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Abstract
Any physical, behavioural or adhered human characteristics that we can observe
from a person is known as Soft Biometric.The most common physical soft biometric
attributes are height, age, ethnicity, facial hairs, gender, hair color etc. In this era of
machine and deep learning, retrieving a person based on these semantic descriptions
has become a major research interest. Face recognition and bounding boxes are now
common implementations in IoT and surveillance systems because of the efficiency
of training models. But the research on soft biometric attributes training models
still lacks an amount. To overcome this, we have trained different CNN models
for the best outcoming prediction result with a UTKface dataset. The dataset
includes height, age and gender and 48x48 text pixels face images. The models
include CNN, Multi-Headed CNN, DenseNet-169, Multi Label CNN and ResNet-
50. After training all the models we have found that the DenseNet-169 model can
achieve the most accuracy for all the soft biometric classes in our dataset. The
accuracy we have achieved with our model is 96.16% for age, 97.74% for ethnicity
and 99.2% for age on our UTKface dataset keeping a training loss below 0.1 for
the three soft-biometric traits. All the models have been trained into the same
environment and it is being uploaded with the source code to the given link below:
https://github.com/Kibria10/machine-learning-works

Keywords: Deep Learning; Machine Learning;Prediction; soft biometrics; UTK-
face dataset; CNN;DenseNet-169; ResNet; Keras; PyTorch; Multi Label CNN;
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Chapter 1

Introduction

1.1 Introduction
Soft-Biometrics is the study of identifying a person based on physical or behavioral
traits such as their appearance, iris pattern recognition, gait, voice identification,
gender, ethnicity, height and so on. With advancement of technology, personal data
security and privacy has become a serious problem for people all around the world.
Biometrics system is used to secure data and verify identification and prediction .
In soft biometric, data is collected from a subject to extract feature set and com-
pares the feature set to templates in a database in order to verify a person’s identity
results in biometric identification, verification and prediction [8] . Human identifi-
cation can be done by uniquely identifying a person on the basis of their physical
attributes such as age, gender, height, face recognition. The results of soft bio-
metric attributes are very useful in many other application domains in day to day
lives which includes medical healthcare, forensic science, security, human identifica-
tion. When approached with high variability situations, soft biometric information
can be used with biometric identification algorithms to increase overall recognition
and prediction. One notable example is visual surveillance, where face photos are
typically collected in low-quality settings with considerable unpredictability and au-
tomatic face recognition algorithms do not function effectively [6]. In this case, soft
biometric information classification is extremely useful for human identification and
recognition.

1.2 Problem Statement
Face recognition is the most popular identification technique to identify a person but
unfortunately, we can not always identify the age, ethnicity and gender of a person
accurately. Also an individual soft biometric attribute is not unique enough to be
used for identifying individual in a large spectrum of face dataset. By using multiple
soft biometric traits we can classify the people into smaller dataset and later search
an individual matching the domain of specified conditions. This method of identify-
ing an individual will work similar to image queries as the soft biometric traits are
part of human semantic description. Also, by predicting the attributes accurately
the domains will results into more accurate in terms of human identification.
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1.3 Aims and Objectives
Facial age estimation, gender classification and ethnicity prediction are used in vari-
ous areas such as identification and prediction in surveillance videos, access control,
security, law enforcement, integrity of facial images in social media, image query,
human-computer interaction, intelligent advertising and many more. Age, gender,
and ethnicity, for instance, can be automatically determined from a 2D facial image
acquired in the visible spectrum. Reducing soft biometric attributes reduces the
search space for biometric identification, gender or age-specific prediction and en-
hancing the biometric system’s recognition accuracy, and so on [8] . Our main aim
is to identify the optimum prediction model for the dataset and to pave the way
for other researchers to progress with the results we have achieved by training the
deep learning models. In our report, we are going to describe how accurately we
can predict an individual’s physical soft biometric traits, what related works have
already been done, the methodologies we have used, the results we have achieved
throughout the report and finally setting a new accuracy record for the implemented
dataset.

1.4 Classification of Biometrics
Biometrics are divided into three categories which include: hard, soft and hidden.
Classic or traditional biometrics such as faces, fingerprints or signatures represents
hard biometric. The attributes which are related to faces, such as iris pattern, skin
color, hair color or includes physical features such as height, weight, ethnicity or age,
to wearing accessories, such as spectacles, hats, clothes represents soft biometrics
[20] . Finally, attributes which are difficult to collect especially which are based on
medical data, such as bio signals such as MRI images, X-Ray images or DNA are
known as hidden biometrics. Soft biometric represents physical and behavioral at-
tributes, such as gender, height, weight, age, ethnicity which are exceptional features
and traits of a human [12]. They are necessary for human subjects identification,
verification, prediction and description. It can be combined with other biometric
attributes such as hair color, wearing glasses, walking pattern, and many more to
enhance the accuracy of a biometric recognition system.

1.5 Thesis Outline
This report aims on constructing the optimum prediction model for human physical
soft biometric attributes for age, gender and ethnicity. The selected dataset has the
soft biometrics attributes labeled with human face data. The authors have converted
the dataset into CSV format for downsampling purpose. The overall report focuses
on implementing existing CNN models and custom CNN models on the downsam-
pled dataset to reach the most accuracy from the other existing CNN models.
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Firstly, In the introduction part (Chapter 1) states the importance and the appli-
cation of soft biometric attributes and addresses particular problem statement, the
aims and objectives of the authors and the classification of biometrics to briefly
convey the report’s theme.

In the Literature Review section (Chapter 2), we have gone through other researchers
paperwork and found their approaches. In literature review, we focused on the
methodologies and the models they have used to perform their research. There were
some approaches which could not meet our requirements. Moreover, most of the
papers have implemented only one or two models to get the results which is not
enough for a comparative results analysis.

The Dataset Collection and Analysis (Chapter 3), states the purpose of collecting
the specified dataset. In the data pre-processing section, we have discussed the mod-
ifications that was brought on the dataset and projects the soft biometrics classes
(age, gender and ethnicity) condition of the dataset. In dataset analysis part, we
have explained the downsamplification theory of the dataset and compared the data
frequency over different attributes of soft biometrics.

In the Model Implementation and Result Analysis (Chapter 4) phase, we included
the selection of implemented models and the reasons behind the selected model.
This chapter describes five CNN models with proper explanations of each models
and the conditions that was implemented while training the models. It also projects
the training loss and accuracy graph of each of the models. Finally, the chapter
comprehends a comparative result analysis among the implemented models and
concludes with the newly found prediction accuracy.
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Chapter 2

Literature Review

2.1 Related Works
As many works exist on both age and gender classification from facial images, this
still remains an interesting subject in facial image analysis related to other facial
attributes classification, prediction and analysis provides various important infor-
mation. While a large number of attributes are classified and analysed on those
works, we mainly focus on areas such as age, gender and ethnicity prediction which
provides important factors and can not be easily modified compared to other soft
biometric attributes such as hair color, clothes,gait or the use of glasses. Therefore,
these attributes can be used for facial recognition, classification and prediction of
soft biometrics attributes.

Age estimation, gender and ethnicity classification falls under soft biometrics that
provides information of an individual’s identity information. Determining a person’s
age by its biometric features is known as age estimation. Using images there are
many ways to find out the age and gender of a person. An approach utilizing geo-
metric features and Principal Component Analysis (PCA) was introduced in a paper
by the author Khaung in 2011 [4]. In this paper mentioned some techniques which
mainly emphasized on traditional face recognition and assumption to improve the
parameters to get better accuracy results. Firstly, they have worked on the shape
alignment for face models of their datasets. Secondly they used a “Feature Extrac-
tion Pattern” using two geometric features and the ratios were evaluated to calculate
the distance between the elements like eyes, noses, and mouths. Finally, in the HSI
paper they have classified the gender and age based on geometric features using
the Principal Component Analysis (PCA) method for Enhancing the efficiency for
facial recognition. Thus, [5] have achieved an overall prediction rate for all the 1300
experimental images is 92.5% in age prediction.

In another paper the writer has mentioned Residual Networks of Residual Networks
(RoR) architecture [9] was used there as the main methods for age and gender de-
tection. In this paper, they have advised a new CNN method for age and gender
estimation using residual networks of residual networks known as RoR, which gives
better optimization and classification ability for age group and gender comapred to
any other CNN models. In this paper first the RoR model is pre-trained on Ima-
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geNet, and then it goes on the IMDB-WIKI-101 data set for learning the features of
facial images. Lastly, they have used this model for further fine-tuning on Audience
data set. Finally, the RoR-152+IMDB-WIKI-101 results on the Audience bench-
mark. Their exact accuracy varies from 92.43% but our model after training gives
better results and we have trained our model for three parameters which includes
age, gender and ethnicity.

In another paper, they find out the advantages and limitations of the automated
classification of soft biometric traits in Near Infrared (NIR) long-range to differenti-
ate and predict night-time or low resolution face images. The impact of these traits
in terms of gender and ethnicity is mentioned in this paper in detail and how to
improve traditional face recognition and enhance prediction results [7]. The main
database is collected from NIR bands at low light and at variable distances and has
used CNN to perform the classification for ethnicity and gender.

In this paper we have learned about the two-stage system,where the CNN predicts
age and gender from all photos and extracts facial features which are required for
face identification and prediction.In this paper they have modified the MobileNet,
trained to perform face recognition [15], in order to get information about age and
gender traits. In the second stage of their approach, the extracted face data are
grouped into different stages. The birth year to get the age and gender of the per-
son in every cluster are estimated using predictions from each photo. In this work,
the first stage of the model based on MobileNet is used to recognize age and gender.
In the second stage they have performed hierarchical agglomerative clustering to
group faces. Finally, the results were refined with these clusters to get more accu-
rate results. In this paper the models are pre-trained using ImageNet models. They
applied a multi-output neural network to predict traits simultaneously and the final
loss function is used on basis of the combination of age and gender losses [17]. In
their approach, they have shown that the model has better efficiency than other
non-pre-trained model.

We were inspired by the work of Kumar et.al. [3], where a total of 10 regions
human images were used to classify 73 attributes. The main motive was to make
the face recognition process more efficient. Edge magnitude, pixel intensities and
orientation were used as low features to represent the facial components. Moreover,
using a computationally expensive procedure, trained and evaluated with different
classifiers to select the best combination for a given attribute. In this work, we pro-
pose to use keras sequential models which have shown to be powerful for training
the attributes such as age, gender and ethnicity.

We have found some related works related to soft biometrics which focus on age
and gender classification from images.For their work, they have used a multi-agent
system [10] as well as a face recognition algorithm to classify the age and gender
from the image. Moreover, to make the algorithm work with a high success rate it
has to do preprocessing and training. To classify the age they have used fisherfaces
which are implemented on an open CV framework. To classify different age groups,
they have used children who are below 18 years, youths aged between 19 to 30 years,
adults as 31 to 70 years and the elderly above 70 years. The success rate is between
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80 to 93 percent depending on which face detection algorithm they are using.

We also got some vast knowledge from A. Fariza [13] where they have used Deep
Residual Network to estimate the age. To estimate the age, they have used UTK-
face dataset to perform the performance of the residual network. In the dataset,
they have used 20,000 face images of people to estimate the age of the individuals.
The researchers have mentioned that CNN is being used to identify age estimation
as well. Moreover, they have referred to other researchers who have used CNN to
estimate the age. In the dataset the age of the people were between 1 to 100 years
old. The data length was 21,301 and testing data was 2,362. They have used 3
methods to train their dataset. From the 3 methods they have got 99.15% accuracy
from Resnet-50 and ResNeXt-50 (32x4d).

In the papers of Sooyeon Lim [16], the researcher tries to predict the traits us-
ing CNN face recognising algorithm. In this method, the images are given as input.
After that, the faces are detected. After detecting the face, it is pre-processed. The
images are then trained using CNN. Finally age and gender is estimated. The re-
searcher has used the IMDB learning dataset. There are 73,746 high quality images
in the dataset. The face detection rate was 94.8%. Using this dataset, 98.4% gender
estimation has been achieved. The accuracy of age estimation was 85%.

Classification and analysis studies have utilized face images which were captured in
controlled conditions. Many variations may appear in the image of a person’s face
and these variations may affect the ability to estimate the age or recognize the gen-
der. They are due to many factors which can be divided into: human factors such
as race, facial expression etc and capture process factors such as pose, illumination,
quality etc. Age estimation, ethnicity and gender classification is done by treating
each face independently and is focused on appearance features.

6



Chapter 3

Dataset Collection and Analysis

3.1 Data Collection
Collecting a wide range of dataset is one of the major study into deep learning, and
most essentially, gathering information from a tenable source with clear agreement
is significant. We All know deep learning algorithms highly depend on data collec-
tion so data preparation is the most important procedure in terms of deep learning
algorithms. Data preparation involves defining the appropriate method for gather-
ing data. So, proper data collection and data preparation is a must before training
our models. While searching for a dataset we considered the following attributes:
Age data, Ethnicity data and Gender data and Facial Images. The reason behind
searching such dataset is because these are the most major physical soft-biometric
attributes.

UTKFace created this collection of data based on the age, gender and ethnicity.
The dataset contains a total of 23705 person’s data that includes their age, gender,
ethnicity and the face image. The dataset was labeled with age, gender and eth-
nicity values with facial images in .jpg format. We have converted the images into
RGB pixel values and then converted the respective classes into numerical values to
build a CSV dataset file of the UTKface dataset(Figure 3.1).

Figure 3.1: Our UTKFace dataset in CSV format
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3.2 Data Pre-Processing :
In this stage we searched for any missing values or any other errors that might cre-
ate problem while training the dataset. Then we applied normalization to fit the
images. After applying the normalization method, we distributed the dataset.

According to dataset the parameters such as Age, Gender and Ethnicity are label
and separated among all these 23705 data there are 12391 data from male (labeled
as 0) and 11314 data from female (labeled as 1). The distribution clearly shown
in the barchart showing clear separation between the male and female distribution
given below (Fig 3.2).

Figure 3.2: Gender Distribution

According to ethnicity class there are 10078 data of White (labeled as 0), 4526 data
of Black (labeled as 1), 3434 data of Asian (labeled as 2), 3975 data of Indian (la-
beled as 3) and 1692 data of Hispanic (labeled as 4).The ethnicity is divided in the
(Fig 3.3) shows the Ethnicity Distribution.

Figure 3.3: Ethnicity Distribution
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The graph below shows age distribution over a range from 1 year to 100 years.
According to age class of the dataset, there is a majority of 5893 people between the
range 24 to 30 years. This number is higher than the mean average data rate for
other ages (Fig: 3.4) . It can create overfitting if we try to train the age estimation
model without labeling it properly.

Figure 3.4: Age Distribution

3.3 Data Analysis:
To analyze our data, we imported NumPy, Matplotlib, Pandas and Plotly for visual
data representations and segmentation. After distributing the data according to
age, gender and ethnicity we converted the pixel array from 1D to 3D Channel. The
3D pixelated matrix below in (fig:3.5) contains a row, a column and a channel.

Figure 3.5: 3D Channel Matrix

The 3D pixelated matrix contains a row, a column and a channel. Here in the
figure (Fig 3.6) the row and column contain the color density and the 3 channels

9



contain Red, Green and Blue color subsections accordingly. With the integration of
the values in these pixels a full visual image is reconstructed.

Figure 3.6: From reshaped 1D vector array to pixel image via 3D matrix conversion

Finally, after plotting this pixel arrays of our dataset on X-label and Y-label (matrix
alignment), we get the images with their Age, Gender and Ethnicity (Fig 3.7). We
have total 48 pixels for one image . We divided the 48 pixels into three 4*4 matrix
for Red,Green and Blue Scale. After aligning the pixels according to these scale we
finally get a fully formed image.

Figure 3.7: Image presentation from Pixel Array
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Ethnicity and Age Density: In this set (figure 3.8), we can see that the maximum
amount of face images are set into one race than the other four ethnic groups.This
might create a problem while training the models as it will overfit data for that
particular labeled data.

Figure 3.8: Ethnicity and Age vs Count

Age and Gender Density:

Figure 3.9: Age and Gender Density Graph
The figure 3.9, is a visual representation graph of Gender VS Age. We see there
are only two specific genders but no mixed gender of any age.So,from this analysis
we get that we have a boundary on detecting mixed ethnicity and mixed gender.
We have defined 0 as male and 1 as female. Moreover, we have collected data of
different ages. We have also found more aged people in the female category than
male category.

11



Chapter 4

Model Implementations and
Result Analysis

4.1 Convolution Neural Network (CNN) Models
Selection

Convolutional layer has filters which do convolution operations and to do this op-
eration it requires volume size of input image, filter size, stride, zero padding as
parameters. With all the information as parameters, it calculates and gives an out-
put which goes to the next layer of CNN. It is a subsection of Deep Learning which
is mainly used for image classification and prediction. Many other deep learning
algorithms are used nowadays for image classification and prediction but CNN gives
better performance due to its architecture and other advanced features. CNN is
mainly divided into three layers.The very first layer is called the input layer, the
second layer is the hidden or covered layer and the final layer is the output layer.
Most of the calculation is done in the covered layer. In CNN neurons of one layer
are connected to some other particular neuron of its immediate next layer but in
other deep learning algorithms, one neuron is attached with all the other neurons
of the next layer which become very costly to calculate. Convolutional Neural Net-
work (CNN) has few layers which work together to classify images and give better
accuracy. It has a convolutional layer, pooling layer, ReLU layer and fully connected
layer. We have implemented CNN in our dataset with Keras sequential model (chap-
ter 4.2) and multi headed CNN (chapter 4.3) has been used in our work as it uses a
linear stack of layers for image classification and predictions. We also implemented
DenseNet-169 (chapter 4.4) to classify the soft biometric attributes. In the later
chapter (chapter 4.5) we have implemented Multi Label CNN because in a multi
label classification model it can predict mutually non-exclusive classes with different
labels. Finally, we ended our training models with ResNet-50 (chapter 4.6)

Keras.layer.Conv2D: It is known as 2D Convolution Layer, this layer creates
a convolution kernel that is wind with layers input which helps produce a tensor of
outputs. In image processing (figure: 4.1) Conv2D is a convolution matrix or mask
which can be used for edge detection, sharpening, blurring, embossing and more by
doing a convolution between a kernel and an image.
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Figure 4.1: Convolutional neural network (CNN) architecture and the training pro-
cesses with forward and backward Propagation layers

A CNN is composed of several building blocks which includes convolution layers,
max pooling layers, and fully connected layers. A model kernels and weights is cal-
culated with a loss function through forward propagation on a training dataset, and
learnable parameters are updated according to the loss value through backpropaga-
tion with gradient descent optimization algorithm and ReLU (rectified linear unit).

ReLU Layer: ReLU is an activation function in convolution neural networks and
works as a function. If any negative value is given to the function, then the function
converts the value into zero. But if any positive value is given, then it remains the
same. This ReLU layer works in parallel with the convolution and pooling layer.
We have used this function in our model to prevent all the negative values in the
horizontal axis from being mapped to 0 in the vertical axis. Basically it helps us
to get rid of negative values such as if the age by mistake is given negative the
ReLU function will eventually reject those values and make them 0 as it allows non-
negative values only. In our model all the activation layers are set to Relu.

Pooling Layer: Pooling layer is used to reduce the size of images which helps
to classify images of our dataset easily. In this pooling layer, it takes filter size and
stride as parameters. depending on the filter size and stride the output changes.
Whatever image size is given in the convolution layer, it becomes half of that after
the pooling layer. Three categories of pooling exist where the first one is known as
the Max Pooling which estimates the highest pixel value among the batches, Second
one is the Min pooling which estimates the lowest pixel value among the batches.
Final one is the Average Pooling which averages all the pixel values in the batch.

MaxPooling2D(2,2): has been used as we are using Max Pooling in a 2D space.
MaxPooling2D is used to get the maximum value within the 2D space and shows it
as output. Here (2,2) means the pooling size is 2.
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Batch Normalization layer: We used batch normalization as a technique for
training a dataset that standardizes the inputs to a layer for each sub-batch. Batch
Normalization layer has the effect of stabilizing the training process and reducing
the number of training epochs that are required to train our datasets.Batch Nor-
malization layer gives us the privileges to train independently every layer of our
CNN. It normalizes the previous layer output. Batch normalization layer makes the
learning more efficient as it is implemented as a regularization so that we can avoid
overfitting the model by reshaping it. Batch Normalization is integrated into our
sequential model to regulate the data input and data output. We are using Batch
normalization here so many times.

Image Flattening : We converted the Image into an array before processing the
information to our model. We are working with a dataset that contains a big amount
of images. It means to flatten means all the layers are stacked and merged together
into a single layer. Any hidden layers and layer effects are usually discarded in the
process. Flattening and fully-connected layers are at the last stage of CNN. This is
how flattening helps in reducing the memory and decreasing the time to train the
model as well.

Dense layer : is the regular deeply connected neural network layer. It is the
most common and frequently used layer in our training process. Dense layer does
the below operation on the input and returns the output. For the multi class classifi-
cation activation function is softmax we have used a dense layer in our model to get
better results. Dense layer adds to the fully connected layer to the neural network
CNN. Dense Layer is a Fully Connected Layer which describes how the neurons are
connected to the next layer of neurons of an intermediate layer. [19] In our model
we have used a dense layer of 5, 64 to integrate the image flattening. Dense adds
the fully connected layer to the neural network.

4.2 CNN Model Implementation:
A sequential model is considered where response categories are reached successively
step by step. The sequential models are derived from assumptions about an under-
lying step-wise response mechanism. The Sequential model is made up of a series
of layers that are stacked in a linear fashion. The model must recognize the input
shape that it will accept [1]. This is why the first layer of a Sequential model and
the first subsequent layers can perform automatic shape inference requires input
shape information.For the model epochs are assigned as 25 and the batch-size is
set as 64. The callback functions are set for the sequential models. As sequential
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models work only with single data input and single data output, we built specific
models for gender, age and ethnicity separately and trained all three attributes on
the sequential model(Figure 4.2).

Our aim is to try and minimize the loss function, by updating the values of the
parameters and making our predictions as accurate as possible. Optimizers are the
algorithms or methods which are used to change the different attributes such as age,
gender and ethnicity according to the training rate in order to reduce the losses. We
have trained our dataset using three different Optimizers which includes Stochastic
gradient descent, RMSprop(Root Mean Square Propagation), and Adam Optimizer.
For better results we have increased the parameters of our model for training to get
more accuracy from our training dataset.

To see the importance of functions in neural network algorithms, in the sequential

Figure 4.2: Sequential Model (CNN) Summary

model for training of age and ethnicity attributes of the dataset we have used soft-
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max and sigmoid function is being implemented on both of the models on the gender
attribute of the dataset. Softmax allows multi classifications in our linear regression
models of age and ethnicity. Sigmoid allows us to binary classify our gender model.
In our callback function, reduced learning is implemented. When a statistic no
longer improves, lower the learning rate. When learning becomes stagnant, models
often benefit from slowing the learning rate by a factor of 2-10. This callback checks
quantity and reduces the learning rate if no improvement is noticed after a ’patience’
number of epochs. The number of epochs is the measure of patience. The learning
rate is reduced. Patience is the number of epochs with no improvement after which
learning rate will be reduced; this is set to patience=2 whereas the verbose can be
either 0: quiet or 1: update messages. The verbose is set to 1 for both the sequential
models.

Graphs of sequential model: The graphs given below are of the sequential CNN
model: The figures below show the graph for Percentage against epoch. The graph
shows results such as loss(represented by blue line), accuracy(represented by or-
ange line), val-loss(represented by green line), val-accuracy(represented by red line),
Learning rate(represented by purple line).

Model for Ethnicity Prediction : In figure: 4.3 (loss vs epoch) below the val-
loss decreases rapidly with the increase in the number of ecoph. After 20 out of 25
epochs we get a loss: 0.3031, accuracy: 0.8907, val-loss: 0.5961 and val-accuracy:
0.8127. In the model below we can see that a sharp decrease in the val-loss from
35% to 7.5% and accuracy and val-accuracy is increasing as we do further training.

Figure 4.3: Ethnicity Prediction for Sequential Model (Loss vs Epoch)

Model for Gender Prediction :In the figure: 4.4 (Loss vs Epoch) of the Gender
Prediction given below , after 21 out of 25 epochs we get loss: 0.1467, accuracy:
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0.9391 , val-loss: 0.2369 and val-accuracy: 0.9095 shows a rapid drop in loss and
val-loss as it decreases from 1400 to 200 after completing 5 epochs. The val-accuracy
and accuracy is increasing with the number of epoch as the model is being trained
further which leads to better accuracy. The red line shows an increase in accuracy
from 500 to 800 which shows an increase in accuracy. From the graph below we can
see a loss: 23.69% and the accuracy: 90.95% off the gender prediction.

Figure 4.4: Gender Prediction (Loss vs Epoch)

In the figure 4.5 below we have calculated the absolute mean error which is a way to
measure the accuracy of a Gender prediction model [18]. Effectively, MAE (Mean
Absolute Error) describes the typical magnitude of the mean absolute error around
5.5years. The graph shows the mean age of 33 years which shows 17% of all the
data we have collected.
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Figure 4.5: Mean absolute error around 5.5 years (MEA vs Epoch)

From the Figure: 4.6 [11] below shows a confusion matrix is a tabular summary
showing displaying the number of accurate and erroneous predictions produced by
our gender prediction model’s classifier. It is used to calculate performance mea-
sures like accuracy and precision to assess the performance of our gender prediction
model. In the below matrix there is a part showing false results as variation of
children via gender using only images is different which results in some inaccuracy.

Figure 4.6: Confusion Matrix of Gender Prediction

From the Figure: 4.7 below shows a confusion matrix which is in a tabular summary
showing the number of correct and incorrect predictions made by a classifier for
our age prediction model. It can be used to evaluate the performance of our age
prediction model through the calculation of performance metrics like accuracy and
precision. In the below matrix, there is data showing data in the graph fill diagonal
with 0 for better visualisation.
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Figure 4.7: Confusion Matrix of Ethnicity Prediction

4.3 Multi Headed CNN Model Implementation:
We have gained good loss and accuracy results from the previous CNN implementa-
tion. So, we have decided to implement another CNN model with a different struc-
ture. In this model, we are also taking in account the limitations of our dataset, as
the ethnicity data has a major imbalance in ethnicity class 0 and also has a slight
imbalance in ethnicity class 4. That’s why we have stratified the ethnicity class data.
Three heads CNN is a Multi Headed CNN where we dense and do multiple classifica-
tion from a single flow Polling and flattening. The reason we are implementing this
model is to see if we can get better accuracy by applying dense layers for both age
and ethnicity. As in the previous CNN model we could not confirm the accuracy by
applying any extra dense layer. In our model, we used 3 classifiers: age, gender and
ethnicity which can be stated as our three heads in our CNN as we are classifying
each later after processing. After pooling and flattening the dense layer, we sum up
the fully connected layer to the neural network in three different classifiers. In the
figure 4.9, we can see that our data is going through the input layer for one time
and then it passes Conv2D , Dropout2D , Max Pooling , Spatial Dropout2D, Batch
normalization for several times and then it goes for flattening. After flattening the
flattened data our dataset is going to be dense in 3 individual Classifiers which are
age, ethnicity and gender and gives us 3 individual output based on these classifiers.
Here (Figure 4.8) is the diagram model of multi-headed CNN approach.
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Figure 4.8: Three Headed CNN Model Summary

The model has been trained for a total of 50 epochs to reach its accuracy. Each and
every class layer was later implemented so that we get better result and below we
have described each graph and the result we have achieved after training the model
several times.From the Figure: 4.9 below shows loss of 72.0958%, Final-Age-loss of
70.9618% and Final-Age-mean-absolute-error: 6.1624%. Mean Absolute Error of
age from the graph is 6.1.In the diagram below the blue line represents Training of
the dataset which we have continued till epoch 17 out of 50 epochs we have trained.
After training the dataset several times the training loss in our model has fallen
from 350 to 50. The validation loss has decreased from 270 to 100 after 4 epochs.
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Figure 4.9: Graph of Epoch vs Loss for Age prediction

From the Figure: 4.10 below shows loss and epoch graph where the blue line rep-
resents the gender and the orange line represents the ethnicity. The value loss for
ethnicity model becomes constant from 0.6 to 0.7 as the loss is becoming constant
and after training the model using Multi headed CNN. The gender loss increases
from 0.75 to 0.85 but as the epoch is increasing the rate of loss becoming constant.

Figure 4.10: Graph of epoch vs loss for Gender and Ethnicity prediction

From the Figure: 4.11 shows val-Final-Age-mean-absolute-error which was 12.2331%
changes to val-Final-Age-mean-absolute-error: 6.4658% The Mean Absolute Error
falls from 14% to 6% after 17 of 50 as shown in the graph above.
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Figure 4.11: Age Mean Absolute Error (MEA vs Epoch)

4.4 DenseNet-169 Model Implementaion:
Densenet-169: DenseNet-169 model is one of the DenseNet group of models de-
signed to perform image classification. The densenet-169 uses a large model which
results in increased size and accuracy of the model. We use DenseNet as it can
handle vanishing gradient problems compared to the other models. In multi-output
classification the network branches creating multiple sets of fully-connected heads
at the end of the network at least twice or more times. Our network follows multi-
output classification such as ethnicity, age and gender to predict a set of class labels
for each head, making it possible to learn disjoint label combinations. Thus un-
like the previous sequential models we do not need to build class models for the
soft-biometric attributes. The model is trained with the architecture of DenseNet-
169 for three branches including age, gender and ethnicity estimation which is used
as the base of the pre-trained model. The dataset trained under this model gives
accurate results after setting a specific epoch which is 80. In this model we have
converted the age into categorical values to categorise the age range and solve it as
a classification problem instead of a regression problem. Throughout this model we
have used ‘adam’ optimizer where both the learning rate and decay rate is already
initialised. If age is trained as a regression model, the age values fluctuate too much
during inference so we have to solve the age range using regression. While training
for age and ethnicity, softmax is used for multi-classification in the logistic regres-
sion model. For the gender class, sigmoid function is used for binary classification
in the logistic regression model. The binary classification of gender refers to female
and male. During our training we make a gender branch for gender prediction, age
branch for age estimation and ethnicity branch for ethnicity prediction on top of the
base model. The loss value that will be minimized by the model will therefore be
the weighted total of all individual losses, weighted by the loss-weights coefficients,
to determine the weight loss contributions of distinct model outputs. The (Initial
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learning rate) init-lr is set to 1e-4. While training we split the data frame into 80-
20% training and validation dataframes. The training data shape is (17449, 48, 48)
(17449,) (17449,) (17449, 5) whereas Validation data shape is (4362, 48, 48) (4362,)
(4362,) (4362, 5) respectively. Initially we set an epoch of 80 but after reaching
58 we get the result and the learning rate is over. This is because we follow the
procedure decay based on the learning rate divided by the number of epochs, to
slowly decrease the learning rate over the epochs.

Figure 4.12: Framework of DenseNet-169 [14]

Loss and Accuracy Plots: The figure 4.13 shows the result of Loss and Ac-
curacy plots which are plotted following the correlation between the soft biometric
attributes of gender, age and ethnicity. The orange line represents the validation of
loss or accuracy for all the attributes. Similarly, the blue line represents training loss
or accuracy for all the attributes mentioned above. The result we have achieved after
training the model is divided into three classes for age, gender and ethnicity. Gender
training Loss of 0.1495, gender-output-binary-accuracy: 0.9920, ethnicity training
loss: 0.4719, ethnicity-output-categorical-accuracy:0.9774,val-loss:1.4380,val-gender-
output-loss:0.2735,val-ethnicity-output-loss:0.6661, val-gender-output-binary accu-
racy: 0.9296.
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Figure 4.13: Loss and Accuracy graph for DenseNet-169 Model (Loss vs Epoch)

The figure 4.13 The Validation loss shown by orange line and Blue line shown by
training loss. In the graph Age Training Loss decreases from 2 to 0.15 as the epoch
increases and Age Accuracy validation loss remains constant. The graph shows the
gender training loss decreases 0.5 to 0.05 from the gender accuracy rises from 0.65 to
0.95. The ethnicity loss decreases from 1.2 to 0.1 but the training loss for ethnicity
validation 1.4 to 0.6 remains the same.

4.5 Multi Label CNN Model Implementation:
In our multi label CNN approach we have used both CNN and DNN to build the
model. Here’s the model summary. Multi label CNN is used for image classification
and prediction. We have used this model for better image prediction for gender, age
and ethnicity prediction. The layers used so far consist of different parameters to
get better classification and prediction of the image. The dataset is used and trained
under different conditions to increase accuracy and get optimum prediction results.
In figure 4.14, the model’s CNN and DNN layer summary has been described.
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Figure 4.14: The model summary of Multi Label CNN

We have used pyTorch Argmax, which is an operation that finds the argument that
gives the maximum value from our targeted function. Argmax is used for finding
the class with the most multitude number’s predicted probability. In our case, the
largest probability of age, gender and ethnicity classes has been defined and trained
with keeping the number epoch = 100 unlike previous models and the model is
defined to stop training when the accuracy is at 0.93 and loss = 0.2. The reason
multi label CNN model’s callback has not been defined like the sequential models is
because it is a classification problem. We found that in (Figure 4.15) a multi label
CNN model can keep the learning rate curve downwards by following each epoch
and achieve the set accuracy within 78 epochs.
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Figure 4.15: The training cell of multi label CNN

4.6 Resnet-50 Model Implementation
Residual Neural Network (Resnet-50) is a convolutional architecture model which
is used to optimize prediction and training results for better accuracy results for
image classification and prediction. In our model we have proposed an age estima-
tion, gender and ethnicity prediction in convolution neural network (CNN) using
the deep residual network (Resnet-50) model. The Figure:4.16 [7] shows the block
diagram of Residual Network Network (Resnet).

Figure 4.16: Block diagram of residual block in ResNet
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Resnet-50 model is used for image classifications and prediction from our UTK-
Face dataset and helps to get attributes such as age, gender and ethnicity for better
accuracy results. UTKFace dataset is used to evaluate the performance of resid-
ual networks for age estimation of the range 1-100 years old people. The model is
trained on our dataset for ethnicity and gender on this range of people to get ac-
curate prediction results.We select our dataset and divide it into 90% training data
and 10% test data as the model itself requires more params than any other models.
The dataset is divided into parts and result in easier to train our model. The data
set used provides a benchmark for evaluating the optimum performance of the age
estimation algorithm on ethnicity and gender prediction. The attributes like gen-
der,age and ethnicity are trained together and we have achieved the results on those
attributes and have calculated both the accuracy and loss for those attributes. The
epoch is set to 25 for the training and we have achieved our desirable result at epoch
20. From the Figure 4.17, a training result with iteration considering the number
of epochs we train for better training accuracy and decrease training loss. The in-
teraction is the number of training epochs which result in better training accuracy
and decreasing the loss from scale 4.0 to 0.0. There is a sharp rise in accuracy as
the learning rate is increasing. The graph is being trained for all the soft biometric
attribute’s predictions. From epoch 112 out of 200 we get the training loss 0.23, the
accuracy 80.25% from the training of our dataset on age prediction.

Figure 4.17: Training result for prediction with ResNet-50 (Loss vs Iteration)

From the Figure: 4.18 shows a training result with iteration considering the number
of epochs we train for better training accuracy and decrease Training loss. The inter-
action is the number of training epochs which result in better training accuracy and
decreasing the loss from 120 to 0. After training the result we have found out that
better results estimation compared to linear regression. Overall, our graph shows
that the residual network classification is appropriate to solve the problem related
to gender prediction and leads to better accuracy after further training. From 762
out of 1000 epochs we get the training loss 0.22, the accuracy 92% from the training
of our dataset on gender prediction.
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Figure 4.18: Training result for prediction with ResNet-50 (Loss vs Iteration)

4.7 Result Analysis:
By comparing our dataset of age, gender, ethnicity for different parameters and
models via modifying convolutional layers we have achieved different levels of accu-
racy (Table 4.1) after running and training our dataset.
After comparing our dataset with different models we can notice that our CNN has
better accuracy and training loss than the multi headed CNN model. Whereas,
the results of the both sequential models can not compete with the results of the
DenseNet-169 model. The multi label CNN is a different case as the model can
train all the labels as a whole and can generate an average training loss and accu-
racy of all the classes at the same time. The multi label CNN classification model
has achieved accuracy of 93% by keeping a training loss rate at 0.2 for all the soft
biometric traits. For multi label CNN, we do not know the accuracy of each class
(age, gender, ethnicity) as the classes were trained altogether but it can be trained
for a long time to achieve the accuracy we want. On the ResNet-50 it has given us
a result that is taking more params than the other models but taking a longer time
to train than the other models. The ResNet-50 can be trained with more epochs for
a longer time and it can achieve a higher accuracy. In our model, we have gained
92% accuracy for 762 out of 1000 epochs. After exploring our CNN models we can
see DenseNet-169 can achieve greater accuracy in all the layers even after passing
a very low amount of params. The ResNet-50 promises to show higher accuracy
but the training loss and time is much higher than the DenseNet-169 model. The
ResNet-50 model also shows a higher mean absolute error than any other models
for age detection. Therefore, we can conclude that CNN model is giving us a better
result after the DenseNet-169 model.
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Implemented Models Training Loss Accuracy(%) Mean Absolute Error (%)

CNN
(Keras Sequential)

Age : 0.467
Ethnicity:0.3
Gender:0.14

Age: N/A
Ethnicity:89.1%
Gender:93%

5.47

Multi-Headed CNN
(Keras Sequential)

Age:0.709
Ethnicity:0.72
Gender:0.34

Age: N/A
Ethnicity:72.9%
Gender:84.6%

6.1

DenseNet-169
Age:0.10

Ethnicity:0.06
Gender:0.02

Age: 96.16%
Ethnicity: 97.74%
Gender: 99.2%

4.92

Multi Label CNN 0.1 93% 7.3
ResNet-50 0.23 80.25% 8.74

Table 4.1: Model Comparison
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Chapter 5

Conclusion

The soft biometrics information maintained the stability of the face recognition
performance while also boosting prediction performance utilizing the face detection
dataset, according to the findings. While biometric data is typically only used to
identify a person, developments in machine learning have made it feasible to extract
additional information from biometric data, including age, gender and ethnicity
prediction. Thinking outside of the traditional recognition system and indulging in
the soft biometrics revolution can bring more efficiency in our IoT based security.
During the whole research process, we tried to mitigate the training loss and increase
the accuracy so that it could be more reliable than the traditional recognition system.
In our research, we have used various models to check our dataset and get better
accuracy and more precise results. Training the dataset over different models has
helped us to get more accurate predictions for age, ethnicity and gender as we
approached forward towards coming to a conclusion. Throughout the research our
main objective was to identify the optimum prediction model for the dataset and
to enhance new research factors in this field to create a way for other researchers
to progress with the results[2]. It was quite a challenge for us to gather a vast
amount of data to train our model. But, our findings in this research has given us
satisfactory outcome in terms human prediction. We believe, if we work on these
models with more efficient dataset then our model can be more efficient and accuracy
will reach close to the traditional systems. There are more physical soft biometric
traits like hair color, walking patterns and facial unique attributes which can be
trained to make a larger scale of training model. Nevertheless, there are more CNN
models being introduced with a higher accuracy for classification problems. We
believe our research, for now, is utilizing the current resources and models utilizing
our work which will help other researchers to enhance their research. In our future
work, we can add more classification and prediction models to improve our result as
this will reduces the search space for biometric identification, gender or age-specific
prediction and enhancing the biometric system’s recognition accuracy, and so on.
We can also add the scheduled learning rate to develop the training and testing
performance of our dataset. We can also bring more variation among the attributes
and thus train the model for larger dataset. With these strategies, the estimating
error will be minimum and will help to get the best out of these models and get
more accuracy.
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