × 3conv,512],[1 × 1conv,2048] 1 -

Average pool 7 × 7 7 - [1 × 1]
fc1000

softmax 1000

3. Related Work

Recently, convolutional neural networks have made great achievements in resolving different
image processing problems for FR applications. Yu et al. [39] proposed a novel method called biometric
quality assessment (BQA) for face images, investigating its applicability in FR applications. They used
a light CNN with the max-feature-map units to make the BQA method more robust to noisy labels.
Their studies have been explored further through experiments on the YouTube, FLW, and CASIA
databases. The results of their experiments show a high degree of effectiveness of their proposed
BQA method.

Sun et al. [40] conducted research on the potential use of hybrid deep learning for face verification.
The researchers used, in particular, an experimental design involving a hybrid convolutional network
(ConvNet) based on the restricted Boltzmann machine (RBM) model for purposes of face verification.
The results showed that the hybrid deep learning achieved an excellent performance when it came
to face verification as compared to the other commonly used methods. Singh and Om [41] used the
deep convolutional neural network to identify the specific individuals from newborn infant datasets.
The datasets used for their research contained 210 infants. Each infant consisted of 10 images with
different facial expressions. They inferred that increasing the number of hidden layers does not increase
the identification accuracy, and they also found that using a greater number of convolution layers
tended to fit over the model, and that may also decrease the performance. Guo et al. [42] put forward
a CNN-based model that meant to use both visible light image and near-infrared image to obtain
facial recognition. Additionally, they created an adaptive score fusion strategy whose purpose was
to significantly improve the performance. In comparison to the traditional deep learning procedure,
this scheme can develop a robust face feature extraction model. When in use practically, it is robust
to illumination variation. The researchers conducted a validity testing through various datasets.
The results of the experiments indicated that the new model achieved enhanced performance. Hu et
al. [43] investigated the performance of CNN on 2D and 3D FR systems. In their research, two CNN
models were constructed—CNN-1 and CNN-2. The experiments of the study found a better accuracy
on the CNN-2 model on both 2D and 3D face recognition. Also, the experimental results for CNN-2
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showed an accuracy of 85.15% with the FRGCv2.0 dataset and 95% with the AT&T dataset. The results
of their research showed that the CNN model is effective for facial images in 2D and 3D.

G. P. Nam et al. [44] proposed a CNN model named PSI-CNN for face recognition. The PSI-CNN
model extracts untrained features from the image, then fuses these features with original feature maps.
The results of the experiments are shown in terms of matching accuracy, with the model outperforming
the model derived from the VGG-Face model. Also, PSI-CNN was able to maintain stable performance
when tested on low-resolution images acquired from CCTV cameras. In case of change in image
resolution and quality, PSI-CNN is robust. P. S. Prasad et al. [7] studied deep learning-based face
representation for different face recognition challenges, such as misalignment, lower and upper face
occlusions, illuminations, and different angles of head poses. They used two approaches—VGG-Face
and lightened CNN. The AR face database used to evaluate the approaches’ results of the study showed
that deep learning approaches provide a good result in terms of recognizing faces and pre-processing.
Suleman Khan et al. [45] proposed a system for face recognition using portable smart glasses based on
CNN. The detection process was performed using Haar-like features. The method archived detection
rate at 98% using 3099 features. They used transfer learning from AlexNet for trained CNN model.
The experiments of the study were conducted using 2500 images in a class. The results of the study
showed that the accuracy of the system proposed was 98.5%. Chen Qin et al. [46] proposed a recognition
algorithm based on deep CNNs. The algorithm contained face detection, face alignment, and feature
extraction. The deep CNNs VGG16 was used to extract facial features. The experiments used the
images of five angles (left, right, front, overlook, and look up). The experiment results showed that the
algorithm achieved well on recognizing faces for cases of various poses in an indoor environment.

Menotti et al. [47] investigated two deep presentation processes composed of learning from
CNN and weight adjustment, and iris spoof detection and fingerprints, the latter of which was the
best approach for face detection and imaging. They admitted that indeed there was very limited
experimental knowledge on the biometric spoofing at the sensors for deriving an outstandingly
comprehensive spoofing detection framework for the face, iris, and fingerprint variations based on two
major deep learning approaches. These approaches included a focus on learning of the weights of the
networks through back propagation and learning of suitable convolutional network architectures for
each of the CNN’s domains. Simón et al. [48] proposed a method on how to improve facial recognition.
A multimodal facial recognition using the CNN’s systems is a good approach to facial recognition.
They fused the modality-specific CNNs with histograms of Gabor ordinal measures (HOGOMs),
local binary patterns (LBP), histograms of oriented gradients, and Haar-like features. The result of the
approach significantly reduced the recognition error rate. Using more sophisticated computer systems
will improve the process of deep learning. Similarly, there has been research-applied CNN, but this
has been used on newborn FR [41].

Another study by Parkhi et al. [49] proposed VGG-Face system, which applied a 16-layer CNN
trained on 2.6 million images and was shown to achieve even better results. Zhenyao et al. [50]
used a deep network to “warp” faces into a canonical frontal view, after which the system learned
CNN, which in turn classified the particular faces as those that matched a particular identity. For face
verification, PCA on the network output in conjunction with an ensemble of SVMs was used. Also,
Guo et al. [51] proposed an FR system based on CNN for feature extraction and SVM as a classifier.
In order to enhance the performance of CNN, they used techniques for optimization to be training
CNN. The model spends less time for training and gains a high recognition rate. The experiments in
the study were conducted on the basis of the FERET and ORL dataset. The results of the experiments
showed the system obtained and demonstrated a high recognition rate and less training time.

Even though CNNs have been used in FR technology dating back to 1997 [52], there are major
improvements in that there are massive image datasets that are available and have revealed their power.
A work used representatively for this approach is Deep-Face [13], whereby the researchers trained
an eight-layer CNN architecture. These layers were distributed—the first three were conventional
convolution-pooling-convolution layers, followed three layers that were locally connected and then
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two fully connected layers. It is crucial to note that the pooling layers had an effect of making learned
features robust to local transformations but caused a miss in local texture details. The pooling layers
were critical for object recognition because these objects were not properly aligned. It is, however,
important to note that face images should be well-trained before CNN training. Deep-Face is trained on
a large database of faces, which consists of 4 million facial images of 4000 subjects. The same study also
proposed a 3D alignment approach that uses an affine camera model. This has realized an exemplary
performance in both LFW and YouTube face benchmarks. Y. Sun et al. [53] proposed a CNN-based
approach called DeepID. It is unlike DeepFace, which used one big CNN; instead, DeepID learns by
training an ensemble of small CNNs and through building network fusion. In DeepID, each network
includes four convolutional layers, three max-pooling layers, and two fully connected layers. DeepID
achieved 97.45% accuracy on the LFW dataset. An extension work of DeepID is DeepID2 [54]. It trains
CNN for verification and identification. DeepID2+ [55] has been proposed to improve the performance
of DeepID and DeepID2. DeepID2+ net uses a larger training set than DeepID and DeepID2, and also
improves the number of filters of all layers. DeepID2+ found that the face representations learned
are sparse, selective, and robust. Recently, the success of deep convolutional neural networks has
enhanced the performance of the FR model. Lu et al. [56] proposed a novel CNN-based approach
called the Deep Coupled ResNet (DCR) model, which consists of one trunk network and two branch
networks. The trunk network is used to extract discriminative features for face images of different
resolutions. Then, the two branch networks are used to transform high-resolution (HR) images and
corresponding images of the targeted low resolution (LR). The DCR model achieves better performance
than the state-of-the-art models on the LFW and SCface datasets.

The reviewed related work shows that convolutional neural networks have been applied in
different applications for feature extraction and classification, and many databases have been created
to be used for this purpose. Table 3 summarizes the convolutional neural network application for
face modality and face databases used in the related works presented in this section. Some research
focuses on studying FR using convolutional neural networks, and they train the networks from scratch.
In addition, some studies have conducted an experiment on one or two datasets. In our study, we used
pre-trained convolutional neural networks and conducted all our experiment on seven datasets.

Table 3. Summary of the related work.

References Convolutional Neural Network (CNN) Model Dataset Accuracy

Yu et al. (2017) [39] A novel biometric quality assessment (BQA) method
based on light CNN

CASIA, FLW, and
YouTube 99.01%

Sun et al. (2016) [40] Hybrid ConvNet-restricted Boltzmann machine
(RBM)

Labeled faces in the wild
(LFW), CelebFaces

97.08%
(CelebFaces)

93.83% (LFW)

Singh and Om (2017) [41] DeepCNN IIT(BHU) newborn
database 91.03%

Guo et al. (2017) [42] DeepFace based on DNN used VGGNet LFW, YouTube face (YTF) 97.35%
Hu et al. (2017) [43] CNN-2 model ORL 95%

G. P. Nam et al. (2018) [44] PSI-CNN LFW, CCTV 98.87%
P. S. Prasad et al. (2019) [7] Deep learning based AR -

Suleman Khan et al. (2019) [45] Deep CNN - 98.5%
Chen Qin et al. (2019) [46] Deep CNN - 94.67%

Menotti et al. (2015) [47]

Hyperopt-convnet for
architecture optimization (AO) based on CNN

Cuda-convnet for filter optimization (FO) based on
back-propagation algorithm

Replay-Attack, 3DMAD

Simón et al.(2016) [48] CNN-based RGB-D-T
O. M. Parkhi et al. (2015) [49] Deep CNN LFW, YTF 98.95%

Z. Zhu et al. (2014) [50] Facial component-based network LFW, CelebFaces 96.45
Guo et al. (2017) [51] CNN + support vector machine (SVM) ORL 97.50%

Y. Taigman et al. (2014) [13] DeepFace system SFC , LFW, YTF 97.35%
Y. Sun et al. (2014) [53] DeepID LFW 97.45%
Y. Sun et al. (2014) [54] DeepID2 LFW 99.15%

Y. Sun et al. (2015) [55] DeepID2+ LFW, YTF 99.47% (LFW)
93.2% (YTF)

Lu et al. (2018) [56] Deep coupled ResNet (DCR) LFW, SCface 99%
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4. Methodology and Experiments

The main goal of this study was to investigate the FR performance through convolutional neural
networks. For our system, we followed two approaches, as shown in Figure 2:

• First approach: Applying the pre-trained CNN for extracting features and support vector machine
(SVM) for classification.

1. Method 1: Pre-trained CNN AlexNet with SVM.
2. Method 2: Pre-trained CNN ResNet-50 with SVM.

• Second approach: Applying transfer learning from AlexNet model for extracting features
and classification.

In our study, we followed the following stages. First, the pre-processing stage, in which we resized
each image to a suitable size for each CNN model and converted any grey images to RGB images.
In the second stage, face representation, we employed two pre-trained convolution neural networks.
These networks were AlexNet and ResNet-50. CNN networks have been used to extract suitable image
features and utilize them in the following classification stage. Finally, the process of classifying faces
occurred with different convolutional neural networks. First, we used two pre-trained convolution
neural networks, AlexNet and ResNet-50, for extracting features, followed by an SVM as a classifier.
Second, we applied transfer learning from the pre-trained AlexNet CNN for the classification task.
Tests were conducted with different datasets. We then looked at the different results and analyzed
the effectiveness of each approach and compared the results when using support vector machines
(SVM) and transfer learning from pre-trained AlexNet. In our study, we used SVM as a classifier
to recognize faces because of its observable classification result on nonlinear data. SVM has many
advantages in solving pattern recognition problems and machine learning problems such as FR and
function overfitting.

The SVM [15] classification is referred to as a process whereby the supervised binary classification
method is used and when a training set is introduced, wherein the algorithm develops a hyperplane
that maximizes the margin that exists between two input classes. For instance, considering linearly
separate data with two distinct classes, the system can have numerous hyperplanes which separate two
classes. SMVs identify the most ideal hyperplane that has a maximum margin between all available
hyperplanes, whereby the margin is the distance difference between the hyperplane and the support
vectors. In SVM, assuming that we represent the input/output sets as X and Y, the goal is to learn the
function y = f (x, α), where α is the parameters of the function, and f can be defined as f (x, {w, b})
= sign (w × x + b). Thus, the goal is to find the best set of parameters w and b so that the margin is
maximized. However, in the real world, the data are not always linear, and it is not possible to classify
by a linear classifier, and thus the non-linear SVM classifier is proposed. The non-linear SVM comes
with the kernel trick. The kernel trick is a very interesting and powerful tool. The selection of a suitable
kernel for a given application or for a set of features is still an open problem. In this paper, the selected
kernel function is a linear kernel function without any optimization, which means that linear kernel
function does not have any parameters to optimize. In this study, we will not focus on investigating
the strategies for SVM optimization.
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4.1. Setting

All experiments were conducted using the platform of Windows with the configuration of Intel
Core i7- CPU @ 2.7 GHz with 16 GB on NVIDIA GEFORCE GTX 1050TI. MATLAB 2018a tool was
used to evaluate the method and perform the feature selection and classification task. As previously
mentioned, before beginning the training process for the convolutional neural network architectures,
a previous pre-processing is required. For all datasets, a rescale is applied to resize the images to
a 227 × 227 as input for AlexNet and 224 × 224 as input for ResNet-50. The performance of the
pre-trained convolutional neural network system is evaluated on the basis of the quality metric known
as recognition accuracy. The accuracy is the fraction of the predicted labels that are correct.

Dataset Description

This section describes all datasets used in this study. Table 4 summarizes the data in each database
used in the study. Some samples from all datasets are shown in Figure 3.

• ORL [16]: The database utilized in recognition experiments. It contains 10 unique images of 40
individuals, adding up to a total of 400 images that have different face angles, facial expressions,
and facial details. The dataset has a collection at the Olivetti Research Laboratory at Cambridge
University for some individuals.

• GTAV face database [17]: The database contains images for 44 individuals, which were taken on
different pose views (0º, ±30º, ±45º, ±60º and 90º) for three illuminations (environment or natural
light, strong light source from an angle of 45º, and an almost frontal mid-strong light source with
environment or natural light). In our study, 34 images per each person in the dataset were chosen.

• Georgia Tech face database [18]: This database contains sets of images for 50 individuals, and there
are 15 color pictures for each person. Most of the pictures were taken in two different sessions
to consider the variations in illumination conditions, appearance, and facial expression. Also,
the images in the datasets were taken at different orientations and scales.

• FEI face [19]: The database has 14 image sets for every individual among all the 200 people,
totaling up to 2800 images. In our study, we chose frontal images for each individual. The total
number of images that were chosen in the study was 400 images. In our experiment, we chose
images for 50 individuals in a total of 700 images.

• Labeled faces in the wild (LFW) [20]: This dataset was designed for studying the problem of
unconstrained face recognition. The dataset contains more than 13,000 images of faces collected
from the web. Each face has been labeled with the name of the person pictured. A total of 1680 of
the people pictured have two or more distinct photos in the dataset.

• Frontalized labeled faces in the wild (F_LFW) [21]: This dataset contains the frontalized version of
the images collected in the LFW dataset. The dataset was designed for studying unconstrained
face recognition. It has been generated in research [57].
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• YouTube face (YTF) [22]: The dataset contains 3425 videos collected from YouTube. The videos are
a subset of the celebrities in the LFW. The videos contain 1595 individuals. In our study, we used
images taken from video.

• DB_Collection: This dataset contains images combined from all datasets used in this study.
We selected images for 30 people from each dataset, a total of 2880 images.

Table 4. Face datasets and their specifications used in our experiments.

Datasets Identities Images Images Per
Identities

Images
Size

Images
Type

ORL 40 400 10 92 × 112 JPEG
GTAV face 44 704 16 240 × 320 BMP

Georgia Tech face 50 700 14 131 × 206 JPEG
FEI face 50 700 14 640 × 480 JPEG

Labeled faces in the wild (LFW) 50 700 14 250 × 250 JPEG
Frontalized labeled faces in the wild

(F_LFW) 50 700 14 272 × 323 JPEG

YouTube face (YTF) 50 700 14 320 × 240 JPEG
DB_Collection 210 2880 10-16 - -

4.2. Experiments and Results

This section presents the experimental results that were obtained in face recognition using the
three deep convolutional neural networks—AlexNet and ResNet-50 with SVM classifier, and transfer
learning from AlexNet based on various standard datasets. The main three experiments in our study
were conducted to compare the difference in performance between pre-trained CNN architectures.
First, we evaluated the performance when extracting the learned image features from a pre-trained
CNN AlexNet, followed by SVM as a classifier. Second, we extracted the learned image features from
ResNet-50, followed by an SVM classifier. Third, we evaluated the performance when transfer learning
from the AlexNet network was used for the classification task. The analysis and evaluation were
carried out on the basis of the performance recognition accuracy.
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4.2.1. First Experiment: Pre-Trained CNN AlexNet with SVM

This experiment was conducted by extracting the learned image features from a pre-trained
CNN AlexNet, and to train SVM using those features, as shown in Figure 4. As mentioned before,
for AlexNet net we needed to resize all images to 227 × 227 and convert any grayscale images to RGB.
In our implementation, we split the data into 80% training and 20% test data and randomized the
split to avoid biasing the results. AlexNet is made up of numerous layers but it is crucial to note
that not all these layers are essential for extracting features. The first layer performs the extraction
of features such blobs and edges, as displayed in Figure 5b. Therefore, using deep layers gives
better distinct features [56]. Figure 5c shows the extracted features of layer ‘fc7’. In this experiment,
we extracted the feature from each layer in a fully-connected layer ‘fc6’, ‘fc7’, ‘fc8’, and compared the
performance with different features. Then, we fitted SVM to perform the classification task. The output
of feature extraction from ‘fc8’ layer was a 4096-dimensional feature vector. For SVM kernel function,
we used linear kernel function without any optimization. The kernel function is used to take vector
data as input and transform it into the optimal form. The ’MiniBatchSize’ was set 20. We trained
by stochastic gradient descent (SGD). The results of this method were evaluated with all provided
datasets. The extracted features from layers ‘fc6’, ‘fc7’, and ‘fc8’ are illustrated in Figure 6. As it can be
seen from Figure 6, the features from the ‘fc7’ layer had the highest recognition accuracy. This result
clearly confirms that an optimal feature can be extracted from ‘fc7’. The layer ‘fc7’ had additional
distinguished power for same-class recognition. As results for this experiment, from Figure 6, we can
observe that the network achieved a higher accuracy of 100% on YTF datasets, and 99.55% and 99.17%
for the GTAV face and ORL datasets, respectively, whereas for the F_FLW dataset the model obtained
98%. Finally, FEI achieved 97.50%, Georgia Tech face dataset was 96%, and LFW was 94%.
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4.2.2. Second Experiment: Pre-Trained ResNet-50 Model with SVM

The learned image features from the training images were extracted and followed by SVM
classifier, as shown in Figure 7. In the implementation process, we created an Image-Data store to help
with data management. This was because, after reading, the images were loaded into the memory
system, thus making it effective for a huge collection of images. After uploading, the data were
divided into 70% training and 30% validation using random sampling to avoid biasing the results.
As a pre-processing stage, ResNet-50 network can only process RGB images that are 224 × 224; here,
we resized and convert any grayscale images to RGB. Using deep layers for higher level features gives
better distinct features for recognition tasks. For feature extraction, the layer before classification layer,
named ‘fc1000’, was used to extract features by using the activation method. These features were then
used to train and test SVM classifiers using a fast-linear solver. The activation outputs were arranged
into columns to speed-up SVM training that follows, and the fast stochastic gradient descent (SGD) was
implemented for the training. The ’MiniBatchSize’ was set 32 to ensure the CNN and image data fitted
into the servers’ memory. With regard to results for this experiment, Figure 8 shows that the ResNet-50
model obtained a higher accuracy of 100% on GTAV face, ORL, and YTF datasets. It also obtained
98.50% and 96% recognition accuracy for both FEI and Georgia Tech face datasets, respectively.
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4.2.3. Third Experiment: Transfer Learning from AlexNet for Extracting Features and Classification

In this experiment, we evaluated the performance when transfer learning from AlexNet network
is used for classification task, as shown in Figure 9. AlexNet is a pre-trained net, and it was trained
with millions of images for 1000 class problem. It consists of 25 layers; the first 23 layers are for feature
extraction, whereas the last 3 layers are for classifying these features into 1000 groups. Thus, in this
step, transfer of the layers to the new classification task was done by removing the last three layers
and adding the new fully connected layer so that it has a similar size as the number of classes in the
new data based on dataset classes. In this experiment, we tested the model with a different number
of epochs until it reached a good accuracy, as shown in Figure 10. We found the highest accuracy
was obtained with an epoch equal 20. Set the mini-batch size 20. The software validated the network
with validation frequency equal to 3 during training. Also, the data was divided into 70% training
and 30% validation. As presented in Figure 11, the results of this experiment showed that the highest
test accuracy after the training was of 100% on the GTAV face dataset, Georgia Tech face dataset,
and YouTube face dataset. Also, the model achieved 99.17% with the ORL dataset, and 98.70% on the
FEI face dataset. The network of transfer learning from AlexNet achieved a better performance than
AlexNet with the SVM model, as present in Table 5.Appl. Sci. 2019, 9, x FOR PEER REVIEW 14 of 22 
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Table 5. Comparison of results with AlexNet with SVM and transfer learning on AlexNet.

FEI Face ORL Georgia
Tech Face

GTAV
Face LFW F_LFW YTF

AlexNet + SVM 97.50% 99.17% 96% 99.55% 94% 98% 100%
Transfer learning (AlexNet) 98.70% 99.17% 100% 100% 95.63% 99.3% 100%

4.2.4. Performance Analysis

The performance analysis of all experiments was based on the most common evaluation measures
used for statistical tests, such as accuracy, precision, recall, and f_measure. The accuracy was the
fraction of the predicted labels that were correct. Accuracy recall was defined as:

Accuracy =
TP + TN

TP + TN + FP + FN
(2)

where TP is the true positives rate, TN is the true negatives rate, FN is false negatives, and FP is
false positives.
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Recall represented the fact that the fraction is of true positive instances to the sum of true positives
and false negatives. Recall was defined as:

Recall =
TP

TP + FN
(3)

Precision represented fraction of true positive instances to all positive instances. Precision was
defined as:

Precision =
TP

TP + FP
(4)

F_Measure represented the combination of precision and recall. F_Measure was defined as:

F_measure =
(precision ∗ recall)
(precision + recall)

(5)

The performance analysis of all the approaches (AlexNet with SVM, ResNet-50 with SVM,
and transfer learning from AlexNet) based on accuracy, precision, recall, and F_Measure with all
datasets (FEI, ORL, Georgia Tech face, GTAV face, LFW, F_LFW, and YTF) shown in Figure 12.
The performance analysis for all models was as follows:

First, in terms of accuracy, as shown in Figure 12a, we can observe that the AlexNet + SVM
model obtained the highest results with an accuracy of 100% on the YTF dataset. Also, pre-trained
CNN ResNet-50 + SVM achieved an accuracy of 100% on GTAV face dataset, ORL dataset, and YTF
dataset. When using transfer learning from the AlexNet model, we can observe the higher accuracy of
100% being achieved on the Georgia Tech face dataset, GTAV face dataset, and YouTube face dataset.
Also, we compared the results when testing the models on the DB_Collection dataset that included
a combination of images from all datasets. We can observe from Figure 12a the accuracy was 97% with
the AlexNet + SVM model, 97.50% with the ResNet-50 + SVM model, and 98.32% with the transfer
learning from the AlexNet model.

Second, the results for precision value is illustrated in Figure 12b. The measure value of precision
for AlexNet + SVM was in the range of 92%–99% with all datasets. For the approach ResNet-50 + SVM,
the values were between 92.22% and 99.50%. Also, transfer learning from AlexNet obtained results
between 92.89% and 99.50%. The best results were 99.50% for both ResNet-50 with SVM and transfer
learning from AlexNet, and 99.10% with AlexNet + SVM.

Third, Figure 12c presents the results of recall measure for all the approaches (AlexNet with SVM,
ResNet-50 with SVM, and transfer learning from AlexNet). All three approaches achieved a high result
between 93% and 99.98%.

Finally, Figure 12d shows the performance evaluation in terms of F_Measure. The measure values
for all approaches were between 90.1% and 100%. The model transfer learning from AlexNet achieved
the highest results with all datasets, but with the ORL dataset, ResNet-50 with SVM obtained the
highest value.

For the testing time, Figure 13 shows ResNet-50 with SVM took less time than other networks with
all datasets. The model for transfer learning from pre-trained AlexNet convolutional neural network
took less time than AlexNet with SVM with all datasets.
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4.3. Comparison with the State-of-the-Art Models

This section presents statistical analysis in the comparison of the performance with the
state-of-the-art models in terms of the datasets (FEI face, YouTube face, LFW, and ORL). The statistical
analysis was performed on the basis of the accuracy, mean, and variance.

Table 6 shows the performance of our model and the state-of-the-art models, including BQA [39],
Hybrid ConvNet-RBM [40], DeepFace [42], CNN-2+ Raw image [43], Deep CNN [49], CNN + SVM [51],
DeepFace system [13], DeepID [53], DeepID2 [54], DeepID2+ [55], global expansion ACNN and global
+ local expansion ACNN [58], and sparse representation face recognition [59].

Table 6. Comparison of results with other face recognition (FR) models.

References Model Datasets Recognition
Accuracy Mean Variance Time

Sun et al. (2016) [40] Hybrid ConvNet-RBM LFW 93.83% 93.80 0.03 Not available

Guo et al. (2017) [42] DeepFace based on DNN using
VGGNet LWF 97.35% 97.32 0.03 Not available

Y. Sun et al. (2014) [53] DeepID LFW 97.45% 97.33 0.02 Not available
Y. Sun et al. (2014) [54] DeepID2 LFW 99.15% 99.12 0.03 Not available

Yu et al. (2017) [39] BQA method based on CNN YTF 99.01% 99.00 0.01 Not available

Guo et al. (2017) [42] DeepFace based on DNN using
VGGNet YTF 97.35% 97.32 0.03 Not available

O. M. Parkhi et al. (2015) [49] Deep CNN YTF 98.95% 98.92 0.03 Not available
Y. Taigman et al. (2014) [13] DeepFace system YTF 97.35% 97.32 0.03 Not available

Y. Sun et al. (2015) [55] DeepID2+ YTF 93.20% 93.17 0.03 Not available
Y. Zhang (2015) [58] Global expansion ACNN ORL 91.67% 91.65 0.02 4.58 min

Y. Zhang (2015) [58] Global + local Expansion
ACNN ORL 93.30% 93.27 0.03 5.7 min

S. Guo et al. (2017) [51] CNN + SVM ORL 97.50% 97.47 0.03 0.46 min
H. Hu et al. (2017) [43] CNN-2 ORL 95.00% 94.97 0.03 Not available

J. Cai et al. (2015) [59] Sparse representation face
recognition FEI face 61.31% 61.30 0.01 Not available

Our proposed model (2019)

AlexNet + SVM
FEI face

97.50% 97.47 0.03 0.125 s
RasNet-50 + SVM 98.50% 98.47 0.03 0.051 s

Transfer learning (AlexNet) 98.70% 98.67 0.03 0.062 s

AlexNet + SVM
ORL

99.17% 99.15 0.02 0.081 s
RasNet-50 + SVM 100% 100 0 0.043 s

Transfer learning (AlexNet) 99.17% 99.15 0.02 0.078 s

AlexNet + SVM
YTF

100% 100 0 0.10 s
RasNet-50 + SVM 100% 100 0 0.054 s

Transfer learning (AlexNet) 100% 100 0 0.075 s

AlexNet + SVM
LFW

94% 93.97 0.03 0.140 s
RasNet-50 + SVM 94% 93.97 0.03 0.078 s

Transfer learning (AlexNet) 95.63% 95.60 0.03 0.087 s

First, with the FEI faces dataset, the three models achieved a good accuracy—AlexNet with SVM
(97.5%), ResNet-50 with SVM (98.5%), and transfer learning on AlexNet (98.7%). The results were
higher than sparse representation face recognition [59], and the accuracy was 61.31%.

Second, with the ORL dataset, all three models—AlexNet with SVM, ResNet-50 with SVM,
and transfer learning on AlexNet—achieved a higher accuracy than the state-of-the-art models [58]
with 91.67% and 93.30%, whereas [51] was 97.5%, and [43] was 95%. We obtained 100% with (ResNet-50
+ SVM), 99.17% with (AlexNet + SVM), and transfer learning on AlexNet.

Third, the results of the YouTube face dataset were 100% for all three models—AlexNet with SVM,
ResNet-50 with SVM, and transfer learning on AlexNet. The result was higher than [13,39,42,49,55].
We compared our model with DeepID2+ in [55] rather than the previous DeepID model, as DeepID2+

is the latest model of DeepID1 and DeepID2, and gives a final enhancement of the models and
high accuracy.

Fourth, with the LFW dataset we conducted our experiments without applying any pre-processing,
we simply cropped the face image region to remove the complex background from the images.
We obtained 95.63% when using transfer learning from AlexNet and achieved 94% with both AlexNet
with SVM and ResNet-50 with SVM. Our results were higher than that of Sun et al. [40]. Also,
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our models achieved less accuracy than Guo et al. [42], Y. Sun et al. [53], and Y. Sun et al. [54], as we did
not apply any pre-processing method and we used the pre-trained model rather than other researchers
who built their system from scratch for the FR problem.

Finally, in the time complexity in the comparison, not all models set the illustration for the time.
The model ResNet-50 with SVM took less time than other our models.

5. Conclusions

In this paper, pre-trained convolution neural network (CNN) architectures were applied for face
biometric system with different approaches. First, we applied the pre-trained CNN AlexNet and
ResNet-50 for extracting features and the support vector machine SVM for classification. Second,
we applied transfer learning from the AlexNet model for extracting features and classification.
In the study, we conducted three experiments. First, we evaluated the performance for pre-trained
convolutional neural network AlexNet for extracting learned features and using a multi-class support
vector machine (SVM) for the classification task. Second, we evaluated the performance for a pre-trained
CNN ResNet-50 for extracting learned features and using an SVM as a classifier. Third, we evaluated
the performance for transfer learning from pre-trained CNN AlexNet for the classification task.
The investigation study was conducted on various datasets (Georgia Tech face dataset, FEI faces,
GTAV face, YouTube face, LFW, F_LFW, ORL, and DB_Collection). The results showed the accuracy
range of 94% to 100% for models with all databases obtained. The results for AlexNet with SVM
confirmed that an optimal feature can be extracted from ‘fc7’. For the testing time, ResNet-50 with SVM
took less time than other networks with all datasets. We compared our model with the state-of-the-art
models in terms of the datasets (FEI faces, LFW, YouTube face, and ORL). The results showed that our
model achieved a higher accuracy than most of the state-of-the-art models. In the future, we intend
to further improve recognition and classification accuracy. To do so, more databases need to be
included for training our CNN models, as well as to test different convolutional neural network
models for better functioning. An enhancement for FR models can propose new techniques for feature
extraction. Moreover, we can investigate the technique to extract features from a different layer and
apply cross-validation, as in [60].
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