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ABSTRACT
Facial recognition (FR) is a trending topic due to its usefulness and application in resolving growing/complex reallife scenarios. Implementation of FR is made feasible due to advancement in Graphic Processing Unit (GPU), which
is important for processing large number of facial images. Deep learning, particularly Convolution Neural network
(CNN) method, represents one of the trending techniques that can be used to develop a face image learning model for
facial features recognition and prediction. In this work, deep learning method was used to solve simultaneously the
problems of age estimation, emotion, and gender recognition. A multi-task CNN based algorithm with image preprocessed stage based on Histogram Oriented Gradients (HOG) was deployed and used to classify facial images into
various classes of age-groups, gender and emotions classes. The algorithm was implemented in python within Spyder
platform (the scientific python development environment). The network was trained from scratch using facial images
in Adience and FER2013 datasets. The performance metrics used to evaluate the final model deployed are precision,
accuracy, recall and F1-score. Findings from various experiments conducted on the model produced overall
classification accuracy of 66% for age estimation, 65% for emotion recognition and 97% for gender recognition on
Adience and FER2013 datasets. The trained model performance on our custom dataset (blackfaces) is lacking with
overall accuracy of 50% for age estimation (worst classification result), 64% for emotion recognition and 85% for
gender recognition. This reduction in performance is due to the fact that Adience and FER2013 datasets used for
training consists of mostly Caucasian, Asians and few Africans (blacks). Blacks are not fully represented in the two
datasets.
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and facial expression dataset (FER2013) [50]. The
output model built is used to predict or classify the ages
of subjects into eight different age-groups: 0-2, 4-6, 813, 15-20, 25-32, 38-43, 48-53 and 60+, gender into
two classes, male or female and emotion into seven
classes such as angry, disgust, fear, happy, sad, surprise
and neutral. The performance of the CNN method is
improved with the introduction of a pre-processing
stage based on machine learning method called
Histogram Oriented Gradients (HOG) [6]. Finally, the
output model performance is evaluated on the two
datasets (Adience and FER2013) and our own locally
gathered dataset (custom dataset) called blackfaces and,
the result is compared with recent state methods from
other researches.

I. INTRODUCTION
Over the last decade, the field of image processing had
seen tremendous growth, and this is due to the fact that
the computer hardware’s capacity has greatly improved.
Improvements in Graphical Processing Unit (GPU)
have enhanced image processing. Computer Vision
(CV) is now being used in various applications such as
video monitoring, objects recognition, image
recognition or classification and in any activities
involving Human-Computer Interaction (HCI) [1].
Facial recognition technology in particular is now used
in the development of social robots [2] [3]. Social
robots can now interact with people or any other
autonomous physical objects or devices. Therefore, in
engineering, there is a continuous demand for
development of autonomous machines and systems, and
consequently different studies [5-50] have been
conducted to investigate various ways of extracting
useful information from facial images of objects.
Extracting useful biometric features such as the age,
gender and emotion in the facial image of human is now
a very important task in image processing field.

II. RELATED WORK
2.1 Face Recognition Methods
Various research studies [4-16] have been conducted to
investigate the performance of face detection methods
using machine learning or deep learning techniques. In
most previous face detection and recognition systems,
the researchers adopt machine learning methods such as
Speeded-Up Robust Features (SURF) [4], Local Binary
Pattern (LBP) [5] and Histogram of Oriented Gradients
(HOG) [6] to solve face recognition problems. In [6],
the authors presented HOG feature descriptor for
tackling face recognition problem. Although, HOG is
previously implemented in object recognition tasks;
however,
it
is
currently
used
for
face
detection/recognition. The proposed HOG descriptor is
used to extract and capture important feature-rich face
region, for face recognition task. The algorithm
developed through HOG is used to perform
dimensionality reduction in order to remove noise,
thereby eliminating overfitting problem from affecting
the classification process. The HOG feature selection
and facial landmark localisation enhanced the
recognition rates. There are some other methods such
Haar cascade, facial landmark, facial alignment for face
detection and recognition as presented in [7-11]. A
robust real-time face recognition system is presented in
[7]. A face detection based on Haar-cascade algorithm
is proposed. The face recognition algorithm capable of
detecting faces in images with high accuracy and
minimal computation time is developed. The input
facial image is broken into different rectangular parts,
and each rectangular section sub-divided into multiple
parts and then passed through a cascade of classifiers
that detect the presence of Haar-like features. Some
other face recognition tasks are based on the use of face
features selection to determine facial landmarks and
face alignment. In [8], the authors addressed the
problem of face alignment through deep analysis of face
structures. Facial landmarks are used for locating the

Every human face is unique and contains vital features
that can convey the age, gender, race, personality, facial
expression (emotion) or any other facial attributes [1750]. The most important facial features are determined
from the facial landmarks such as shapes of the eyes,
head, lips, nose, jaw line, eyebrow, eyelashes, wrinkles
and so on [11] [17]. Every human being has these
distinctive facial features. In individual, these
characteristics vary subtly, different in the male and
female, and as one ages, facial muscles become
contracted. Moreover, despite the fact that recognising
and decoding these facial features is natural for human,
this is a huge task for computers and machines.
Although, there is significant improvement in facial
recognition technologies, many systems still have
performance issues, as most systems are still unable to
attain high recognition rate for the facial image
classification task. Consequently, facial recognition is
still being given special attention. Estimating the age,
classifying the gender into male or female and detecting
the emotion in the facial images is still vigorously being
studied.
This study adopts deep learning approach for facial
features recognition. The neural network architecture
for the creation of our algorithm is presented. The CNN
architecture is used to solve simultaneously the problem
of age estimation, gender and emotion recognition from
facial images. The multi-task neural network is trained
using images in age and gender dataset (Adience) [28],
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face structures such as the nose, mouth, eyes, cheeks
and eyebrow. A technique using ensemble of regression
trees is presented. The algorithm is adopted to detect
geometric structure in a single facial image. Face
alignment using cascade regression is also used in [9]
and [10], with only difference been that, [8] efficiently
estimates face landmark locations directly from a
specific segment of pixel intensities. Alternatively, face
alignment method based on deep CNN is presented in
[11]. The neural network is called Face Alignment
Network (FAN). Face landmark localisation is
performed through training 2D and 3D facial images.
This face alignment performance is evaluated on large
numbers of images and their results indicated that the
two networks of 2D and 3D face alignment, perform
well for face recognition task.

predict age in facial images. Facial expressions are
identified and categorized into three age groups:
children, young adults and seniors. Also, an algorithm
called Deep Expectation (DEX) is introduced in [18].
This method is used to solve age estimation task from
facial landmarks. The DEX method uses ensemble of
CNN with VGG architecture that has been previously
trained on ImageNet dataset. The age estimation task is
treated as regression problem. The performance of the
developed algorithm is evaluated on IMDB-WIKI
dataset and achieved a considerable performance.
Also, some studies [19] [20] [21] solve both age and
gender classification problems using single architecture.
In [19], the author presented age-gender classification
task, by adopting a machine learning algorithm referred
to as dropout SVM to detect and group facial images
into different age-group and gender types. Moreover,
some papers [18-24] used deep learning methods such
as CNN to tackle age classification task. Age estimation
approach based on simple CNN architecture is
presented in [20]. Deep CNN is used to classify age into
eight age-groups. The performance of this method is
evaluated on Adience dataset and the method attained
good recognition rate. Another age estimation task
using CNN can also be found in [21], which is an
improved version of [20]. Also, in [22], the proposed
technique is a CNN model referred to as Soft Stagewise
Regression Network (SSR-Net). It addressed age
estimation task as a multi-classification problem. The
network is trained with images in IMDB-WIKI and
MORPH2 datasets. The method also achieved high
accuracy on image classification task. In addition, in
[23], a robust CNN framework for age estimation using
divide and rule strategies is presented. This approach
uses age feature extraction and estimation function
learning method. The CNN is trained using the FGNET, MORPH Album 2, and IMDB-WIKI dataset.
Using this approach, the facial image age feature vector
is obtained through training of the age estimator. The
performances of the proposed method of divide and rule
age estimator was discovered to be superior to other
machines algorithm such as SVM and support vector
regression (SVR). Finally, in [24], age estimation based
on the use of dual CNN and SVR is proposed. The
network is trained to detect face in facial images and
then solve age regression task. A discriminative lowdimensional face representation Learning is derived and
SVR is implemented for feature learning in order to
determine the age estimation. The proposed algorithm is
applied on MORPH-II and FG-Net datasets. The
proposed method achieved a remarkable performance
when compared with the other previous methods for age
classification.

Other face detection and recognition methods use Faster
R-CNN [12] on WIDER face dataset [13], as presented
in [14]. Faster R-CNN is previously implemented to
solve object detection or recognition task and also, has
achieved an impressive result in that field. In [14], the
study is a face detection method using Faster R-CNN.
This network is trained using facial images in a WIDER
face dataset. The real burst in performance for face
detection and recognition is achieved with the use of
CNN. CNN has achieved impressive performance for
face detection and alignment in an unconstrained
environment. In [15], a face detection algorithm
referred to as Multitask Cascaded Convolution Neural
Network (MTCNN) is presented. This method uses a
network architecture that made use of the inherent
correlation to increase face detection and alignment
performance. The proposed architecture consists of a
cascaded three-stage deep CNN designed to detect the
face and the landmark position. The CNN cascade is
referred to as P-net, R-net and O-net. Training images
are sent sequentially through the cascaded CNN stages.
The performance of the proposed approach is
determined using the Face Detection Dataset and
Benchmark (FDDB) [16] and the WIDER FACE
benchmark [13] and achieved excellent real-time
performance.
2.2 Age Estimation
The task of age classification from facial images is quite
complex and challenging when compared with other
face recognition problems. Therefore, various studies
[17-24] have been conducted in order to determine ages
in facial images using facial analysis techniques. In
[17], the age classification task is based on cranio-facial
theory and skin wrinkle analysis. In this approach,
major face parts feature for example, the shape of the
mouth, cheeks, eyes, lips, nose, frontal face and the side
of the head are critically analysed. Other minor study of
the geometrical structure of the wrinkles is also used to

2.2 Gender Recognition
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Some studies [25] [26] [27] investigate gender
recognition task by adopting machine learning
technique such as SVM. For example, in [27], the use of
SVM for gender classification achieved considerable
performance using a low resolution 1,755 thumbnail
images in the FERET face database. The performance
of SVM is found to be better than other conventional
classifiers like those based on Linear Quadratic, Fisher
Linear Discriminant (FLD), KNN, AdaBoost etc. Also,
most of the researches prior to 2010 solve gender
classification problem separately without combining it
with age or emotion recognition task. This norm was
broken in [28]. The author adopted the use of one
method for tackling both age and gender recognition
task.

derived from limited overlapped regions in the
perceived visible region via the segregated multi-layer
feed-forward networks. This architectures using LocalDNN achieved a considerable performance with less
training cost. Local DNN method has been improved
upon by other better CNN method.
And, also some research paper specifically in [32] [33],
tackle gender recognition problem by using VGGNet
architecture. For example, in [33], a gender
classification method utilizing a 4-layer Deep
Convolution Neural Networks (DCNN) based on
VGGNet architecture is proposed. Facial image is
processed through the neural network by extracting
facial feature, in order to determine the gender from the
image. Different experiments are performed on
Celebrity face dataset to evaluate the performance of
their approach. The proposed method achieved a
remarkable performance for gender recognition as at the
time of carrying out the research work. Many
researchers are still working on DCNN, as there is still
room for further improvement on the proposed
approach.

Furthermore, some methods use facial feature extraction
and then subsequently use the model built for
classification. A robust gender classification with
automatic face detection and alignment is presented in
[29]. This systematic study is based on use of
experimentation for many combinations of different
face datasets for solving three task of face detection,
face alignment and gender classification task
simultaneously. From their findings, automatic face
alignment task has low performance, whereas, manual
alignment improved the gender classification
performance greatly. This paper is a complete overview
of different methods for tackling gender classification
problem.

Another approaches for gender classification task is
based on eyes periocular iris. The inclusion of
periocular iris information for gender recognition has
been studied and proven to be one of the most reliable
means for accurate gender recognition. Periocular iris
image analysis is now being used as an independent
method or as a complement to facial image for gender
recognition. In some research papers, particularly in
[34] [35] [36], the authors have adopted the use of
gender recognition from periocular images of the eyes.
In many of these studies, gender recognition is extracted
from the iris images cropped out from facial images. Iris
is a distinctive region of the human face that can be
used for extracting gender features. In [35], the
proposed approach for gender recognition from
periocular iris images is referred to as SuperResolution-Convolution Neural Networks (SRCNN).
Random Forest algorithm is used as classifier. This
proposed approach improves the gender recognition
rate. Also, equally, the author in [36] presented a soft
biometric classification based on periocular features.
The effectiveness of local features appearance extracted
from the periocular images is vigorously investigated.
The extraction of local binary pattern features and SVM
classifier achieved a considerable improvement in
performance on FRGC face dataset. Though, most of
the studies on gender recognition using periocular iris
images performances are comparable to those obtained
by using the entire facial image, but still have
classification problem which is dependent on the kind
of data available for training.

In addition, gender classification changed focus with the
introduction of deep CNN. CNN have shown to
provide incomparable performance to other types of
machine learning methods. Gender classification using
CNN is first presented in [30]. This is multilayer neural
network using Gradient Based Learning techniques. The
architecture adopted based on LeNet-5 is first proposed
in 1998, and was used for handwritten character
recognition. The network is trained with back
propagation algorithm. However, in early 90s, deep
learning architectures such as CNN are impracticable
due to the limitation in hardware computational
capacity and cost. The de facto method for most image
classification is now based on CNN.
Similarly, in [31], the author presented a gender
recognition system using deep learning method referred
to as the Local Deep Neural Network (Local-DNN).
The approach is a deep representation in which local
facial features are extracted after the application of two
different filters, sobel and low pass filter. The model
developed was able to extracts a large proportion of
local facial characteristics from the input face images.
The extracted features are then fed into a deep neural
network that learns to group each local feature on the
label of the image to which it is attached. Learning is
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SHCNN is used to eliminate the overfitting problem for
relatively small datasets. The SHCNN architecture
consists of three convolution layers, three pooling
layers, and softmax classifier. The input facial images
used for training are from different facial expression
datasets such as FER2013, FERPlus, CASME, CASME
II, and SAMM. The first two convolution layers have
forty-four feature maps and the third, has eighty-eight
feature maps. The first and third convolution layer
kernels have size 5x5. The proposed algorithm is
evaluated through different experiments on five datasets
mentioned above and the results from the experiments
indicated that shallow architecture produce better facial
expression performance for both static and microexpressions in face images.

2.3 Emotion Recognition
Facial expression is mostly classified into seven classes
such as angry, disgust, fear, happy, sad, surprise and
neutral. These facial features are extracted from the
facial image by detecting and recognizing muscles
movements in the facial images. Different approaches
have been used to classify emotions through facial
expression into different emotional classes. Most of
these approaches are based on the use of deep learning
technique such as CNN, as can be found in [37] [38]
[39] [40] [41]. Before 2016, most of, if not all
traditional approach for emotion recognition task is
based on the use of machine learning algorithm such as
SIFT, HOG, LPB and SVM [42] [43] [44] [45]. These
two methods are used for extracting important facial
features present in the facial image. Facial image
properties such as the edges, jaw lines, corners in
eyebrows, nose, mouth, lips, and muscles in the face are
used to classify emotion into different classes. The
performance of the emotion recognition system using
handcrafted features is not so encouraging when
compared with the algorithm developed using CNN.

In addition, there is a presentation of facial expression
recognition based on Random Forest and CNN in [41].
This architecture eliminates the problem of overfitting
by improving the single C.45 classifier used in the
previous method in other research. The presented
architecture consists of seven convolution layers, two
pooling layers, two fully connected layers and softmax
layer. The convolution layers are used for extracting
features in facial images, and the max-pooling layers
are used for variable selection and the fully connected
layer for classifying facial expression into seven classes.
The recognition is done through the use of combination
of Random Forest with feature extraction from the CNN
model. The performance of this method is remarkable.

In [37], the proposed CNN architecture for facial
expression recognition is referred to as LeNet. This
algorithm developed was tested on three datasets,
JAFFE, KDEF and custom datasets. The face region in
the image is detected using the Haar Cascade algorithm.
Also, in [38], a face recognition system called modified
CNN is presented. This architecture is enhanced by the
addition of two normalisation operations to two of the
layers. CNN architecture is used for both feature
extraction and classification.
In [39], a CNN
architecture for facial expression recognition that
consists of a seven-layer network, with three
convolution layers, two max-pooling layer, fullconnected layer and softmax layer is presented. The
input image to the CNN architecture is a small
resolution 48x48 images. The convolution layer and the
max-pooling layers have several activation maps, and
each of this activation maps is connected in a specific
pattern. The convolution layers have different
convolution filters. The first two convolution layers
have filters of size 5x5, and the last convolution layer
has a filter of size 4x4. The max-pooling layers have
size 2x2. The fully connected layer uses 4608 neurons
which are fully connected to the second max-pooling
layer. The softmax layer has seven neurons, whose
output classifies the extracted features into different
emotions classes.

Another equally important study of CNN based emotion
recognition can be found in [46]. The study is an
investigation of facial expression recognition using
VGG16 architecture. The presented architecture is
called Deep Convolution Neural Network (DCNN).
This baseline architecture is made up of different layers,
seven convolution layer, two max-pooling layers and
three fully-connected layers and softmax layer. The
input facial images used for network training and
feature learning are of size 48×48 image resolution. The
convolution layers have filters of size 3x3 and the
pooling layers have filters of size 2x2. Each convolution
layer is preceded by an activation layer. In order to
achieve high recognition accuracy, batch normalisation
is added to each activation layer. Also, each pooling
layer is accompanied by a dropout layer. The final
layer, softmax classifier is finally used for feature
classification. The performance of this method was
evaluated on kaggle’s FER2013 dataset, and results
shows that the method achieved high accuracy.
Likewise, in [47], the proposed method is a deep
learning approach called attentional CNN. The
architecture is end-to-end neural network used for
classifying face expression into different emotional
label in face images. An attentional face model is

Also, in [40], the proposed architecture is referred to as
Shallow Convolution Neural Network (SHCNN).
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developed. The algorithm developed main task is to
focus on the most crucial part of the facial image. This
technique increases the accuracy of emotion
recognition. Also, a visualisation method proposed in
[48], is used to select the essential part of the facial
image. In general, the two methods deployed achieved a
significant improvement on emotion recognition rate on
different datasets such as CK+, FERG, JAFFE and
kaggle’s FER2013 datasets as reported in [47].

stage was used to create the bounding box and for
resizing the images if they are not of size 224 x 224
resolutions before they were fed to the neural network.
Figure 1 shows one of the basic image pre-processing
operations.

Finally, from all the literature reviewed so far, it is
found that there are significant improvements in
performance on age estimation, emotion and gender
recognition task using CNN over the traditional handcrafted features method. Despite this great leap in
performance, there is still a missing gap especially in
con-currently tackling correlated facial image
classification task and also focusing more on the
important feature-rich face regions which can be used
for age estimation, gender, and emotion recognition. In
this study, this problem is addressed by using a CNN
model with input image pre-processed stage. This
approach uses the processed parts of the facial images
as input images and then these images are fed to the
CNN architecture. A pre-processing stage based on
HOG algorithm [6] and then, applying a multi-task
CNN presented in [49], is developed. The first
technique was used to detect the crucial regions in the
face before the training images were applied to the
network. The two techniques were used for age
estimation, gender and emotion recognition task. Our
approach is an improvement on multi-task CNN
presented in [49]. The results from these methods
achieved a significant improvement over previous
proposed architecture in other researches.

Figure 1. The pre-processing of image [6]
The model was then developed for feature learning and
classification using multi-task learning CNN presented
in [49]. The age estimation was treated as a multiclassification task. Facial image is classified into eight
age-group 0-2, 4-6, 8-13, 15-20, 25-32, 38-43, 48-53
and 60+. Each sampled face image in the datasets was
assigned to only one age label or group, not more than
one at a time. The gender recognition task was treated
as Bi-classification task. Features relating to gender
were extracted and used for classification. Facial images
were classified into two classes male or female and not
both at the same time. Finally, the emotion recognition
was also treated as a multi-classification task. Features
relating to different facial expressions were extracted
and used for classification. Facial images are grouped
into seven distinct emotion classes such as angry,
disgust, fear, happy, sad, surprise and neutral. Just like
for age estimation task, each sampled facial image in
the datasets is allotted to only one emotion label or
group, not more than one at a time. The steps taken
during the implementation of this project is shown in
Figure 2.

III. METHODOLOGY
The first step is the process of gathering image data.
The age (Adience) dataset, and emotion (FER2013)
dataset were used for training, validating and testing the
network. The third dataset which is referred to as
custom dataset (blackfaces) were locally gathered face
images of black people of different ages, gender, and
emotion representation within our environment. Also,
some of these black faces were downloaded and
cropped out from different web pages such as
Facebook, Instagram and other social media sites. All
the images were pre-processed using HOG algorithm
presented in [6], before they were fed into the network
for training. This process is necessary in order to
achieve proper face part detection and alignment, as
majority of the facial images in the dataset are raw
unfiltered real-life images with variation in pose,
lighting, occlusion etc. This algorithm was used to
detect and select important face region in the facial
image and to obtain aligned faces. The pre-processed

Figure 2. Implementation steps for age estimation,
gender and emotion recognition task
3.1 CNN Multi-Task Learning Architecture
The implemented architecture is a fusion of CNN
architecture presented in [49] and face detector based on
HOG algorithm presented in [6]. The face detector is a
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pre-processed stage used for detecting the most
essential part of facial images. The algorithm was used
to select most important face region and then to achieve
proper alignment before the images were fed into the
network. The architecture in [49] is referred to as Multitask BKNet with a shared CNN network. This simple
architecture was selected because of its excellent
performance with low computation time, especially for
image recognition task.
The input of the architecture is the pre-processed facial
images from the two datasets. The facial images were
first pre-processed before it was fed into the shared
CNN block for joint features extraction. The shared
features block was used for extracting different facial
features pertaining to age, gender and emotion
simultaneously. Joint representation of the three tasks
(age, gender and emotion) from all the input images in
the dataset was achieved in this shared block. The
feature generation for the model was achieved through
the different Convolution Layers (CL), the Max Pooling
layers (MPL), Batch Normalization Layers (BNL) and
activation function called Rectified Linear Unit (ReLU).
The arrangement of these layers can be seen in Figure 3.
The first convolution block has two CL of size 32
neurons with filter size, 3x3, and with one filter shift,
each CL is followed with a BNL and an activation
function ReLU and the two CL followed by MPL of
size 2x2, with two filter shift. Also, the second
convolution block has two CL of size 64 neurons with
3x3, one filter shift, each CL followed with a BNL
operation and a ReLU and the two CL followed by
MPL 2x2 with two filter shift. Moreover, the third
convolution block has 2 CL of size 128 neurons with
3x3 one filter shift, each CL followed with a BNL
operation and a ReLU and the two CL followed by
MPL 2x2 with two filter shift. Finally, the last
convolution block is quite different with 3 identical CL
of size 256 neurons with 3x3, one filter shift, each CL
followed with a BNL operation and a ReLU and the two
CL followed by MPL 2x2 with two filter shift.

Figure 3. The multi-Task CNN with HOG preprocessed stage [49]
3.2 Multi-task Training
The datasets were merged to make a single dataset and
then divided into three, training-set, validation-set and
testing-set. The training set was used for training the
network from scratch. The network was trained by
loading images batch by batch, loaded labelled agegroup and gender images first, and next, labelled
emotion images. The training for the three tasks was
performed using task-based regularisation. This method
was used to detect the best training parameter for the
network. This method was used to reduce the weighted
average of the loss function for each of the task.
Softmax layers’ loss function was used to obtain the
probability for each classification group for each task.
After series of experimentation through trial and error,
we initialised the network learning rate to 0.0001. This
is to ensure longer model training for best accuracy. To

Finally, the network diverged into three branches for the
three tasks, task1-age, task2- gender and task3-emotion.
Each of the branches has learned the specific features
for each task and the loss function pertaining to each of
the task. Lastly, softmax layers were implemented to
produce a prediction for each task.
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achieve good generalisation and proper classification
with our model, Adam optimiser was used for network
weights update. This was also used to optimize a loss
function for the model. For each epoch, a weight update
was carried out in order reduce the cumulative loss
function. According to [49], the cross-entropy loss for
the last softmax layer in the multi-task architecture is
represented by the equation below, equation 1.

Perform pre-processing of the testing-set images
using HOG algorithm to get aligned faces.
VI. Input the pre-processed testing-set images {
i}i=1-m into trained multitask CNN classifier.
VII.

i,

i,

If CNN is age classifier, g ():
return [age class label]

..……(1)

else if CNN is gender classifier, h ():

where,

return [gender class label]

N represents the total number of images in the
combined dataset

else CNN is emotion classifier, f ():
return [emotion class label]

Lt represents the cross-entropy loss
End For
Ct represents the total no of classes in accordance to
the tth class

VIII. Provide the prediction for the supplied testing-set
images { i, i}i=1.....n.

αti represents sample type indicator

The model algorithm was implemented using open
source python programming language. The version used
is version 3.6 and this version supports different
libraries or framework needed to implement this
research work. There are several libraries needed to
train the deep learning model. The dependent libraries
are openCV, Keras, TensorFlow, Matplotlib, Scikitlearn, NumPy, and Pandas. The programming and
coding for training, validating and testing the network,
visualization of results, and generation of confusion
matrix were implemented in the spyder IDE of the
Anaconda python distribution software.

yt i represents one-hot encoding of the correct class
label of i-th sample in tthtask
represents probability distribution over the classes
of i-th sample in tth task
Λ represents regularization weight
3.3 Algorithm Developed
I. Load the training-set images {xi, yi, gi}i=1-m, validationset images { i, i, i}i=1-m and testing-set images { i, i,
i}i=1-m.

The hardware used is a laptop computer running
Microsoft window 7, 64-bit operating system, with Intel
processor Core i3 M330@ 2.13GHz and installed
memory (RAM) size 4GB. This computer system is a
low power computer system with minimal
computational power capability. The whole process of
training, validation and testing took also 8 hours.

II. Perform pre-processing of input face images using
HOG algorithm to select important facial region present
in the facial image and create aligned faces.
III. Train a multi-task CNN with images x = {xi,} i=1-m,
to extract features that are needed for age, gender and
emotion classifiers, g(), h() and f() respectively.

3.1 Datasets
Two datasets (Adience and FER2013) were downloaded
from kaggle’s website. The datasets were used for
training, validation and testing and our custom dataset
(blackfaces) was only used for testing our built model.
The Adience dataset consists of different human face
images previously labelled with different age-group
such as 0-2, 4-6, 8-13, 15-20, 25-32, 38-43, 48-53 and
60+. The grey images in FER2013 dataset had been
previously labelled with the seven key emotions: happy,

IV. Validate the model with images = { i,}i=1-m, and
compute the training accuracy and loss, and validation
accuracy and loss and finally plot the graph for these
parameters.
V. For j=1 to n
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disgust, angry, sad, neutral, fear and surprise. Custom
dataset is a locally gathered black faces of people of
African origin. The facial images in this dataset were
collected through Techno spark 2 android phone
camera. Person of various ages, ranging from 0-60years
were contacted and their personal data such as their
ages were recorded with their face captured. To get
these image data, we have to contact different schools
within our locality, in Ijebu-Igbo, Ogun state, Nigeria.
The school administrators gave approval to use captured
students faces and their personal data. To get facial
images that depict different age group as labelled in
Adience dataset, we have to get data from primary
schools, secondary schools and tertiary institution,
Abraham Adesanya Polytechnic, Ijebu Igbo. Facial
images of randomly selected person ranging from 060yrs and above were gathered, and some students were
instructed to show a predefined intention with different
facial expression such as Happy, Sad, Angry, Fear,
Surprise etc. Though, this task is not easy to do, but still
we were able to achieve our aim. All the pictures taken
were all hand labelled and ascribed with the observed
emotion and age-group, and stored in a folder on the
android before they were transferred to the laptop. The
ages were manually labelled based on the data provided
by the owner. Some facial images were also gotten from
ICT unit of Abraham Adesanya Polytechnic, Ijebu-Igbo.
The date of birth which is used for age labelling is
assumed to have been correctly filled by the owner of
the facial images while filling data during registration
online. The custom dataset consists of approximately
800 images with different age group label, 200 images
with gender label, and 350 with different emotion label.
Almost 1350 facial images manually labelled with
different key emotions, and different gender and agegroup of equal class distribution were used as custom
dataset for testing the final model. For training,
validation and testing, facial images of about 16000
were picked from each of Adience and FER2013 dataset
making a total of 32000 images. These facial images
were divided in ratio 8:1:1. This means 25600, 3200
and 3200 images were used as training-set, validationset and testing-set respectively. The training-set was
used for feature learning that is to fit the parameters for
the model. The validation-set was set aside for
estimating the model fit on the training dataset while
tuning the models weights or other hyper parameters.
The testing-set was used to produce unbiased estimate
of the model fit for final evaluation of the performance
of the final model. Figure 4a, 4b & 4c show sample
images in each of the dataset.

Figure 4a. Sampled images in Adience dataset [28]

Figure 4b. Sample images from FER2013 dataset [50]

Figure 4c. Age and gender sample images in custom
dataset
IV. RESULTS AND DISCUSSION
The training lasted with 120 epochs, and the model with
the smallest validation loss was attained in the 100th
epoch during training. The training of the model was
stopped at this epoch in order to avoid overfitting
problem. Best trained model with lowest validation loss
was attained between 80th to 100th epochs as shown in
figure 5b. Also, the training accuracy reached the peak
value around the 100th with no further significant
improvement in performance of the model. The
validation accuracy stopped increasing around 85th
epoch as seen in figure 5a. During training, the model
reached maximum training and validation accuracy of
0.9982 and 0.9802, and lowest training and validation
loss of 0.0250 and 0.1301 respectively. The results from
the training and validation phase are shown in Table 1.
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4.1.1 Age-group Classification Test Results
The age estimation task was addressed as a multiclassification problem. The final developed model was
used to predict the different age group such as 0-2, 4-6,
8-13, 15-20, 25-32, 38-43, 48-53 and 60+. The
confusion matrix table for the classification model on
Adience dataset and custom dataset is shown in figure
6a and 6b respectively. The diagrams show the
confusion matrix without normalisation and with
normalisation for evaluation of the performance of the
model on Adience dataset and custom dataset. The
normalised confusion matrix is for better interpretation
of the probabilities of predicted classes. From the
confusion table, we computed the False Negatives (FN),
True Negatives (TN), False Positives (FP), and True
Positives (TP) values and then use these values to
determine the Precision, Recall and F1-score.
Explanation of the results of the evaluation of age
estimation classification is explained in subsequent
section.

Figure 5a Training and validation accuracy for the model

Maximum
Training
accuracy
0.9982

Maximum
Validation
accuracy
0.9802

Lowest
Training
loss
0.0250

Figure 6a. Age-group estimation classification confusion
matrix on the Adience dataset

Lowest
Validation
loss
0.1301

Figure 5b Training and validation loss for the model

Table 1: Training and validation accuracy and loss

4.1 Classification Test Result
The results of the testing phase were characterized by
using different evaluation metrics and confusion
matrices. The parameters like Accuracy, Recall,
Precision and F1-score were computed for the model
using the Macro-average method. The performances in
terms of accuracy of the model for age estimation,
gender recognition and emotion classification on both
Adience and FER2013 datasets, and our custom dataset
(Blackfaces) were determined. Results of testing the
model using different images in the dataset are
presented in this section.

Figure 6b: Age group estimation classification confusion
matrix on the custom dataset (Blackfaces)
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custom dataset. The overall classification accuracy for
the final model for age estimation task on Adience and
custom dataset using our approach was found to be 66%
and 50% respectively. This finding indicated that the
performance of the model reduced on the custom
dataset.
4.1.2 Emotion Classification Test Results
The emotion recognition task was also addressed as
multi-classification problem. Emotion was grouped into
seven different classes such as angry, disgust, fear,
happy, sad, surprise and neutral. The test results are
represented with two confusion matrices, one
normalised while the other, not normalised. Figure 8a
and 8b show the confusion matrix for FER2013 dataset
and custom dataset respectively. Precision, Recall and
F1-score were also computed and plotted for each.

Figure 7. Age Metrics Plot
4.1.1.1 Discussion of Age Group Estimation Test
Results
Confusion matrix was used to know how the model
works on test image data. Figure 6a and 6b show the
confusion matrix for determining the performance of
the model for prediction of different age-group class on
Adience and custom datasets. The total number of facial
images used for testing is 2400, 1600 images from
Adience dataset and 800 facial images from custom
dataset. Out of these 1600 test images from Adience
dataset, about 1046 were correctly classified into the
appropriate age-group, and the remaining facial images
completely misclassified. Looking at normalised
confusion matrix in figure 6a, it can be seen that the
age-group classes 0-2 and 25-32 have the highest
probabilities of prediction with classification accuracies
of 85% and 84% respectively. Age-group classes 15-20
and 38-43 have the worst classification accuracies
which are just 43% and 48% respectively.

Figure 8a. Emotion classification confusion matrix on
FER2013 dataset

Identical results were also obtained for custom datasets.
Out of 800 test images used, about 444 were correctly
classified and others misclassified. Age–group classes
0-2 and 25-32 have the highest probability with
classification rate of 72% and 76% respectively. Agegroup class 38-43 has the worst classification accuracy
which is 30%. The Precision, Recall and F1-score
values were computed for both Adience and custom
datasets on the model. The Recall, Precision and F1score are above 0.600. Only those age-group class
predictions with poor classification fall below 0.5
precision value. Precision values above 0.600 shows
that the model performed well and did not over fit.
Figure 7 shows the age class metrics plot for comparing
the three parameters for Adience and custom dataset.
The average values of Accuracy, Precision, Recall and
F1-score were observed to have drastically reduced on

Figure 8b. Emotion classification confusion matrix on the
custom dataset
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4.1.3 Gender Classification Test Results
In this case gender recognition was treated as biclassification task with two classes, male and female.
The performance of the model was also evaluated on
both Adience dataset and custom dataset. Test images
from these two datasets were used to determine the skill
of the model. The test results are represented with two
confusion matrices, one for Adience and the other for
custom dataset. Each confusion matrix has its
normalised equivalent. Figure 10a and 10b show the
confusion matrix for the two datasets. The parameters
such as Precision, Recall and F1-score were also
computed and plotted for each, as shown Figure 11.
Figure 11 shows the gender classification metrics plot.
Figure 9. Emotion Class Metrics Plot

4.1.2.1 Discussion of Emotion Classification Test
Results
The performance of the model was evaluated using the
testing-set images in both FER2013 and custom
datasets. Out of 1,600 facial images selected from
FER2013 dataset, about 1,036 images were correctly
classified into their respective emotional classes, and
others misclassified. Looking at normalised confusion
matrix in Figure 8b, it was observed that disgust and
happy have the highest probability of prediction with
classification accuracies of 84% and 78% respectively.
Almost, 16 images with fear label were completely
misclassified as sad and also, about 13 images with
disgust label were completely misclassified as angry.
Fear and sad have the lowest classification rates of 49%
and 53% respectively.

Figure 10a. Gender classification confusion matrix on the
Adience dataset

On custom dataset, the performance of the model is
almost the same as that of the FER2013 despite that this
dataset is more balanced, as there are equal numbers of
test images in each class. The performance of the model
is expected to improve based on this fact. Also, disgust
and happy has the highest classification rates of 80%
and 76% respectively. Emotional class fear has the
lowest classification rate of 46%. Finally, the overall
classification accuracy attained was 65% and 64% on
the FER2013 and custom dataset respectively. There is
a slight reduction in performance on custom dataset.
Figure 9 shows the emotion class metrics plot, which
indicate that there is not so much difference in
Precision, Recall and F1-score for the two datasets.
From Figure 9, it can be seen that the Precision, Recall
and F1-does not fall below 0.600. Finally, the model
was able to differentiate and classify the different
classes of emotion on the two dataset efficiently only in
some few cases there is misclassification.

Figure 10b. Gender classification confusion matrix on the
custom dataset

Figure 11. Gender classification metrics plot
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4.1.3.1 Discussion of Gender Classification Test
Results

Our
approach

The performance of the model was evaluated using the
test images in both Adience and custom datasets. Out of
1,600 test images from Adience dataset, about 1,521
images were correctly classified into proper gender
label, with few images completely misclassified. From
the normalised confusion matrix in Figure 10a, it was
observed that male class has the highest probability of
prediction. The recognition rates are 98% and 96% for
male and female class respectively.

V. CONCLUSION

4.2 GENERAL DISCUSSION
From the results of experiments on the model using the
three datasets, it was observed that the model’s
performance on custom dataset is poor for age
estimation, and moderately better for gender and
emotion recognition. On the custom dataset the model
achieved overall classification accuracy of 50% for age
estimation, 64% for emotion recognition and 85% for
gender recognition. Contrarily, on Adience and
FER2013, the model achieved a general classification
accuracy of 66%, 65% and 97% for the age estimation,
gender and emotion recognition respectively. These
results on Adience and FER2013 indicated that, there is
an improvement on the three tasks when compared with
other results in other papers as seen in table 2.

In [20]
In [46]
In [19]
In [47]

50.7%

The performance of the model can be improved with the
use of transfer learning instead of starting training from
scratch as in our case. With a pre-trained CNN model,
which has been trained on large amount of facial images
in millions, facial images from our custom dataset
(blackfaces) can be added to produce a general and
better generalisation of the model for the real visual
world for task of age, gender and emotion recognition.
REFERENCES

Accuracy for
gender
classification

[1]

86.8%
63.1%

45.1%

97.0%

VI. FUTURE WORK

Table 2: Comparison of age, gender and emotion
tasks on Adience and FER2013 dataset
Accuracy
for
emotion
recognition

65.0%

We deployed a deep learning algorithm to solve
simultaneously age estimation, gender and emotion
recognition tasks. The algorithm presented was then
used to develop a multi-task model. The network was
trained using facial images in Adience and FER2013
dataset for feature learning. Vital region in face images
were first detected and then extracted using a
specialized stage referred to as HOG pre-processing
stage before the images were fed to a neural network.
CNN was used for creating a recognition model for
each of the studied features for age, gender and
emotion. From different experiments conducted on the
multi-task CNN, our result shows that the model
achieved overall classification accuracy of 66% for age
estimation, 65% for emotion recognition and 97% for
gender recognition task on Adience and FER2013
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In Figure 10b, on custom dataset, the performance of
the model reduced drastically, with recognition rate
decreased to 86% and 84% for male and female
respectively. The Precision, Recall and F1-score are
above 0.800. This minimum value shows that the model
did not over fit and is really doing well. From Figure
11, it is observed that, there is profound reduction in
Precision, Recall and F1-score values for custom
dataset. Finally, the overall classification accuracy
achieved is 97% and 85% on FER2013 and custom
dataset respectively. The model is able to differentiate
and classify the different gender on the two dataset
efficiently only in some few cases there were
misclassifications.
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