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Abstract—Training a computer to understand images the way
a human can is a long standing interest of academia and society.
Face detection and facial recognition are two of the most widely
studied techniques. Facial expression recognition, the next logical
step in facial image processing, is less widely studied. The current
paper, provides a threefold contribution to the current body of
research around facial expression recognition. First, a detailed
review of various techniques related to each stage of detecting a
face, extracting key features and classifying the facial expression.
Second, a demonstration that eye regions convey a significant
amount of information related to the facial expression. Finally,
that a more complex convolutional neural network, similar
to ones used previously for face detection by [11], preforms
better than a simpler neural network when classifying facial
expressions. Multiple tests on a constrained (JAFFE) dataset are
performed with varying system configurations to demonstrate the
effectiveness of the system and the impact of extracted features.
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I. INTRODUCTION

The ability to recognize emotion in a facial expression is a
critical part of human intelligence. This ability that is second-
nature to humans is non-trivial for machines faced with the
same task. Research has shown that humans can correctly
identify expressions of emotion in facial images [1] with a
consistently high degree of accuracy while computers have
historically struggled when faced with similar tasks.

The goal of this paper is to expand prior work that reviewed
techniques for facial expression recognition by applying those
techniques in a novel way. A robust facial expression recogni-
tion system at it’s most basic level is an input-output system
where inputs are images and outputs are the determined
facial expression. The following paper will be organized into
six sections: a review of prior related work, system design,
experimental design, results reporting, a discussion of the
results, and a conclusion.

In the review sections, three distinct modules that make
up this type of system are examined: face detection, feature
extraction, and classification. The first stage of a robust facial
expression recognition system is determining if the image
contains a face or not, this is the goal of the face detection
module. Various methods for face detection are examined
in II-A. If no face is detected then the system can cease
processing. If a face is detected then the system can proceed
with the second module, feature extraction. Feature extraction,
examined in II-B, concerns itself with preparing the image data
for the classification module. During the feature extraction
stage, relevant data is extracted and transformed to help
optimize the classification process. Because image files can
have high volumes of extraneous data this phase is often
concerned with reducing the volume of data that will be
used to make a classification decision in order to improve
performance. Finally, the classification module uses the output
data from the feature extraction module to classify the facial
expression in the image. In II-C, methods for classification are
examined.

The result of this work will be a novel system for facial
expression recognition and a comparison of various imple-
mentations of the system.



II. PRIOR WORK

The following is a brief review of some relevant prior work
in the field of automatic facial expression recognition, face
detection and facial recognition. Three distinct modules that
make up this type of system are examined: face detection,
feature extraction, and classification.

A. Face Detection

The first step in any system seeking to classify facial images
is identifying the presence of a face in an image. The process
of face detection involves two steps: determining if there is a
face or not and then determining the boundaries of the face
in the image. The primary challenge in the face detection
stage is the trade-off between false positives/negatives and
performance.

1) Template Matching: A method for detecting faces in
images using template matching combined with support vector
machines (SVM) is described in [2]. Templates are used for
identifying face candidate areas and a SVM classifier is used
to classify candidate areas as face or non-face areas.

The first stage in the model described in [2] is to utilize
templates to filter out face candidate images for the classifier to
analyze. Two templates are used for this stage: eyes-in-whole
and face itself [2]. The two templates were generated through
analysis of a set of 50 mugshots that were aligned, normalized
for size, and then averaged to create one image called the
average face [2]. The average face image is then sampled for
two regions: the 20 x 20 whole face region and the 20 x 8
eyes-in-whole region [2]. These templates are applied to the
testing images by finding correlation coefficients for intensity
for the test image related to the templates. Images where both
templates match over a threshold of .25 are retained for SVM
analysis [2].

The subset of images that are identified as face candidate
images are then classified by a SVM as either containing
a face or not. The SVM was trained on 5125 face sample
images. In order to improve training speed and performance
the negative training examples were collected using samples
identified incorrectly by the template matching method [2].
After training and testing once with incorrectly labeled images
from template matching, all images incorrectly labeled by the
SVM were subsequently used in the next iteration of training
as negative examples [2]. This process was then repeated until
an appropriate number of negative samples were available for
testing [2].

In order to detect faces of varying scale in the original
image, a pyramid of images, each a sub-sample of a ratio
of 1.2 to the next, was generated and filtered using template
matching and SVM [2].

Overall, the experimental results indicate that the template
and SVM based system may be superior to System 5 proposed
by [3] and inferior to System 11 proposed by [3].

2) Geometric Rules: A method for detecting faces in im-
ages using geometric rules is proposed by [4]. In [4] known
geometric characteristics of facial feature are used during
analysis to detect the presence of a face in an image. The
first step in the processes outlined by [4] is to read in the

image and convert it to a binary image. The second step is
to label all 4-connected components in the resulting images
to form blocks of interest and then to determine the center of
each of those blocks [4]. The third step identifies all groups of
three blocks whose centers form an isosceles triangle. Finally,
all blocks that are part of triangles found in step three are
labeled as potential face regions [4].

The binary conversion first transforms any color images
to grayscale by eliminating hue and saturation and retaining
luminance [4]. All grayscale images are then thresholded
(relying on the assumption that objects of interest are darker
than the background) with a given threshold 7". Morphological
operations of erosion, then dilation (also called opening) are
performed on the resulting binary images to remove noise
followed by dilation and erosion (also called closing) to close
holes.

Next, 4-connected components are identified in the image.
Based on the idea that two eyes and a mouth will form an
isosceles triangle [4], all sets of 4-connected blocks are then
tested for conformance to rules, allowing for 25% deviation,
that the centers of the three blocks create an isosceles tri-
angle. After all isosceles triangles are identified as potential
face regions, they are verified using a combination of size
normalization, weighted mask and threshold to determine if
the potential face region is a verified face.

All identified potential face regions are normalized in size
(pixel height and width) using bi-cubic interpolation [4].
Based on the results of 10 binary training faces, the authors
determined a target mask with which to compare candidate
regions. Based on the similarity between the target mask and
the mask obtained from the normalized face region, the region
is classified as either a face region or a non-face region. The
method for creating the target mask and for computing the
weighted comparison is described in [4].

Experimental results from testing the system described in
[4] showed that execution time for face detection varies based
on size, resolution, and complexity of the images.

3) Haar Cascade: A method for face detection in images
that attempts to balance performance with accuracy is de-
scribed in [5]. By refining concepts from prior research and
providing novel methods for calculation, [5] attempt to achieve
a more accurate system for face detection that improves
performance over existing models. [5] use a Haar feature-
based cascade classifier to accurately and quickly identify
faces in images.

In their paper [5] provide three main contributions: the
concept of the integral image for faster calculation of Haar
features, and the use of an AdaBoosted algorithm to select the
subset of features most import to detection and, the concept of
using a cascade of increasingly complex classifiers for more
efficient detection. The integral image concept is introduced
by [5] as a method for pre-processing to improve performance.
The integral image is created by scanning the image one time
from left to right and generating an integral image where the
value at each point (z, y) in the integral image is equal to
the sum of all points above and to the left of the point (x, y)
in the original image. This concept is expressed by [5] in the



below formula where ii(z, y) represents a point on the integral
image and i(2’, y') represents a point on the original image:
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After the integral image is created, it is used for computing
values for Haar-like rectangle features defined by [5]. The
rectangle features are employed by [5] in an effort to improve
performance over pixel-based classification methods. Three
kinds of Haar-like rectangle features are used: two-rectangle
features, three-rectangle features, and four-rectangle features.
Two-rectangle features represent the difference between the
sum of two adjacent and equal-sized rectangular regions, three-
rectangle features represent the sum of an inner rectangle
subtracted from the sum of two adjacent and equal sized outer
rectangles and four-rectangle features represent the difference
in sums of diagonally adjacent and equal sized rectangles [5].

A principal benefit of the integral image is the computa-
tional advantage it provides over other methods. Most face
detection methods scan the image in search of faces at multiple
scales. In the example provided by [5], the scale of 24 x 24
pixels is used for generating the first set of rectangle features.
Next, the size of the rectangle features is increased by a
factor of 1.25 and the rectangle features are recalculated. This
process is repeated until the rectangle feature is too large for
the image, the number of times given by:

min(z’,y') = max(z,y)(S)" 2)

n =logs maz(z',y') 3)

Where S is the scaling factor of the rectangle features,
(2',y’) are the dimensions in pixels of the image and n is the
number of iterations of scaling features to produce. An image
of size 384 x 288, starting with a base rectangle feature scale
of 24 x 24 will produce 160,000 features for each image. Not
only is this a large number of features, but the calculation
required for each one is intensive and repetitive. [5] show
that by using the integral image, the amount of computation
necessary to compute each of these features is greatly reduced.

In order to reduce the number of features used for clas-
sification, and thereby the computation and time needed for
classification, a variant of the AdaBoost algorithm used for
feature selection is used [5]. The trained algorithm selects from
the large number of Harr features, calculated using the integral
image, the subset that have the most relevance to classifica-
tion. By reducing the number of features, computation and
classification time is significantly reduced [5].

The classification of the facial boundaries in the image is
done in [S] by a cascade of weak classifiers. Each classifier
feed into the next and is organized in increasing complexity
because the more complex analysis is only needed for regions
where a face is more likely to be present [S]. The result is
a strong classifier that is the combination of all the weak
classifiers [5]. The output of the above describes system is
the boundaries in the image of the face region.

4) Neural Network Model: A model using neural networks
(NN) to detect the presence of a face in images is described
in [3]. The models proposed by [3] utilizes multiple layers of
neural networks to perform feature extraction and detection. In
order to accommodate for the commonality of large variances
in lighting, occlusion, pose, expression, and identity, [3] states
that multiple classifiers should be used to help handle these
variations and that the output of those classifiers can be used
as input into a final classifier that determines the presence of
a face in the image.

The systems for face detection proposed by [3] consists
of 4 primary modules: localization and pose estimation, pre-
processing, detection, and arbitration. Localization and pose
estimation is performed with a neural network that analyzes
the pixel values of the image as inputs. Localization deter-
mines the approximate boundary of the head in the image.
Pose estimation determines the approximate angle of any tilt
or roll from upright of the head in the image. Preprocessing is
preformed using traditional image processing techniques for
improving brightness and contrast as well as to reduce the
impact of variations caused by lighting or camera quality [3].
The detection phase, performed with a neural network, makes
an initial determination as to whether there is a face in the
region or not. Finally, arbitration is performed with another
neural network that analyzes the results of prior stages to make
the final determination if the face detected in other stages is
valid or not.

The first system presented by [3] is concerned with upright
face detection. First, the image is segmented into regions of
20 x 20, 10 x 10, 5 x 5 and 20 x 5 pixels and those regions
are fed to a neural network classifier that determines locations
that might contain a face. This same process is repeated using
a sub-sample of the original image and applying the detection
networks again. The outputs of these networks are connected
to a final arbitrator network that makes the determination as
to whether or not the original 20 x 20 region contains a face

[3].

The second system proposed by [3] is concerned with tilted
face detection. The system for upright detection is prepended
with another neural network that detects the possible tilt or
rotation of the face in the window and performs the necessary
rotation to make the face upright for the face detector [3].
Even if there is no face in the window, the rotation is still
applied as the non-face window will still result in a non-face
detection [3].

The systems proposed by [3] both performed well on
the testing data compared to prior techniques. The upright
face detection system was evaluated with a testing data set
of images compiled by the author as well as images from
the FERET database that contain frontal faces. The tilted
face detection system was evaluated using the same data set
collected for the upright detection algorithm as well as images
from the FERET database, classified into three groups based
on how far the face in the image is aligned from the frontal
position [3].



B. Feature Extraction

In the feature extraction stage, features (also called at-
tributes) are extracted from the raw image data and are
subsequently used as input to the classification stage of the
process. The quality of the feature extraction methodology
therefore has a major impact on the ability of the classification
stage to accurately identify the expression displayed in the
original image [6].

The feature extraction process can be decomposed into two
steps: feature construction and feature selection [7]. Feature
construction concerns itself mostly with transforming the raw
data into a format that the system can process; features used
as input to classification algorithms can be binary, continuous
or categorical [7]. Common feature construction methods
include: standardization, normalization, signal enhancement,
feature discretization, and non-linear expansion [7]. Feature
selection then analyzes the output of the feature construction
process and selects the subset of information that will be used
as features for classification. While feature selection’s primary
goal is to filter out noise by selecting the most relevant and
informative features, it can also reduce the size of data that
must be processed thereby improving algorithm performance
and reducing storage requirements [7].

Construction of features from facial images generally
takes one of two approaches: geometric feature-based or
appearance-based [8]. Geometric feature-based approaches
include information about the shape and location of facial
components like the mouth, eyes, nose, and eyebrows. These
components are represented as features that encode the geo-
metric information each of the components for use in classi-
fication [8]. Appearance-based methods apply image filters in
order to extract relevant data for use in classification and focus
on either the entire face or select regions of the face image
without regard to the geometric location of the features [8].

Feature extraction and selection methods are examined by
[6] in order to compare accuracy of different models. Models
examined by [6] include Gabor filters, log Gabor filters, local
binary pattern (LBP) operators, higher-order local autocorre-
lation (HLAC) and HLAC-like features (HLACLF). A system
is proposed that includes pre-processing, face detection, facial
feature detection, facial feature extraction, feature selection,
training, and classification modules.

[6] use the JAFFE and Cohn-Kanade databases for ex-
perimental analysis. For each database, the subjects in the
labeled images displayed one of six universal emotions: anger,
disgust, fear, happy, sad or surprise. Classes were each of these
emotions as well as a neutral class. Accuracy for each feature
extraction method was compared based on the feature selection
method used. For each combination of feature extraction and
feature selection method, training and testing was performed
three times and the average result was reported. There was no
overlap between subjects in the training set and the testing set
in order to ensure person-independent classification.

1) Facial Animation Parameters Extraction: Facial expres-
sion recognition is performed by [9] using 19 facial feature
points extracted based on facial animation parameters (FAP)
related to the facial action coding system (FACS). In addition
to feature extraction, a confidence factor for each extracted

point was produced allowing the expression classification stage
to take into consideration the quality of each of the extracted
features [9].

The feature extraction stage from [9] utilized a series of
masks to extract boundaries of the eyes, eyebrows, and mouth.
The nose was also detected but used mainly for geometric
reference of other features (the eyes should be above the nose
and mouth below). In addition to boundary extraction, center
point and corner features were determined. After all intended
features are extracted, they can be used for classification. A
rule based classification system is described by [9] which is
discussed in I-A.

2) Convolutional Neural Networks: [10] use a multi-
layered system for facial expression recognition. The system,
consists of three modules: feature extraction, salient region
determination and classification. Feature extraction is done
with the VGG-Face network as proposed by [11]. Feature
refinement and salient region determination is performed with
the proposed attention-based Salient Expressional Region De-
scriptor (SERD) [10]. Classification is performed with the
proposed Multi-Path Variation-Suppressing Network (MPVS-
Net) [10].

Initial feature extraction in [10] is performed with the VGG-
Face model described in [11]. The VGG-Face model is a
Convolutional Neural Network (CNN) and a pre-trained VGG-
Face network that was fine-tuned for feature extraction by
mapping the last pooling layer of the network to features of
size 7 x 7 x 512 [10] for use in the SERD stage.

Based on concepts of Facial Action Coding System (FACS)
around facial action units (AU’s) described by [12], [10] deter-
mine that different facial regions provide unequally weighted
information about facial expression. For this reason in their
SERD model, [10] modify the VGG-Face model by identifying
features produced by the VGG-Face model that provide the
greatest amount of information about the facial expression.
The SERD consists of a network that produces an attention
mask that quantifies the importance of each position in the
feature maps and weights the features accordingly for input
into the classification module [10]. By joining together the
VGG-Face model and the SERD the researchers produce a
model they call VGG-SERD which extracts features from
images weighted according to their importance in expression
recognition as determined by AU’s as described by the FACS.

3) Facial Features: Feature extraction has also been done
based on facial features and their known positions relative
to one another. When this approach is taken, often the eyes
are the first feature detected and other features (nose, mouth,
eyebrows... etc.) are determined based on their known relative
position to the eyes. [13] use techniques described in [5] to
first detect face regions in an image and then segmented into
regions of interest. To determine the precise eye center, [13]
use color, luminescence and, anatomical properties to evaluate
the regions of interest for the eye center.

[14] use a multi-step process for eye detection. First,
candidate regions are identified by implementing a pattern
matching algorithm that relied on the light to dark to light
contrast of the pupils and eyelashes [14]. Candidate regions
are then analyzed for conformance with known eye shape



and size, and the candidate regions most closely matching
these characteristics are selected. Finally, the center point of
each extracted eye is determined by finding local maxima on
approximately the same horizontal level in the two eyes [14].
The eye regions are then finalized by selecting all pixels within
a pre-determined distance from the detected eye centers [14].
[15] use convolutional neural networks (CNN) and support
vector machines (SVM) for eye detection. Classifiers are
applied to the image to detect and refine the eye positions
in the image. The classification techniques described by [15]
start with more coarse filtration methods and progressively
utilize finer classification to determine the eye location [15].

The eye detection technique proposed by [15] is a three
layer system. The first layer is a eye variance filter (EVF). The
EVF relies on the observation that the grey level intensity in
the eye region is more drastic than in other areas of the face
[15]. The EVF is constructed based on the intensity of 30
known eye images in the database. By averaging the variation
in grey intensity of the 30 training images, a variance image is
constructed that represents the average variance values for the
30 known eye images. After the variance image is calculated
another 30 known eye images as well as 30 non-eye images are
used from the database to calculate the EVF threshold. Each of
the 60 images are analyzed for grey intensity variance and their
individual variances are correlated with the variance image. A
variance threshold is selected so that non eye-images would be
discarded and eye images would not be discarded. After this
training phase, the EVF is ready to scan new images and filter
out non-eye images before moving to the feature extraction
phase.

The second layer, feature extraction, of the eye detection
system, proposed by [15] is performed by a CNN. Eye images
identified by the EVF are used as the input to the CNN. The
CNN is trained in a traditional method where the final layer of
the CNN represents the classification and training done until
classification results converge for the network [15]. Once this
traditional training is complete the output layer of the network
is replaced by a SVM [15]. The final layer, classification, is
the SVM. At this point the SVM is trained using the output
features from the CNN. The intent of this approach is to utilize
each classifier for processes with which it handles best. The
CNN is typically used for multi-class classification problems
and the SVM is used mainly for solving two-class problems.
By introducing the SVM as the last layer of the CNN, the
multi-class information derived by the CNN can be used by
the SVM to make the final two-class determination.

4) Gabor Filters: [6] performed facial feature extraction
using Gabor filters and log Gabor filters. 2D Gabor filters can
provide information about an image in both the spatial and
frequency domains depending on the filter used. Gabor filters
have eight degrees of freedom including (x, y) coordinates
specifying the location of the filter in the spatial domain
and (u, v) coordinates in the frequency domain, which are
the independent variables that can be modified to tune the
Gabor filter [16]. The features extracted using Gabor filters in
[6] are intended to capture information about shape, motion,
color, texture and spatial configuration of the face aligned at
particular orientations. For feature extraction, [6] use a bank

of Gabor filters with five frequencies and eight orientations.
Filters are expressed in [6] and are convoluted with the
original image to create Gabor features. The results of facial
expression classification using, Gabor filters, log Gabor filters,
local binary pattern, HLAC features, and HLACLF features
are compared in [6]. [17] compare facial expression using
geometric features and features extracted with Gabor filters.
Using the JAFFE database, [17] found that Gabor filters
tended to add useful information to the feature set and thereby
produce a greater rate of accurate classification.

C. Classification

The classification portion of a facial expression recognition
system at it’s most basic level will take features as inputs
and based on those inputs will make a determination of the
expression displayed in the image. The input features will be
the output of the feature extraction and selection stage and
the determined class will be one of a pre-provided set of
possibilities. In general, this type of classification has been
performed either with a rule based scheme or using supervised
machine learning classification algorithms.

1) Probabilistic Model: As part of their system for robust
facial expression recognition [9] implement a rule based classi-
fication model. Instead of using the six archetypal expressions
described by [18] a quadrants of emotions wheel is used to
classify emotions. A rule based probabilistic measure is used
to determine which emotion is described in the image. The
rules used by [9] consist of ranges corresponding to high,
medium, and low activation of the facial animation parameters
detected by the extraction phase. Because it is possible that not
all possible defined features could be extracted from an image,
[9] designed rules to ensure that only features that are known
with a high degree of confidence have a significant impact
on classification and those features that are not extracted
or are extracted with lower degrees of confidence have less
of an impact on the classification decision [9]. Based on
the calculations of the rules outlined in [9], the emotion is
determined based on the (x,y) point on the plot of activation
emotion space as described in [9]. The = and y coordinates
are determined based on the rules outlined in [9].

2) Naive Bayesian Classifier: A Naive Bayesian (NB)
classification algorithm is used by [6] to classify images
based on the output of each of the aforementioned feature
extraction methods. Naive Bayesian classifiers are Bayesian
networks where all attributes are assumed to be independent
[19]. Despite the fact that this assumption, called conditional
independence, is rarely true in real world situations (there is
typically some interdependence or correlation among features),
Naive Bayesian classifiers have been shown to perform well
compared to other classification methods [19].

Bayesian classifiers make a classification determination
based on the results of an evaluation function that examines
the probability of each class based on given values for each
feature. The selected class is the class with the highest
probability. The algorithm stores the conditional probability,
sometimes called the weight, of each feature given the class,
and for each iteration of training the conditional probabilities
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of each class are updated based on the result. It is an important
characteristic of the Bayesian classifiers that the algorithm
assumes that the features are statistically independent [20].
Because of the fact that in most real world scenarios features
are not statistically independent, initial work assumed that this
classification method might produce poor results [19] [20].
However, as shown in [19] that is not the case, rather Naive
Bayesian classifiers have been shown to produce results on par
with more sophisticated classification algorithms [19].

3) Neural Network Classifier: Neural networks are a pop-
ular machine learning algorithm used for multi-class classi-
fication problems. Neural networks have been used in face
detection, feature extraction and classification stages of other
facial expression recognition systems with success. [3] used
neural networks for face detection, [10], [9], and [15] used
neural networks for feature extraction and [21] and [11] used
neural networks for face recognition.

Neural networks, modeled after the function of neurons
in the human brain, are networks of connected nodes called
perceptrons [22]. There is an input layer of nodes where each
node corresponds to one feature of input, followed by one or
more “hidden” layers of nodes that connect prior layers to
the next with weighted connections, and the final layer is the
output layer which encodes the classification [22].

Given node ¢ in layer h connected to node j in layer h+ 1,
the equation for the input (x) to j from ¢ is given as the product
of the output of ¢ and the weight of the connection from ¢ to
7

Zp =yl )

or

Tj = YiWij 5

where /' is the output of neuron i and w; is the weight
of the connection between i and j. y! is defined for nodes in
the input layer I as:

yj = (6)

and for nodes in all other layers h as:

ylh = f(ah) (7)

where f(z}) is the activation function. The most popular
activation functions are the logistic sigmoid function, the
hyberbolic tangent function (tanh) and the rectified linear unit
(ReLU) function [23]. Currently the most popular of these
activation functions is the ReLU function [23].

The logistic sigmoid function is given as:

1
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the hyberbolic tangent is given as:
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and the ReLu function is given as:
f(z) = max(0, ) (10)

Subsequently, the input to node j in layer h 4+ 1 from n
nodes in layer h that connect to j is given by:

(1)

n
R+l _ h, h _ ph+l
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where is the threshold of neuron j in layer A + 1.

While data flows from the input layer of the network to the
output layer, learning flows from the output layer to the input.
During training, the weights of each connection are adjusted
automatically to minimize the error between the expected
output of any node and it’s actual output. This can be thought
of as a relationship that indicates the magnitude of the impact
of a change in weight on the error for that node [23]. The
weights for each node are adjusted based on the derivative
of the cumulative error at each of the nodes in layers closer
to the output side of the network. Therefore, the flow of the
weight adjustments is in the opposite direction as the flow of
data through the network, for this reason, this flow is called
backpropogation [23].

Backpropogation begins at the output layer of the network
where error for each node is calculated based on a selected
cost function. Two commonly used cost functions are logistic
regression and quadratic.

The quadratic cost function is the more simple of the two
and has been used in some of the earliest neural networks [24].
Where error € at one node o is given by:

h+1
03’
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And where error of the entire network can be expressed as:
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where m is the total number of layers in the network and N,
is equal to the number of nodes in the current layer h.

Error at a node can be minimized using gradient decent by
differentiating equation 12 [24], this gives:

oe
57 = Yo — do (14)
Yo
Then based on the chain rule [25], the value of % for any
node k connected to node o, where o is one layer closer to

the output layer than k, can be given as:
de e Oy,
OYe Yo OYk

Because we cannot directly modify the output of a node &
based on error for the output of node o, which is in the layer
above it, based on the relationship from equation 4, the input
to node o can be indirectly modified by adjusting the weight
of the connection between £ and o.

Therefore we can adjust the input to o from k by adjusting
the value of wy, instead of yj;. This gives us equation 15
expressed in terms of the weight of the connection between
nodes k and o:

15)
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The simplest modification of weight w expressed as Aw is
by an amount proportional to

ho_ de
ij — €
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5wij

where « is an exponential decay factor between 0 and 1
that designates the impact of Aw;l,j ! on the Awlhj [24].

A second option for the cost function is logistic regression.
Logistic regression is used to examine the relationship between
a outcome and a set of dependent variables [26].

While the entire network solves multi-class problems, each
individual node has a binary output (1 or 0). The mean
expected value of a node’s output y? based on a given class ¢
can be expressed as a linear function E(yjh|c) also called the
conditional mean [26]:

E(yjle) = fo + bre

Further, due to the dichotomous nature of the node output
(the values of y are either 0 or 1) the values for E(y}|c)
all fall between 0 and 1 [i.e., 0 < E(y;l|c) < 1] [26]. Based
on this, a regression based on the logistic distribution can be
represented as:

(18)
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Y

(a) Original

(b) Face Image

(c) Eye Image

Fig. 2: Images feature extraction progression

this model can be transformed using the logit transformation
to:

E(y}lo)

—_ 20
BT B e

g(z) = = fo + 1z
the value of yjl can now be expressed based on the value
of E(yﬂc) plus some error ¢, thus:

Y =E@yllc) +¢ 1)

as this function is a linear equation it can be differentiated
to understand the sensitivity of the change in the output value
(y? in this case) to change in the input value (c).

As mentioned above, many prior works have utilized neural
network classification models during one of the stages of
the facial expression recognition process. Neural networks
have been used for a variety of classification tasks and have
performed well when trained properly. The quality of the
classifier is strongly tied to the quality of the training data.
Often, the ability to train a model to high degrees of accuracy
requires a significant amount of time and data. Based on the
above information, a neural network model, with appropriate
parameters can be used for any classification task within a
facial expression recognition system.

III. SYSTEM DESIGN

Based on the information gathered in II a system for
automated facial expression was designed. The system was
designed in three distinct modules: face detection, feature
extraction and classification. In the face detection stage, similar
to the work done by [5], a cascade classifier using Harr like
features was used to identify a face in the image and the
corresponding facial region boundaries. The classifier used
was a pre-trained face detection model from the OpenCV
project [27]. As [5] describe in their paper, the model is
trained using the integral image to calculate Haar rectangle
features for a cascade of classifiers that determine the face
region boundaries in the image. This process is described
in detail in II-A3. The boundaries determined by this face
detection method are a rectangular region that contains the
face detected in the image. As mentioned in I, one of the major
challenges with image processing systems is removing as
much extraneous data as possible in order to reduce time and
resources needed for computation. By detecting and extracting
just the face region in the image, a significant amount of
extraneous information is removed before passing the image
to the classification portion of the system.



The quality of any classifier is significantly dependent on
the quality of the data used to train it and by limiting the
inputs to just the most relevant information, the quality of the
classifier is improved. Gabor filters have been shown by [6]
to provide feature information that produces more accurate
facial expression classification rates. Gabor filters can be used
for texture discrimination and to extract texture information
from images [28]. As discussed in II-B4, prior research has
utilized Gabor filters for expression recognition and face
detection with promising results. The Gabor filter is applied
as a convolutional mask to the image and is a linear filter that
extracts both frequency and orientation information from the
image. The 2D-Gabor filter can be represented as the product
of a 2D-Gaussian function and a exponential function. [28]
designates the expression for the filter given g(\, 0, ¢, o,7)

as:
@) ) (22)

Features extracted using Gabor filters were examined as
inputs to the system. For each image, eye and non-eye, Gabor
filters were applied and the result was used as input to the
classifier. For simplicity, only magnitude information, and the
maximum value of each of the 16 filter results was used for
input to the classifier.

In the current work, 16 Gabor kernels were applied to each
image and the maximum frequency information across all
results was used as the input to the classification stage. The
Gabor filters were applied by convolving a 31 x 31 kernel of
Gabor coefficients with the original image. The values of the
inputs to 22 were then determined for each of the filters: The
value for o, which is the standard deviation of the Gaussian
function used in the Gabor filter was 4. The value for 6, which
is the orientation, was modified for each of the 16 filters as
one of 16 evenly spaced values between 0 and 7. A, which
is the wavelength of the sinusoidal factor was set to 10. ~,
which is the spatial aspect ratio, is set to .5. ¢, which is the
phase offset, is set to 0. After applying the resulting filters to
the image, the maximum value at each point x, y across each
filter output was used as the input to the classifier.

In systems II1, IV, VII and VIII further feature extrac-
tion was done in an attempt to improve the quality of the data
fed into the classifier and thereby the overall accuracy of the
classifier. As shown in [9] the eyes can be a region of particular
interest when attempting to determine facial expression. Ad-
ditionally, it is commonly thought that eyes play a significant
role in human perception of facial expression and emotion.
The common phrase “the eyes are the window to the soul” is
emblematic of this belief and there has been academic research
into this concept as well. [29] found that 16 male subjects
spent approximately 40% of their looking time focused upon
the eye region of facial photographs when attempting to form
impressions about subjects in the photographs. [30] found, in
children, that a deficit in fear recognition not only could be
partly attributed to a visual neglect of the eye region of others,
but that the deficit could be reversed by directing focus to the
eye region of others. [31] found that when assessing facial

erp (M) exp (j (2#@ +
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Layer Layer Type Shape Parameters
1 Input (128, 128, 1) 0
2 Padding (130, 130, 1) 0
3 Conv2D (128, 128, 16) 160
4 Conv2D (128, 128, 16) 2320
5 MaxPooling2D (63, 63, 16) 0
6 Padding (65, 65, 16) 0
7 Conv2D (63, 63, 32) 4640
8 Conv2D (61, 61, 32) 9248
9 MaxPooling2D (30, 30, 32) 0
10 Padding (32, 32, 32) 0
11 Conv2D (30, 30, 64) 18496
12 Conv2D (28, 28, 64) 36928
13 MaxPooling2D (14, 14, 64) 0
14 Flatten 12544 0
15 Dense 4096 51384320
16 Dropout 4096 0
17 Dense 4069 16781312
18 Dropout 4096 0
19 Dense 512 2097664
20 Dropout 512 0
21 Dense (Output) 256 131328

TABLE I: CNN model structure for 128 x 128 input image
size. All activation functions are ReLu with the exception of
layer 21 which uses softmax.

expressions, the subjects gaze almost always initially fixates
on the eyes and confirmed the relevance of the eyes and mouth
in emotional decoding.

In order to examine the impact of the eye region on
automated facial expression recognition, systems III, IV,
VII and VIII were designed to emphasize the eye regions
during classification. To do this, eye features were extracted
and appended to the face image as shown in Fig.2c. Similar to
the face detection stage, a pre-trained Haar Cascade classifier
was used for detecting eye candidate regions. From the eye
candidate regions identified by the Haar cascade classifier, the
eyes regions were selected by logic that identified the two
candidate regions higher up in the face region and on a similar
horizontal plane as one another.

In prior work, [3] used neural networks for face detection,
[10], [9], and [15] used neural networks for feature extraction
and [21] and [11] used neural networks for face recognition.
Of the research that attempts facial expression recognition or
emotion detection; [6] use a Naive Bayesian classifier, [17] and
[10] use neural networks and [9] use a rule based classification
model.

In the present work, two variations of a neural network were
used for facial expression classification: a simple neural net-
work model (NN) and a more complex very deep convolutional
neural network model (CNN). The simple model, similar to
the one shown in Fig.1 consisted of 6 layer of fully connected
nodes with ReLu activation functions followed by an output
of n fully connected nodes, where n is the number of classes
(in this case 7), and a softmax activation function for the final
layer. Overall, the simple NN model had 3,849, 347 trainable
parameters. The complex model (CNN), based on the model



System  Face Detection Eyes Gabor  Classifier
I Haar Cascade N/A N/A NN
11 Haar Cascade N/A Gabor NN

111 Haar Cascade Haar Cascade N/A NN
A% Haar Cascade Haar Cascade = Gabor NN
14 Haar Cascade N/A N/A CNN
VI Haar Cascade N/A Gabor CNN
VII Haar Cascade Haar Cascade N/A CNN
VIII Haar Cascade Haar Cascade = Gabor CNN

TABLE II: System Configurations

proposed and tested by [11] consists of four sections, the
first three sections are three layers each; two layers of 2D
Convolution followed by a max pooling layer. The final section
is composed of 3 fully connected layers with 4096 nodes at
the first two and 512 at the third The output layer consists
of 256 fully connected nodes and is analyzed with a softmax
activation function. After each iteration of training a dropout
of .5 is applied to each of the layers to avoid overfitting the
training data and to force the system to find a more generalized
solution during training. Overall, the complex CNN model had
70,466,416 trainable parameters. The structure of the CNN
is shown in Table I.

Similar to prior work, the six universal emotions as well as
a neutral expression identified by [18] are used as the classes.
The images in the data set are pre-labeled labeled with these
facial expressions based on the emotion that subjects in the
dataset were asked to display. The classifier attempts to predict
the class label of the image exactly.

Using the components described above and based on the
information gathered in II, 8 systems were designed for
automatic facial expression recognition. The systems were
designed to provide the current work the ability to compare,
within the context of facial expression recognition, the impact
various feature extraction and selection techniques as well as
two classification techniques. System I consisted of one Haar
Cascade classifier and one simple NN. System II consisted
of one Haar Cascade classifier, Gabor filters and, one simple
NN. System 111 consisted of two Haar Cascade classifiers and
one simple NN. System IV consisted of two Haar Cascade
classifiers, Gabor filters and, one simple NN. System V' con-
sisted of one Haar Cascade classifier and one very deep CNN.
System VI consisted of one Haar Cascade classifier, Gabor
filters and, one very deep CNN. System VII consisted of
two Haar Cascade classifiers and one very deep CNN. System
V' III consisted of two Haar Cascade classifiers, Gabor filters
and, one very deep CNN. Based on the differences between the
accuracy of the systems when tested, conclusions are drawn
about feature extraction, feature selection and classification
techniques.

All test were done on a machine running Ubuntu 64-bit
distribution of Linux, with an Intel® Core™i5-8600K 6 core
CPU @ 3.60GHz, a GeForce GTX 1060 6GB GPU and 16GB
DDR4 RAM. Image processing was done with the OpenCV
library [27], NN and CNN models were created, trained and
tested using TensorFlow r2.0 [32].

Expression Count
Happy 31
Surprise 30
Neutral 30
Fear 32
Sadness 31
Disappointment 29
Anger 30

TABLE III: Facial Expressions In Dataset

IV. EXPERIMENTAL DESIGN

Based on prior work three hypothesis were developed: H'1
that a system with a deep CNN will outperform a similar
system using a simpler NN as the classifier. H2 that systems
with additional expressive facial features extracted will out-
perform systems that do not extract additional features from
the face image. H3 using Gabor filters for feature extraction
will positively impact the classification rate.

Similar to [6] and [17], the Japanese Female Facial Ex-
pression (JAFFE) database [33] was used for training and
testing the system. The database consists of 213 images of 7
facial expressions posed by 10 Japanese female models. The
distribution of expressions is shown in III. In each image, the
subject is posing the image that they are instructed to express.
The author of the dataset acknowledges the possibility for
some error and that the emotion being expressed may not be
a pure emotion but rather a mix of multiple emotions [33].

For each model, training was done using a k-fold cross-
validation technique. Systems using eyes as an additional
feature used 174 training images, and a validation set size
of 32 for k = 7 groups of 29 images. Systems without eyes as
an additional feature used 180 training images and a validation
set of size 33 for k = 7 groups of 30 images. The difference
between the two was that the eye detector was unable to detect
eyes for seven of the images and they were then left out of
training and testing for systems using eye features. In each
case, 3 images were withheld initially from all training only
to be used for testing (and thereby making the entire dataset
evenly divisible over k£ groups). The result is validation groups
of sizes %14 and %15, respectively, of the entire dataset. In
each iteration of training and testing, the current group of 29
or 30 images are set aside, along with the 3 additional images,
for testing while the remaining images are used to train the
model. After each round of training for a designated number
of epochs, the trained model was tested on the test set of 32
or 33 images. This training and testing process was repeated
seven times at the same number of epochs and the results of
all seven tests were averaged to produce the final reported
accuracy at that number of epochs. In this way, ther reported
accuracy for a system trained at n epochs takes into account
the model trained on 7 sets of 174 or 180 images and tested
on 7 distinct sets of 32 or 33 images. Overall, this gives a
training size of 1,218 or 1,260 and a testing size of 224 or
231.

As evaluation metrics, the exact match accuracy as well
as the accuracy allowing for the expected class to be in the



System  Accuracy Top-2 Accuracy

I 73.7% 90.3%
11 70.2% 86.1%
117 78.8% 93.0%
v 74.8% 89.6%
1% 82.1% 92.9%
VI 82.6% 93.6%
VII 83.6% 94.3%
VIIT 85.1% 95.3%

TABLE IV: Average accuracy across each testing iteration.
Highest accuracy in bold.

top 2 of the classes the network determined most probable,
is collected for every set of training and testing data. Both of
these metrics were collected on the testing data and used to
calculate two test accuracy scores for every iteration of training
and testing. Results of the system trained and tested between
50 and 90 epochs are reported in intervals of 5, averages of
all the average scores for each system are also reported.

V. RESULTS

Accuracy results at each number of training epochs can be
found in Fig.3. Fig.3a reports the exact match average accuracy
at each epoch for systems V through VIII. Fig.3b reports
the exact match average accuracy at each epoch for systems [
through V. Fig.3c reports the top-2 average accuracy at each
epoch for systems V' through VIII. Fig.3b reports the top-2
average accuracy at each epoch for systems [ through /V.

Table IV shows the average accuracy and average top-2
accuracy for each system calculated as the average of all
calculated testing accuracies of the system trained from 50
to 90 epochs. As mentioned in IV, each system was trained
and tested on n number of epochs in intervals of 5 from 50
to 90. At each step, the system was initialized with random
weights and completely retrained in the method described in
IV. The average of seven instances of training and testing the
system at the desired number of epochs was recorded as the
accuracy for that number of epochs and is reported in Fig.3.
The accuracies in IV are the average of all reported average
accuracies from epochs 50 to 90 (the accuracies reported in
Fig.3).

VI. DISCUSSION

The highest exact match accuracy was achieved by system
VIII at 86.3% and the highest top-2 accuracy was achieved
by system VIII at 96.0%. This system utilized the CNN,
Gabor filters and eye image to produce the results.

Comparisons can be made between systems by looking
at corresponding systems with only one variable change. To
understand the impact of the classifier used: system I can
be compared to system V, system I/ to system VI, system
IIT to system VI, and system IV to system VIII. In each
of these cases, the system utilizing the CNN achieved both
a higher accuracy as well as a higher top-2 accuracy. The
accuracy was improved by 11.3%, 17.6%, 6.0%, and 13.7%
for the respective comparisons for an average improvement of

12.1% when a CNN was used in place of a NN. The top-
2 accuracy was improved by 2.8%, 8.7%, 1.3%, and 6.3%
for the respective comparisons for an average improvement of
4.7% when a CNN was used in place of a NN. These results
indicate that the CNN is an overall better classifier for facial
expression recognition than the NN. While the CNN does have
more trainable parameters than the NN, both had a relatively
large number of parameters compared to prior work in [19],
as well as in [3]. While [10] uses a similarly large number
of parameters, the VGG like network used in [10] is used for
face detection and not for classification as done in the current
work.

To understand the impact of the Gabor filter features: system
I can be compared to system [, II] to IV, V to VI and
VII to VIII. In these cases, the Gabor filter features had
a negative impact on the systems using NN as the classifier
and a positive impact on the systems using CNN as the
classifier. Gabor features brought accuracy down by 4.7% and
5.0% in the respective comparisons using the NN and up by
0.6% and 1.7% in respective comparisons using CNN. Gabor
features brought top-2 accuracy down by 4.6% and 3.6% in
the respective comparisons using the NN and up by 0.7% and
1.0% in respective comparisons using CNN. The Gabor filter
comparison results show that a more complex, convolutional
neural network used for facial expression recognition can be
positively impacted by the use of Gabor filters as feature ex-
tractors while a simpler neural network is negatively impacted
by the use of Gabor filters as feature extractors.

To understand the impact of eye features: system I can be
compared to system /11, system [ to system IV, system V to
VII and, system VI to system VIII. In each of these cases,
the addition of the extracted eye features to the input improved
the accuracy and top-2 accuracy. Eye features improved the
accuracy of each of the respective comparisons by 6.9%, 6.5%,
1.8% and, 3.0% for an average improvement of 4.5%. Eye
features improved the top-2 accuracy of each of the respective
comparisons by 2.9%, 4.0%, 1.5% and, 1.8% for an average
improvement of 2.5%.

This supports the conclusion that the eyes are of particular
importance when detecting emotion in an image and further
suggests that highlighting facial features that humans use to
determine emotion improves an artificial emotion detection
system as well. Additionally, the CNN consistently outper-
forms the NN. This supports the findings of [23] and the
conclusion that deep convolutional neural networks can be
used to more accurately classify facial images. Unlike [23]
however, this experiment focused on emotion instead of facial
detection or recognition.

Systems using Gabor filters performed overall better for
both of the CNN configurations, however they performed
worse than their counterpart models for the NN system.
This may be because the NN systems lacked the number
of parameters to accurately encode the information provided
by the Gabor filters. All systems performed better when eye
information was emphasized. In each case, the system with
the best performing configuration was one that extracted the
eye regions for emphasis. The systems using a CNN instead of
a NN for classification generally performed better than their



counterpart systems. Systems using a CNN for classification
also tended to converge faster to a higher accuracy rate as can
be seen in Fig.3. In all cases, emphasizing the importance of
the eye regions by appending them to the face image improved
accuracy. This confirms H2 and aligns with the intuition that
eyes provide a significant amount of information that can be
used to determine facial expression. The variable that had the
largest positive or negative impact on classification accuracy
was the type of classifier used. The 12.1% improvement in
exact match accuracy and the 4.7% improvement in top-2
accuracy indicate that the most significant factor in developing
an accurate facial expression recognition system is the clas-
sifier. While feature extraction and selection both can have
a significant impact on the classifier, they serve mainly to
enhance or fine tune an already relatively accurate system. A
high quality feature extraction and selection method may be of
greater significance in a situation where computing power to
train a classifier is limited or more precise results are required.

The top-2 accuracy results reported by this system are very
accurate and provide an interesting insight into the fact that
when the system’s first choice is wrong, its second choice
is usually correct. It has been pointed out by other research
like [1] and [33] that this may be in line with actual human
perception. The classification of the dataset used in the present
work was done by asking the subject to pose with a specified
emotion. This leaves room for error in the labeling of the
classes where the subject might not have accurately portrayed
the emotion. Further, as the author of the dataset indicates,
in each of the images, there is not pure representation of just
one emotion but rather a mix of different emotions. Therefore,
identification of the most likely set of emotions displayed in
an image may be a more accurate representation of reality than
attempting to choose one particular emotion.

VII. CONCLUSION

Overall, the results of the experiment validate each of
the three hypothesis. H1 is supported as the CNN based
systems consistently outperformed the NN based systems. H2
is supported by almost all cases where eye image inputs
showed higher accuracy than counterpart systems with no eyes
detected. H 3 is only partially supported by the results as Gabor
filters positively impacted systems with CNN and negatively
impacted systems with NN classifiers.

Based on the observed results a few conclusions can be
drawn that can serve as a guide for further research. First, that
a complex, deep convolutional neural network outperforms
a simpler network was clearly demonstrated. This confirms
results from [11]. Second, the significance of the eye in
classifying emotion is clearly demonstrated. Both systems
where the eyes were extracted and concatenated with the
original image show significant improvements in accuracy.
Third, it can be reasonably concluded that texture information
plays a role in detecting facial expressions as shown by the
improved accuracy of systems using Gabor filters along with
CNN.

The current work provides contributions to the current body
of research in four major areas. First, a robust system for

facial expression recognition is described in detail. Second,
the conclusion that a complex CNN is more accurate for facial
expression recognition than a simple NN. Third, that the eye
region encodes a significant amount of information related to
the facial expression. Fourth, that texture information is also
significant to the facial expression recognition process. Each
of these findings can be built upon and provide a starting point
for future research.

While this work has shown the significance of the eyes
in facial expression recognition, further work extracting the
mouth, or eyebrows could show how each major facial feature
decodes facial expression information. This work could be
expanded to analyze how other features of the face impact
expression recognition accuracy. As prior work has used
eyebrows, eyes, the nose, and the mouth to detect faces in
images, examining the relative impact of each of these features
on expression recognition seems like a logical next step. This
in turn could show a way to reduce input to the classifier to
only facial features that have a great impact on the expression,
thereby reducing noise in the classifier.

There are a few limitations that are apparent in the current
work. Primarily, the dataset size limits the potential any
classifier trained from the dataset to be used more broadly.
While the current work has been done using only images of
Japanese females, the findings of [18] indicate that there are
facial expressions that are both cultural as well as universal. As
the work presented here was done using the expressions that
[18] demonstrated are universally recognizable, the work may
be more generalizable to other datasets than one might initially
expect. However, it is likely that the model system used in
the current work could be trained on a more robust dataset
and provide more generalizable results. Studies examining
the current systems’ performance on other common datasets
would be able to demonstrate how this technique generalizes.

Further, the current system is dependent on face images
that are in an upright position in images. The classifier can
only classify the faces that the face detection module detects.
Therefore, a more robust system for facial detection could be
used to improve the current system. For example, a system
that accounts for head tilt and role like the ones proposed
by [3] could produce a system that is able to identify facial
expressions in a wider variety of cases.

While there has been other work done examining the
ability of automated systems to recognize facial expressions
in images, there is not a consistent benchmark by which to
make direct comparisons. In order to compare this work with
prior work on the same dataset, a similarity in training and
testing configuration and potentially image scaling, would be
needed. However, the numerous opportunities for variation in
training and validation set configuration make that difficult to
do. A standardized way to calculate an appropriate validation
set size would be of use in the current work and to the research
community at large. Additionally, a standard calculation of ap-
propriate size of k based on the sample size when using k-fold
cross validation would be useful to allow direct comparison
of research work.
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