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Abstract: Automated facial expression recognition has gained much attention in the last years due to growing application areas such as computer animated agents, sociable
robots and human computer interaction. The realization of a reliable facial expression recognition system through machine learning is still a challenging task particularly on
databases with large number of images. Convolutional Neural Network (CNN) architectures have been proposed to deal with large numbers of training data for better
accuracy. For CNNs, a task related best achieving architectural structure does not exist. In addition, the representation of the input image is equivalently important as the
architectural structure and the training data. Therefore, this study focuses on the performances of various CNN architectures trained by different region of interests of the
same input data. Experiments are performed on three distinct CNN architectures with three different crops of the same dataset. Results show that by appropriately localizing
the facial region and selecting the correct CNN architecture it is possible to boost the recognition rate from 84% to 98% while decreasing the training time for proposed CNN

architectures.
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1 INTRODUCTION

Facial expressions are the most prominent form of
non-verbal communication among mankind. They exhibit
changes in social situations and help individuals to infer the
feelings of others. Many studies put forth that the facial
expressions portray the same feelings across different
cultures [1, 2]. They are universal rather than being unique
and this makes them a principal element for emotional
expressiveness.

Automatic facial expression recognition (FER) has
been an active field of research for the last two decades. It
boosts many use cases such as human computer
interaction, driver fatigue detection [3], supportive
healthcare [4], social marketing [5], interactive games [6],
sociable robotics [7] and face expression synthesis [8]. It is
challenging due to the nature of the faces as they may be
captured in unfavorable conditions. Numerous studies have
been conducted in order to implement better solutions and
overcome domain specific problems, such as face detection
[9], face alignment [10] and facial feature point extraction
[11]. Studies on facial expression recognition utilize both
supervised and unsupervised machine learning algorithms
in order to classify facial images according to their related
classes.

In general, the feature extraction stage is the most
important step in a pattern recognition system. The same
applies to FER systems as their performances rely heavily
on selected features. Features could either be hand selected
or automatically generated. Acquiring hand selected
features on large image data is time consuming and prone
to errors. To avoid this, automatic feature extraction using
deep learning frameworks has become a widely followed
practice to avoid image specific feature extraction,
especially when working with datasets that contains
excessively large numbers of images.

Deep learning and its applications are on the rise since
Alex Krizhevsky won the ILSVRC2012 competition with
his CNN approach named as AlexNET [12]. Since then,
many different neural network architectures and designs
have been proposed and most of them have been used in
different recognition and classification tasks such as

computer vision [13], speech recognition [14], natural
language processing [15] and audio emotion recognition
[16].

Although automatic feature extraction does not require
human intervention, there are some preliminary steps that
must be taken. Preprocessing is an important aspect, as the
robustness of the feature extraction is heavily dependent on
it. Different kinds of preprocessing algorithms exist, each
helping to improve feature extraction in other ways such as
mean subtraction, normalization and PCA. Mean
subtraction is one of the most common forms of
preprocessing. It is achieved by subtracting the image
mean from every individual feature in the data. It helps to
center the feature distribution which keeps the initial
activations in a reasonable range. Normalization, PCA and
whitening are some other forms of preprocessing, differing
in implementations, but contributing to make data more
centric as mean subtraction.

Other than preprocessing, selection of a Region of
Interest (ROI) is also a critical aspect for CNNs. CNNs take
the whole image as an input and extract features
exhaustively. Therefore, a sample that includes non-
correlated data with the actual feature space would yield
feature vectors that are irrelevant to this problem domain.
Classification with these feature vectors would be
inefficient since they may lack the true feature
representation of the problem domain. It can be said that,
regardless of the training data, ROI for deep learning
applications should be selected carefully, neither too broad
to contain unrelated information nor too restricted that may
conceal the necessary representation. Defining an accurate
ROI for the input images will yield a better performance
for CNN based object recognition tasks.

In this study, we aimed to investigate the impact of
ROI determination on the classification performance of
CNNs designed for FER. We propose that effective ROI
selection can increase the performance of CNNs for facial
expression recognition task. CK+ database, one of the most
utilized databases among researchers for FER, have been
used to this purpose [17]. Active Appearance Model
(AAM) has been used to extract facial landmarks points
and some predefined self-created metrics are used to crop
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the ROI from the full facial image [18]. By scaling these

metrics, several different ROIs are achieved, which later

are used as input into CNNs. Three distinct CNN structures
are used, each implemented in a different architecture -

Proposed sequential model, a GoogLeNet architecture

"Inceptionv3" model [19] and a Residual Network

"ResNET50" model [20].

By training each of these models with the mentioned
ROIs, we presented the impact of ROI selection on the
performance of CNNs. In brief, the main contributions of
this work are:

e A study to evaluate the classification performances of
different CNN architectures across different facial
ROIs,

e The effect of k-fold training and presentation order in
CNNE.

The rest of this paper is organized as follows: Section
2 describes the historical development of the CNNs and
how it is adopted by FER tasks with some of the
noteworthy works mentioned. Section 3 describes our
proposed approach. In Section 4, the results of carried
experiments are shown and discussed. Finally, in Section
5, we conclude our study along with some guides for the
future works.

2 RELATED WORK

Researches on FER are active for nearly two decades.
There have been many studies conducted on this topic and
nearly all feature extraction and classification methods that
are valid and applicable for this domain have taken their
part. We do not intend to give an in-depth explanation
about these studies, so we deem suitable to present surveys
for further information in past work on this topic [21].

Most of the former algorithms and methods for
computer science did not get their deserved attention at the
first time they emerged. For instance, first paper on
Support Vector Type algorithms was mentioned at 1963
though they did not attract much attention at that time [22].
It became popular and achieved high applicability in
1990s. Since then, many different variations of SVMs are
proposed [23]. The same goes for the CNNs, with first
application of convolution introduced by Fukushima [24].
It gets a little more recognized by Lecun et al. [25] in the
way used today. Due to the unavailability of the computing
resources to process inputs with higher resolutions and
training deeper networks at that time, CNNs were tagged
as impractical. With the pioneering work of Alex
Krizhevsky [12], it is revealed that exploitation of task
parallelization of today's GPGPUs made training of deeper
CNNs feasible unlike in the past. Nowadays almost every
problem domain that is suitable for automatic feature
extraction has its own type of CNN implementation.

As mentioned above, many studies on human facial
expressions recognition also made use of CNNs. Dating
back to late 2013's, we would like to give some brief
information about the ones that we consider as noteworthy.
Besides these, some of the works with their contributions
to the field and their recognition rates are given in Table 1.

Lopes et al. [26] offer an approach to overcome one of
the difficulties that hinder the performance of CNNs -
Overfitting. Overfitting mostly occurs when training a
complex model without sufficient amount of training

samples. Accuracy decreases when classifying unseen
samples, since model memorizes the training samples
instead of creating a generalizable one. Overfitting could
be overcome by means of simpler networks, dropout
regularization, L1 and L2 regularization, batch
normalization, increased sample size, data augmentation or
early stopping when validation error increases for several
epochs. The authors generated synthetic face samples to
increase the number of training samples. They achieved
this by applying artificial rotations, translations and
skewing onto original images. It is stated that for every
single image, 70 artificial samples are constructed. They
also applied pre-processing before feeding images into
training such as cropping, rotation and intensity
normalization. The offer of CNN consists of 5 layers
achieving 98.92% and 98.80% for 6-expression and 7-
expression recognition respectively.

Liu et al. [27] proposed an action unit driven deep
network (AUDN), inspired by the psychological theory
that expressions can be decomposed into multiple facial
Action Units (AUs). They have built a convolutional layer
and a max-pooling layer to learn the Micro-Action-Pattern
(MAP) representation, which can explicitly depict local
appearance variations caused by facial expressions. Then a
feature grouping is applied to simulate larger receptive
fields by combining correlated MAPs adaptively, aiming
to generate more abstract mid-level semantics. Finally, a
multi-layer learning process is employed in each receptive
field respectively to construct group-wise sub-networks for
higher-level representations. The pipeline they provide
achieves 93.70% accuracy on CK+ database by using a
cross-validation approach and without subject overlap
between training and test sets.

Liu et al. [28] proposed a deep learning framework
called Boosted Deep Belief Network (BDBN) for FER
which works as follows: an initial feature representation is
learned through a bottom-up unsupervised feature learning
(BU-UFL) process for image patches. Then, a subset of
weak learners is selected by boosting and is fine-tuned
jointly in a boosted top-down supervised feature strengthen
(BTD-SFS) process. Then these two processes run
alternatively until convergence. As the learning continues,
the discriminative ability of the strong classifiers and the
weak learners increase thus granting better classification
accuracy in the later stages. Their model achieves 96.7%
for 6-class expression recognition on CK+ database.

Following studies are also performed on CK+
database. Fan and Tjahjadi [29] proposed Spatial-temporal
framework based on histogram of gradients and optical
flow achieving 83.70% for 6-class expression recognition.
Gu et al. [30] developed a radial encoding strategy for
efficiently down sampling Gabor filter outputs and a new
classifier combination method by extracting information
from local classifiers. This approach achieved 91.51% for
6-class expression recognition. Zhong et al. [31] proposed
a two-stage multi-task sparse learning (MTSL) framework
to efficiently locate the discriminative patches that
discloses the expressions. MTSL framework achieved
93.30% accuracy for 6-class expression classification task.
Liu et al. [32] proposed a manifold modeling of videos
based on a proposed mid-level representation, i.e.
expressionlets. Their approach achieved 94.19% on 6-class
expression recognition task.
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In this study, a facial landmark-based ROI localization
for deep FER task is presented. Aside from other methods
that only utilize a single crop of the face, three different
ROIs for every single facial image have been evaluated.
Extensive training benchmarks have been conducted on
three different CNN architectures with three ROIs in order
to determine their efficiencies. 98.04% accuracy for FER
on CK+ dataset is the current state of the art without
utilizing extensive data augmentation techniques. This
study presents important evidence on the impact of ROI
localization for FER tasks with CNNs.

3 PROPOSED WORK

This study consists of three stages and within each a
different problem is addressed. At the initial data set
preparation stage, images are acquired from the CK+
database, facial landmark points are detected with an AAM
and region of interests of distinct sizes are cropped with the
aid of mentioned landmarks. At the network preparation
stage, CNNs with different architectures are built. The final
training and testing stage cover training and testing of these
networks with the batches of images created at the first
stage. After each training epoch, CNNs have been
validated with validation sets.

3.1 Dataset Preparation

A visualization for the dataset preparation steps is
presented in Fig. 1. Initially, Viola-Jones [33] facial
cascade classifiers have been used in order to detect the
faces in the given input images. After successfully
determining the facial area, AAM is used to detect
landmark points on images. iBUG68 [34] annotations were
used to conduct AAM and the facial landmark points are
acquired as shown in Fig. lc. Since landmarks lack eye
center information, the centroid of quadruple of points that
encompass each eye is appointed as respective eye center.
The inter-pupillary distance, the distance between two eye
centers, is calculated by drawing a line between two eye
centers. Unit distance a (semi inter-pupillary distance) for
each image is acquired by dividing inter-pupillary distance
with two. Unit distance is represented in Fig. 1d. To focus
on the same ROI in each image, an axis point had to be
defined. To this end, the midpoint of the interpupillary line
that connects two eye centres is appointed as the axis. As a
sequel to axis definition, two ROIs are cropped from each
image. The original input image and the cropped regions
are named as ROI scale 0, 1 and 2 respectively. ROI scale
0 covers the original input image. It includes irrelevant data
for classification such as dress, timestamps and
background. It is 640 x 490 pixels in size. ROI scale 1
encompasses the whole facial structure including forehead,
eyes, nose, ears, mouth and chin. It spans approximately
260 x 350 pixels. ROI scale 2 encompasses the most
prominent elements of the face that portrays the
expressions; mouth, eyes and nose. It spans approximately
160 x 200 pixels.

The cropping process is performed as shown in Fig. le.
Semi interpupillary distance a is calculated for each image
and then used to define the boundaries of the ROIs for the
pertained image. Coefficients of the o to enclose the
mentioned region of interests are also presented in Fig. le.

3.2 Network Preparation

One of the cases that we would like to examine in this
study are the performances of CNNs with different
architectures on the same task. A simple sequential model,
a GooglLeNet architecture "Inceptionv3" model and a
Residual Network "ResNET50" model are proposed in this
context.

The proposed simple sequential model is a lightweight
network that is composed of 9 layers. The architecture of
the proposed model could be seen in Tab. 2. It includes
three pairs of "conv + maxpool" layers followed by 3
consecutive dense layers with the last one having a softmax
classifier for 6 classes.

Initial Final
(¢) Active Appearance Model ()

42a 1.2 a

@ -

ROI Scale 1 ROI Scale 2

:

REAN T omIBE RS 2 -

ROI Scale 0

(e)
Figure 1 An overview of the dataset preparation process. (a) Input image; (b)
Face Detection; (c) AAM; (d) Semi Interpupillary Distance; (e) Selected ROIs

Table 1 Network architecture of the proposed model

Layer Input Filter/Stride Output Size
conv0 1(200 x 200 x 1) (3 x3)/1 200 x 200 x 32
maxpool0 conv( (2x2)2 100 x 100 x 32
convl maxpool0 (3 x3)/1 100 x 100 x 64
maxpooll convl (2x2/2 50 x 50 x 64
conv2 maxpooll (3 x3)/1 50 x 50 x 128
maxpool2 conv2 (2 x2)/2 25 x 25 % 128
[flatten, fc0] maxpool2 - 512
fel fc0 - 512
softmax fcl - 6

The GoogleNet architecture (also known as
Inceptionv3) proposed by Szegedy et al. [19] is a deep
learning architecture that implements tiny CNN modules
inside a larger network. It utilizes a set of smaller
convolutions instead of a bigger convolution hence
increasing speed by maintaining a lower number of
parameters. The top 1000 class softmax layer on vanilla
Inceptionv3 is replaced by a 6 class softmax layer.

The final CNN we make use of is a ResNet50 model
[20]. ResNet proposes identity shortcut connections to
overcome the vanishing gradient problem. Resnet50 has
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been found as a suitable candidate, since it brings a
different resolution to a major problem. The top layer of
Resnet50 has been replaced with a 6 class softmax layer as
in Inceptionv3.

3.3 Dataset Preparation

The final part of this work includes training and
validation of created networks with ROIs acquired at the
first stage. As mentioned previously, 3 subsets of the CK+
database have been formed so that each encompasses a
different ROI. By conducting 3 training sessions on each
of the 3 subsets, a total of 9 training sessions were held in
our study.

4 EXPERIMENTS AND DISCUSSION

The experiments were carried on CK+ database which
is composed of 123 subjects. In order to create an accurate
dataset for the experiment, the initial frame for each
sequence is appointed as neutral image and the last 3
frames of the same sequence are appointed as the tagged
expression. The following expressions are collected from
subjects: Angry, Disgust, Fear, Happy, Sadness, Surprise
and Neutral. Fig. 2 demonstrates a subject and his/her
derived images for dataset creation.

Images are normalized before the training. Rescaling
is carried out by dividing each pixel value by 255. This
made inputs lie in the range of [0, 1] rather than [0, 255],
thus helping networks to converge faster. Feature wise
center is held by setting the pixel values mean to zero

normalized. To further normalize the data, feature wise
standard normalization is held by diving each pixel value
with the standard deviation of the dataset.

After normalization, images are rescaled via bilinear
interpolation to meet the requirements of the Input layer.
200 x 200 pixels are determined as a fixed image size for
the input layer of each network and images are either
upscaled or downscaled to comply with it.

Apart from their classification performances, CNNs
also differ from each other by the time they take to train.
Average training time in seconds for an epoch for each
network along with the corresponding scale is given in Tab.
3. In every training run, Simple Net exhibited the lowest
training time amongst all 3 CNNs. This is due to the
simplicity of its design. Inceptionv3 came as second while
Resnet-50 displayed the worst result.

(d) (e)
Figure 2 A subject and his/her selected images for our dataset. Expression
sequences for this subject are: (a) Neutral; (b) Happy; (c) Fear; (d) Surprise; (e)

across the whole dataset. By doing this, it is ensured that Disgust
illumination differences amongst the images are
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Figure 3 Training and validation accuracy averages of 8 folds for each CNN with respect to all ROl scales
Table 2 Confusion matrix for CK+ database on 6-expressions with the best achieving ROI (scale 2)
Anger Disgust Fear Happy Sadness Surprise
Anger 43 - - 1 - 1
Disgust 1 58 - - - -
Fear - 1 23 1 - -
Happy - - - 69 - -
Sadness - 1 1 - 25 -
Surprise - - - - - 83
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Table 3 Average validation accuracies for each ROl scale

Net/ROI ROI 0 ROI'1 ROI 2
Simple Net 0.8447 0.8945 0.9706
Resnet-50 0.8945 0.9609 0.9714
Inceptionv3 0.9611 0.9743 0.9804

Table 4 Average training time in seconds for an epoch for each network along
with the ROI scale

ROI Scale 0 ROI Scale 1 ROI Scale 2
Simple Net 34 1.3 1.1
Inceptionv3 5.9 5.2 5.2
Resnet-50 8.1 8.1 8.1

A confusion matrix for 6 class facial expression
recognition on CK+ database with the best achieving ROI
(which is scale 2) is given in Tab. 2. Happy and surprise
expressions are easily distinguished by the network. This
is because a smiling mouth with shape "V" and a surprised
mouth with shape "O" are discriminative enough to
separate these expressions from the others. However, other
expressions are occasionally confused with others due to
some underlying resemblances such as narrow eyes for
disgust and anger and closed mouth for sadness and
disgust.

Training and validation run of networks were
performed with 8-fold cross validation. To prevent data
leak, the dataset is divided into 8 equal parts without
subject overlap. For each run, 7 parts were selected as
training samples and one part was left out for validation.
Each network has been trained for 50 epochs. Training and
validation accuracy averages of 8 folds for mentioned
CNNs with respect to all ROI scales are given in Fig. 3.
Average validation accuracies of the best runs for the
selected folds are given in Tab. 3. It can be inferred from
Tab. 3 that, when the ROl is selected as narrow as possible,
which in our case encloses just the eyes and the mouth duo
(ROI scale 2), CNNs nearly perform identically. However,
this is not the case for the ROI scales 0 and 1, as shown in
Table 3, more specialized networks achieve better than
their simpler counterparts. In both ROI scales 0 and 1,
Inceptionv3 achieves better average validation accuracy
than Resnet-50 and Simple Net, and Resnet-50 achieves
better average validation accuracy then Simple Net. This
emphasizes that deeper and complex networks can handle
variations more robust than simpler ones. This
phenomenon can be visualized by taking Figure 4 into
consideration. It can be seen that validation accuracy for
Simple Net has been on a plateau for the early time of the
training which is a sign of stuck on local minima and can
be dealt with either adding more data or setting a more
complex network.

Tab. 4 shows that larger ROIls are bringing up more
computational workload. As ROI grows in size, training
time for both Simple Net and Inceptionv3 increases.
However, this is not the case for Resnet as it takes nearly
the same time to train the model for every ROI. This surge
in training time is due to the broader ROIs having much
more details than the smaller ones. To elaborate, ROI scale
2 has fewer variations in surface patches than ROI scale 0,
since ROI scale 2 encompasses a narrower facial display
while ROI scale 0 has also some background information
like hair, forehead and background details. This excessive
information makes training harder and hampers the
discriminative ability of the networks.

A comparison with other studies conducting FER on
CK+ database is given in Tab. 5. To conduct a fair
evaluation amongst studies, two types of classifiers are
listed, namely Cpciass and Cpin. In Cielass Classification, a
single classifier is used for classifying inputs among n
number of classes. On the other hand, in Cy;, classification,
one binary classifier for each expression is used to conduct
a one-versus-all classification, resulting in #» number of
classifiers. Most of the time, Cyin performs better than
Chclass but also has a linear complexity depending on the
number of classes. Our proposed method outperformed the
rest with 98.04% accuracy for 6 class FER. This was
achieved without using any data augmentation, ensemble
of various CNN models or using the last layer output of
CNN as a feature vector for other classifiers such as SVM.

Much work has been conducted on FER with CNNss,
but they did not present detailed information about the
effects of localization. We carried out this study, in order
to provide a detailed explanation about localization of the
ROI for deep learning applications. We have selected FER
as a problem domain, but it does not mean necessarily the
findings of this work are limited to itself. It could be used
as a baseline for any classification task with CNNs that
includes similar input images with extractable ROIs by the
help of some other algorithms.

Table 5 Comparison with other methods

Method Classifier 6 expressions

Fan & Tjahjadi [29] CCnclass 83.70
bin R

Gu et al. [30] Chrclass 91.51
Coin R

Zhong et al. [31] Celass 93.30
Chin _

AUDN[27] Circlass 93.70
Cbin -

Liu et al. [32] Cclass 94.19
Cbin -
Coclass _

BDBN [28] e —

Corclass 96.76

Lopes et al. [26] o so.18

Proposed Cclass 98.04
Coin R

5 CONCLUSIONS

The effect of localization of the region of interest for
deep learning applications is investigated in this study.
FER task has been selected as the problem domain. CK+
facial expression database along with 3 different CNNs are
used in this study. We have achieved 98.04% accuracy on
CK+ database, which is the state of the art without using
any image augmentation. Results of the study can be
summarized as follows:

* Narrowing the ROI for facial images improves CNN
performance,

+ CNNs with complex architectures yield better
performance  when ROI includes irrelevant
information,

*  Using larger ROIs increases training time.

The success of our proposed algorithm is due to
effective selection of ROIs. As indicated earlier, feature
extraction by CNNs is an exhaustive process. This means
that features are derived from the entire image without
having any prior knowledge whether they are relevant or
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irrelevant for classification. Based on this, every feature
that is derived has a chance of affecting the classification
performance of the model. In this study, we have narrowed
the ROI gradually, from the point where both irrelevant and
relevant features are present to the point where only the
relevant features are present. Increase of invalidation
accuracies underlines that this study supports our "effective
ROI selection can increase the performance of CNNs for
facial expression recognition task" proposal and objective
given at the introduction of this study.

As for future work, we will apply our methodology to
other facial expression databases. We would also like to
train a network in one database and conduct validation on
another one to present how successful our methodology is
in cross-database experiments.
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