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Development of an Adaptive Trait-Aging )
Invariant Face Recognition System Using | @&
Convolutional Neural Networks

Kennedy Okokpujie, Samuel John, Charles Ndujiuba
and Etinosa Noma-Osaghae

Abstract Trait-aging causes large intra-subject variations and negatively impacts on
the accuracy of face recognition systems. With lapse in time, it returns a false match
when identifying and authenticating the same individual. In this paper, an augmented
database using pre-processing measures, a feature extracting algorithm, a modified
classifier and an adaptive trait-aging invariant face recognition system were devel-
oped. The database was populated using data augmentation processes on the subjects
got from the Face and Gesture Recognition Network Aging Database (FG-NET AD).
The data augmentation process increased the amount of available data, thus making
it suitable for deep learning operations. Cross-validation operations were also per-
formed on the augmented dataset and each face image resized to fit into the adopted
Convolutional Neutral Network Model (CNN). The CNN model was re-trained with
FG-NET AD after it augmented, cross-validated and divided into mini-batches. The
re-training was achieved using transfer learning technique. The resulting adaptive
face recognition algorithm was validated using the data reserved for testing to ascer-
tain its performance. The performance of the proposed adaptive face recognition
system was evaluated using cumulative score curve and Mean Square Error (MSE).
It had a 99.90% testing accuracy, a testing loss of 0.003%, Mean Absolute Error
(MAE) of 0.0637, and Mean Squared Error (MSE) of 0.0158. Thus, out-performing
the best result recorded in the available literature using similar database.
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1 Introduction

The need for automated human face recognition cannot be over emphasized. It is
required for identification and authentication in various real life applications [1-6].
Biometrics has various applications, examples of these applications include, border
control, voting systems, health care, attendance capturing and access control. The
variant nature of the face with the passage of time has been found from rigorous
research to be responsible for the intra-class variations that make facial recognition
systems to return a non-match for genuine users. This factor is called “Trait-Aging”
and it makes matching of “query face templates” with stored templates of users’
faces in databases unreliable and insecure.

Presently, automated facial recognition systems do not have the capacity to adjust
itself to changes in the human facial structure overtime due to trait aging. The facial
characteristics of individuals change as they grow older and aging causes a reduction
in the elasticity of the skin. The face is usually mapped with representations that are
quite permanent but not completely immune to the effect of trait aging. The volume
of facial biometric data stored in databases across the world is increasing at an
exponential rate and the counter-productive influence of trait aging on the reliability
of “static” facial recognition systems is a just cause for alarm.

A lot of postulations, models and proposals have been made to put the challenge
of trait aging in facial recognition systems in check with very little success rate. The
trait-age invariant phenomenon has been considered and studied in human perception,
biology and biometrics. The trait-age variant characteristic of the face is considered
to be multifaceted. Trait-age variations cause the face to be altered to different extents
in its shape and texture due to time lapse. The shape of the face changes dramati-
cally from childhood to adulthood and its texture (wrinkles) changes markedly from
adulthood through old age [7, 8]. Face recognition is affected by external factors such
as sensor limitation (distance from camera), spatial resolution, acquisition spectrum
(visible vs. infrared), frame rate (2D vs. 3D), variations in user interaction (expres-
sion and pose), lifestyle and changes in the environment (Occlusion Illumination,
Make-up, Accessories and Background scene). These factors are considered as noise
to the recognition system.

Face recognition is adversely affected by trait aging. This challenge is enormous
because there could be some level of disparity between the appearance of the face of
a human subject at the point of training or enrollment and when the human subject’s
face is being verified or authenticated. The development of algorithms for trait-age
invariant face recognition have been suggested as a means of checkmating the adverse
effect of trait aging. A database, called the Face and Gesture Recognition Network
(FG-NET) have been adopted by many researchers in the quest to develop trait-age
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invariant algorithms for face recognition. The database was released in 2004 and is
used by researchers to study the effect of aging on the face [9] and therefore was
selected for this experimental research work.

Convolutional Neural Networks (CNNs) have shown great promise for such tasks
as image classification, face recognition and object detection. CNNs are able to
extract features from complex datasets using several pooling and convolutional lay-
ers. Classification is performed by linear layers (in this case, Softmax). CNNs can
solve a variety of complex recognition tasks using its powerful feature extraction
and learning ability but not without some drawbacks such as its exorbitant computa-
tional cost, enormous training data, etc. In order to mitigate against these drawbacks,
many researchers have proposed very effective solutions, such as data augmentation,
regularization (dropout, batch normalization and data augmentation) and various
activation functions. The growth of the network architecture has been very rapid, it
started with LeNet-5 [10] followed by AlexNet [11] and went on to GoogLeNet [12],
VGG-Net [13], ResNet [14], Inception network [15] and lastly, Inception- ResNet
[16]. The numerous advantages of CNNs have been highlighted by feedbacks from
both researchers and industrialists.

2 Related Works

Kamarajugadda and Polipalli proposed the use of the features of the periocular
region [17]. The researchers submitted that the features of the periocular region
were trait-age invariant. The features of the periocular region were extracted using
Scale Invariant Feature Transform (SIFT) and Speeded Up Robust Features (SUFT).
The extracted feature vector space was given a low dimensionality using Enhanced
Principal Component Analysis (EPCA). The extracted features were fed into an ANN
based classifier. An accuracy of 99.97% was achieved using the FG-NET database.

Zhou and Lam proposed an identity-inference model that enabled age-subspace
learning using appearance age labels [18]. The human identity was modelled along
with its aging variables using Probabilistic Linear Discriminant Analysis (PLDA).
The age-subspace was determined iteratively using the Expectation-Maximum (EM)
algorithm and joined using Canonical Correlation Analysis (CCA) for maximum
correlation. An accuracy of 89.8 and 93.12% were recorded for the FG-NET and
AG-IIM face image database.

Duong et al. proposed a novel generative probabilistic model that was able to
impressively follow the progression of the aging process of the face [19]. The re-
searchers used a Temporal Non-Volume Preserving (TN VP) transformation to model
the effect of face aging at each stage. The suggested model was able to show non-
linear age related variance and give a smooth synthesis of the aging process. The
proposed model was evaluated for accuracy of synthesis in age-processed faces and
cross-age face verification. Its consistency was tested on well-known face aging data-
bases like MORPH and FG-NET. The model had a Rank-1 identification accuracy
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result of 47.72% with one million distractors (MegaFace Challenge 1—FGNET)
when it was protocol trained with cross-age faces.

Osman Ali et al. suggested the combination of texture and shape features for face
recognition [20]. The authors proposed the use of phase congruency features on a
face edge map for shape analysis. The face edge map helped with tracking cranio-
facial growth patterns that are pronounced in children as they grow into adults. A
Local Binary Pattern (LBP) texture descriptor was used to handle texture variations
in subjects. The authors submitted that the fusion of facial features yielded more
accurate recognition results than single features. The proposed system was used on
the FG-NET database. A recognition accuracy of over 93% was recorded.

3 Methodology

3.1 Database Specifications and Complexities

The FG-NET database contains 1002 images from 82 different subjects with age
ranging from newborns to 69 years. However, ages up to 40 years are the most
populated in the database. The quality of the images depends on the skill of the pho-
tographer, the quality of the photographic paper and capturing equipment used. This
was so because most of the images used were acquired from the personal collections
of the subjects save the more recent ones which were digital. The images exhibited
considerable variability in resolution, image sharpness, illumination, background,
view-point and facial expression. This made it a highly challenging data for age-
invariant face recognition. Furthermore, occlusions in the form of spectacles, facial
hair and hats were also present in a number of images.

3.2 Deep Learning Model

Inception-ResNet-v2 was trained with more than one million images from the Ima-
geNet database (used for the ImageNet large-scale visual recognition challenge). It
is a well-known convolutional neural network. This CNN is 164 layers deep and
it is able to classify images into a thousand unique object categories. It also has
an image input size of 299 x 299. In this study, a pre-trained Inception-ResNet-v2
network that has already learned to extract powerful and informative features from
natural images was used as a starting point to learn representative features from
the FG-NET database using transfer learning for age-invariant face recognition. The
network architecture of Inception-ResNet-v2 is shown in Fig. 1. In order to use
Inception-ResNet-v2 network, its application was installed in MATLAB R2018b.
The host computer had 64 GB of RAM and a Core i7 Intel processor.
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Fig.1. An overview scheme for training and testing of the inception-ResNet-v2 using FG-Net AD
augmented database for the development of the proposed model

3.3 Pre-processing the FG-NET Database for Deep Learning

Deep learning models need a very large amount of data for training. Since the FG-
NET database contains around 1015 face images of one subject at different ages, it
is a very small dataset for deep learning. The data was pre-processed to improve the
images and increase the number of images for better feature extraction using deep
learning. Each image was read from the dataset one after the other and the following
operations were performed:

1. Ifitwas a grayscale image, it was converted into an RGB image so that all images
in the database have the same number of channels.

2. The faces of the subjects were detected and cropped using Viola Jones Face
Detector to remove the background and allow the deep learning model to extract
more rich and relevant features.

3. Five different versions of the cropped image were made by adding different types
of noises to it. The noises are listed below:

No noise (original cropped image preserved)
Gaussian Noise

Poisson Noise

Salt and Pepper Noise

Speckle Noise.

Addition of noise increases the number of images in the database without over-
fitting the network and extracts better feature representation. The technique of adding
noises to images in order to increase the numbers is called data augmentation [21].
Data augmentation is a well-established concept both in literature and real-world
[22, 23]. As a result, we obtained a pre-processed FG-NET database with a total of
4800 face images and around 60 face images per subject.
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3.4 Training the Deep Learning Model

Transfer learning was used to train the Inception-ResNet-v2 network on the pre-
processed FG-NET database for age-invariant face recognition. The training process
is summarized step-by-step below:

a. Load the pre-processed FG-NET database in MATLAB using ImageDatastore
object.

Split the database into train set (80% images) and validation set (20% images).

Resize all images in the train and test sets to 299 x 299 to make them compatible
with Inception-ResNet-v2 network.

Load Inception-ResNet-v2 network in MATLAB.

Specify training options for transfer learning.

Re-train Inception-ResNet-v2 network on the train set of pre-processed FG-NET.
Test the trained network on the validation set.

Compute the network accuracy.

50 -0 e

The training was successfully completed on a CPU with Core i7 processor and
64 GB RAM in 10 h. The training progress plots showing the accuracy and loss of
the network at every iteration are shown in Fig. 1. The figure shows a smooth training
progress and convergence to the optimum solution.

3.5 Using the Trained Deep Learning Model for Face
Recognition in FG-NET

The trained deep learning model was used for testing on images from the FG-NET
dataset by following these steps:

a. Read an image from FG-NET database in MATLAB.

Convert the image into RGB format if it is a grayscale image.

Detect and crop the face of the subject in the image using Viola Jones Face
Detector.

Resize the image to 299 x 299 to make it compatible with Inception-ResNet-v2.
Load the re-trained Inception-ResNet-v2 network.

Pass the image from step (d) to the re-trained network for class prediction.
Observe the predicted result and compare it to the ground truth.

oo

@ o o

3.6 The Propose “Age-Invariant” Face Recognition Model

Figure 1 gives an overview of the proposed age-invariant face recognition model.
The input represents the preprocessed and augmented images. The stem represents
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the part of the convolutional neural network called the residual network. The stem
does the initial convolution operations on the input images. The Inception-Restnet-A
represents the first Inception module that performs the next convolutional operations.
This operation is repeated five times. Reduction block A performs the first dimension
reduction through max-pooling and passes its output to the next Inception module
called Inception-ResNet-B. Inception-ResNet-B performs the convolution operation
and the operation is repeated ten times. The Reduction-B block also carries out dimen-
sion reduction using max-pooling. The final Inception module is called Inception-
ResNet-C which does the final convolution and assigns the final weights/biases on
the images. Dropout is performed and a final dimension reduction is done by average
pooling. From the stem to the average pooling layer are used to learn and extract the
image features. While the final layer called Softmax is used to classify the images
from the features learnt (for this application, only eighty-two (82) classes are needed).
Through the instruments of transfer learning and loss function, the proposed model
is able to classify face images correctly even with the interference of “trait-aging”,
after several epochs. Thus, making the proposed model “age-invariant”.

4 Result Analysis

Figure 2 shows the accuracy and loss (error) of the proposed age invariant face recog-
nition model. After the model parameters were learned and fixed through training
and transfer learning, it was discovered that the training accuracy was 99.97%. When
the test images were fed into the CNN model, the comparison carried out with the
ground truth established during testing yielded an accuracy of 99.90%. This means
nearly all the test images fed into the convolutional neural network were classified
correctly.

The loss (error), which was derived using the negative log-likelihood was low.
The model was able to satisfactorily interprete the training and testing data. The
summation of errors made during training and testing kept decreasing as the epochs
increased. After fifty (50) epochs at iteration of 5000, the learning model had well
minimized loss function values on both training and testing.

Table 1 presents a summary of the key performance indices of the proposed age
invariant face recognition model. The proposed model had a training loss of 0.008%
and a testing loss of 0.003%. The training accuracy of the proposed model was
99.97% and the testing accuracy was 99.90%. The training was stopped after 50
epochs at 5000 iteration. The calculated experimental Mean Squared Error (MSE)
and Mean Absolute Error (MAE) were 0.0158 and 0.0637 respectively.
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Fig. 2. a Percentage accuracy and b Loss (Error) of training and testing cumulative score curve of
Fg-Net database using Re-trained inception-ResNetv2 and transfer learning technique

Table 1. Table of results

Metric Experimental result

Training accuracy 99.97%

Testing accuracy 99.90%

Training loss 0.008%

Testing loss 0.003%

Maximum epochs setting 50

Mean Squared Error (MSE) 0.0158

Mean Absolute Error (MAE) | 0.0637

Training finished Reached final iteration at 5000

5 Conclusion

In this paper, a trait-aging invariant face recognition system using convolutional
neutral network is proposed. The Face and Gesture Recognition Network Ageing
Database (FG-NET AD) was augmented by introducing various noises, thereby
enlarging the database and making it suitable for deep learning operation. Transfer
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learning, regularization and various operations such as training, testing etc. were per-
formed. To the best of our knowledge, the result of our proposed method outperforms
the best result recorded in the literature using similar database.
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