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Abstract – Facial expression recognition systems using video devices have emerged as an important 
component of natural human-machine interfaces which contribute to various practical applications 
such as security systems, behavioral science and clinical practices. In this work, we present a new 
method to analyze, represent and recognize human facial expressions using a sequence of facial 
images. Under our proposed facial expression recognition framework, the overall procedure includes: 
accurate face detection to remove background and noise effects from the raw image sequences and 
align each image using vertex mask generation. Furthermore, these features are reduced by principal 
component analysis. Finally, these augmented features are trained and tested using Hidden Markov 
Model (HMM). The experimental evaluation demonstrated the proposed approach over two public 
datasets such as Cohn-Kanade and AT&T datasets of facial expression videos that achieved expression 
recognition results as 96.75% and 96.92%. Besides, the recognition results show the superiority of the 
proposed approach over the state of the art methods. 
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1. Introduction 
 
Facial expression recognition (FER) is considered to be 

one of the fundamental topics of computer vision and 
attracted by a lot of researchers in the past few decades. It 
has been widely used for many real-world applications [1-
4] such as automatic action detection, identity authentication, 
face mask generation, human-computer interaction and 
surveillance systems [5-7]. Human beings use facial 
expression to express their emotions and also provide 
important cues during the communication such as showing 
how much they are taking interest during communication, 
waiting for their turn to speak in social interaction and 
understanding the information by giving continuous 
feedback. Usually facial expressions contribute 55 percent 
of the effect while communicating and hence it makes 
major part of the human daily life communication. The 
basic purpose of FER system is to recognize the face 
expression [8] correctly among several different expressions 
in the database.  

Recently, several researches developed many effective 
facial features representation and extraction techniques 
from the original images to successfully recognize the 
facial expressions. In [9], non-verbal multi-model has 
been proposed, which examine the facial expression of 
human based on pixel differences. To classify data, they 

used Gaussian process classification. However, all these 
methods are very complex to implement, as well as 
computationally expensive. Thus, we need more robust 
and less computational processing system for FER. While, 
other intensity-based cameras [10-15] play vital role in 
many real-world applications and are promoted towards 
FER. 

In this method, we propose a novel feature extraction 
method for FER using sequence of facial images. Initially, 
we remove noisy effects in facial sequential images and 
develop more robust, efficient and compact features as 
1D transform features. However, these features are further 
computed by principal component analysis (PCA) for 
global features properties and reduced dimensions. Our 
proposed feature extraction method has less computational 
cost and it is effective to recognize the different facial 
expressions. Moreover, our experimental results proved 
that the proposed method outperforms state of the art 
methods. 

The rest of the paper is structured as follows. In section 
2 we explain the basic architecture of our FER system by 
considering feature extraction techniques, data clustering 
and training/testing using HMM. Experimental settings and 
results are shown in section 3. Finally, we conclude the 
paper in section 4. 

 
 

2. System Methodology 
 
The proposed FER system consists of incoming face 

images of various resolution and background. The 
preprocessing step is used to improve the quality of image 
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by applying background subtraction, face detection, noise 
removal, face alignment and restricting the image size 
using region of interest (ROI). These detected face images 
are used for feature extraction based on 1D transform 
technique. Then, these features are further processed for 
dimension reduction via PCA followed by discriminating 
method for robust classification. Finally, sequential 
routines of human faces are trained/tested using HMMs. 
Fig. 1 shows the system architecture flow of the proposed 
FER system. 

 
2.1 Image preprocessing 

 
To perform the preprocessing steps of sequential facial 

expressions images, we applied local histogram equalization 
method for controlling various resolution, light changing 
conditions and removing noisy effects [16]. While, to detect 
the face region, we applied skin color detection mechanism 
to locate the exact face region. Also, average intensity 
variation method I (v) is used to capture face region f (r) 
and maximize the distance between the face f and the 
background region b(r).  

 
 ( ) ( ) ( ) [ ]1 , 0 1I v f b r rα α α= + − ∈ ≤ ≤  (1) 

 ( ) ( ) ( )2 2

0 0
in outf r I v r dxdy I v r dxdy

∞ ∞

= − + −∫ ∫  (2) 

 
where rin and rout are the average intensities inside and 
outside the boundary region of facial image I. Then, a face 
alignment approach [17] is considered by fixing the vertex 
mask generation to match the facial components such as 
nose, lips, and mouth to its geometrical, and position 
constraints. Each face region is controlled by vertices 
movement design for fitness function and hold eigenface 
regions [17] to control the facial movements MVΔ as 
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=
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where m is the specific facial components along t and t-1 
having (mx, my) values with respect to facial vertex matrix. 
The interested areas of vertex face masks are determined 

by dividing the overall eigenface values. Finally, the facial 
image is detected, aligned properly and further fed for 
feature generation phenomenon. 

 
2.2 1D Transform features 

 
Radon transform is widely used in image applications 

and compute the total pixel intensities along lines of 
different directions [18]. However, center points of the facial 
images are selected as the reference points. To process the 
radon transform over facial images, a map between the 
image coordinate system f (x, y) and the radon domain is 
created and defined as  

 

 ( ) ( ), ( , ) cos sinRD f x y x y dxdyρ θ δ ρ θ θ
∞ ∞

−∞ −∞

= − −∫ ∫  (4) 

 
where RD is the line integral of the 2D radon function 
along a line from positive infinite to negative infinite 
values and the position of the arbitrary image pixels is 
determined by ( ,ρ θ ). During R transform, the image data 
is represented in 1D profile which indicates the inner 
variations of facial expression. Hence, we used R transform 
of an image f(x, y) as: 

 

 ( ) ( )2 ,RT RD dθ ρ θ ρ
∞

−∞

= ∫  (5) 

 
where RT is defined as R transform and it is invariant to 
scaling and translation. Also, R transform possesses 
appearing properties which are important for shape 
representation during facial expression (see Fig. 2). 

 
2.3 Dimension reduction and Feature discrimination  

 
PCA is one of the famous predominant linear dimen-

sionality reduction method which has been widely applied 
on datasets in all scientific domains [19]. The goal of PCA 
is to compress the features by extracting the most dominant 
information from the dataset. Whereas, to find PC, 

Fig. 1. Overall flow architecture of proposed FER system

Fig. 2. Examples of 1D transform features using facial 
expressions dataset 
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eigenvector with largest eigenvalue shows the axis of 
maximum variance and the second eigenvector shows the 
axis of second largest variance [20, 21]. We used 100 PCs 
from the R transform profile and the overall vector size 
become 1 x 100. 

In order to discriminate features, we used Fisher's LDA 
method for encoding discriminatory information. LDA is 
processed by maximizing the ratio of determinant of the 
between scatter matrix Sb and the within-class scatter 
matrix Sw. The between class scatter matrix Sb and the 
within class scatter Sw can be defined as: 

 

 ( ) ( )1 2 1 2
1

c
T

b j
j

S I
=

= Ψ − Ψ Ψ − Ψ∑  (6) 
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1 j
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where Ij is the training samples in the jth class, c is the 
number of distinct classes. jΨ  is the mean vector of 
samples belonging to class j. These features are symbolized 
for codebook generation by considering k-mean algorithm.  

 
2.4 Hidden Markov Model (HMM)  

 
HMM is a set of statistical model having finite states 

used to characterize the transition probability and symbol 
observation probability of an image [22]. During HMM, 
we deal with different stages that includes a number of 
states, events, initial state distribution, state transition and 
discrete output matrix values [23]. To train each facial data 
using HMM, all parameters are set based on transition and 
observation symbols O probabilities for a slot (H1, H2,…, 
Hn) of trained models as  

 

( ) ( ) ( ) ( ) ( )1 1 1
1

,
r

t i i t ij j t t
j

i b O i a b O iα π β β+ +
=

= =∑  (8) 

 
where r is the total states used in HMM model, α and β  

are the forward and background variables calculated 
from transition and observation matrix. All sequential 
data are stored as buffer handling concept [23, 24]. We 
used different number of states (i.e., 3 to 6) for training the 
HMMs and recognition (see Table 1). While, HMM is 
trained having a size of codebook of 64 [25]. 

During testing, trained HMMs are used for facial 
expression recognition (see Fig 3) having 4 states process.  

 
 

3. Experimental Results and Analysis 
 

3.1 Experimental setting  
 
To evaluate the performance of our proposed facial 

expression recognition system, we analyzed our experiments 
on Cohn-Kanade and AT&T datasets [26] having 
consecutive frames of different video sequences. These 
datasets consist of six universal expressions. During 
experimental results of both datasets, we used a cross-
subject training/testing setup in which each subject taken 
out (i.e., leave-one-subject-out scheme) from the training 
set and repeat the experiment for each of them.  

 
3.2 Features of PC and IC over facial datasets 

 
Analyzing the characteristics and features performance 

of the proposed feature (i.e., 1D transform) with other 
conventional features (i.e., PC and IC features), the 
conventional features showed 2D shape representation 
while the proposed feature provides 1D transform. Fig. 4 
shows the samples of PC basis images of facial images 
using all six typical facial expressions. 

However, for the 3D plot representation of PCs features, 

Table 1. States of HMMs over facial datasets 

Different number of states for HMMs Datasets 
3-state 4-state 5-state 6-state

Cohn-Kanade 89.24 96.75 82.04 69.38 
AT&T 87.51 96.92 80.17 65.43 

 

 
Fig. 3. Transition and observation probabilities of anger 

facial expression after training HMM 

 
Fig. 4. Four PCs of all six facial expressions 
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Fig. 5. 3D plot of LDA on PC features having six facial 

expressions images 
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we introduced LDA for discrimination of each category as 
shown in Fig. 5.  

As LDA on PC features applied on facial images, most 
of the facial expressions such as anger, sadness, happiness 
and fear are quite merged with each other whereas the 
overall features do not become prominent for FER. 

Next, IC features are used to extract local characteristics 
of facial expression images. Fig. 6 shows the samples of IC 
basis images of facial images using all six typical facial 
expressions. 

While, Fig. 7 describes the 3D plot representation of the 
facial images using IC features. In this Figure, the overall 
classification of features need further improvements. Thus, 
we proposed 1D transform features. 

 
3.3 Features of 1D transform over facial datasets 

 
Whereas, the feature representation using radon 

transform technique provides the 2D projections along with 
facial expression variations are shown in Fig. 2. Finally, 
Fig. 8 shows the significant discrimination of all six 
different facial expressions using 3D plot view.  

 
3.4  Comparison of Recognition accuracy of all 

methods using Cohn-Kanade and AT&T datasets 
 
During this section, we compared the recognition results 

of conventional systems along with the proposed system 
using both Cohn-Kanade and AT&T datasets. As shown in 
Table 2, the recognition rate using LDA on PCA is 86.67% 
acting as the lowest recognition rate.  

Table 2. Recognition results of LDA on PC features 
Expression SE AR SN DT HS FR 

 SE 85.0 9.5 0 0 4.0 1.5 
 AR 13.0 79.0 5.5 0 1.5 1.0 
 SN 5.5 0 88.0 3.0 0 3.5 
 DT 2.0 0 4.5 91.0 0 2.5 
HS 1.5 0 2.5 0 92.5 3.5 
FR 2.5 5.5 1.5 0 6.0 84.5 

Mean Recognition Rate = 86.67% 
*SE=Surprise; AR=Anger; SN=Sadness; DT=Disgust; HS=Happiness; 

FR=Fear. 
 

Table 3. Recognition results of LDA on IC features 
Expression SE AR SN DT HS FR 

SE 90.0 5.5 0 0 0 4.5 
AR 6.0 92.0 0 0 2.0 0 
SN 2.0 0 90.5 7.5 0 0 
DT 0 0 4.5 95.5 0 0 
HS 1.5 4.0 0 0 93.0 1.5 
FR 0 0 4.5 2.0 5.0 88.5 

Mean Recognition Rate = 91.58% 
 

Table 4. Recognition results with proposed features using 
Cohn-Kanade facial expression dataset 

Expression SE AR SN DT HS FR 
 SE 94.5 2.5 0 0 3.0 0 
 AR 0 96.0 2.50 0 0 1.5 
 SN 0 0 98.5 0 0 1.5 
 DT 0 0 2.0 98.0 0 0 
HS 0 0 2.5 0 97.5 0 
FR 1.0 3.0 0 0 0 96.0 

Mean Recognition Rate = 96.75% 
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Fig. 8. 3D plot of LDA on 1D transform features 

 
Thus, we applied the LDA on ICA technique to extract 

the ICs from the datasets of Cohn-Kanade dataset as shown 
in Table 3.  

Considering the same setting in Table 4, we obtained 
best recognition rate using proposed system as 96.75%. 

Similarly, to consider the AT&T dataset as input image 
sequences, we achieved 88.42% and 92.08% recognition as 
shown in Table 5 and 6. 

Finally, Table 7 disclosed that the recognition rate of our 
proposed LDA based 1D transform features approach 
proved highest recognition rate of 96.92% upto all other 
conventional approaches using AT&T dataset. 

 
Fig. 6. Sample ICs of all six facial expressions using facial 

datasets 
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Fig. 7. 3D plot of LDA on IC features having all six facial 

expressions images 
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4. Conclusion 
 
In this paper, we have presented 1D transform features 

for facial expression recognition along with HMM to 
model, train and recognize the time sequential facial 
images. The main aim of these features is to influence the 
global facial properties and highlight the local expression 
changes information. To the best of our knowledge, there 
has been no previous work regarding the time sequential 
facial expression recognition utilizing LDA on 1D 
transform features along with HMM. Our experimental 
results showed the promising performance of the proposed 
features method achieving recognition rates of 96.75% and 
96.92% using Cohn-Kanade and AT&T facial expressions 
datasets. 
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