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Abstract 

  
Analysis and recognition of facial expression is an important aspect to implement the intelligent man -machine interface. 
It is also a significant component of artificial intelligence and research of emotion computing. It plays a significant role 
for illiterate and visually challenged users to access information. Mode of human-computer interaction speech, text, 

gestures, facial expressions, symbols, or a combination of these. This paper presents a detailed comparative analysis of 
expression recognition across multiple databases. The system uses Gabor and Log-Gabor filter for feature extraction. 
Then facial emotion is recognized using both K-Nearest Neighbour KNN and Artificial Neural Network ANN technique. 
Various test cases are explored in detail using which we conclude that log-Gabor filter and ANN gives best results with 
96.4% accuracy, even across multiple databases. 
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1. Introduction 

 
1
Analysis and recognition of facial expression is an 

important aspect to implement the intelligent man-
machine interface. It is showed that the facial expressions 
play an important role in social interactions with other 
human beings. Facial expressions can contain a great deal 
of information and the desire to automatically extract this 
information has been continuously increasing. It is a 

visible and mutative manifestation of human cognitive 
activity and psychopathology. With the rapid development 
of computer vision and artificial intelligence, facial 
expression recognition becomes the key technology of 
advanced human computer interaction. It plays a 
significant role for illiterate and visually challenged users 

to access information. Mode of human-computer 
interaction speech, text, gestures, facial expressions, 
symbols, or a combination of these. Thus, more and more 
people have been paying attention to expression 
recognition. The research objective of facial expression 
recognition is how to automatically, reliably, efficaciously 

use its conveying information. It is a typical issue in model 
identification that the automatic recognition system’s 
property is decided by the represented facial expression 
feature. Detection of facial feature key-points is often the 
necessary step of facial expression recognition. The 
precise localization of the facial feature key-point 

detection highly affects the recognition system and 
performance efficiency. This is widely used in artificial 
intelligence and emotion computing. Five expressions 
Normal, Sad, Happy, Irritation and Surprise are taken. 

                                                             
* Corresponding author: Neeta Nain 

Section II enlists the related work, Section III describes 
the dataset taken and the preprocessing of the database. 
Section IV details the proposed algorithms for feature 

extraction, feature reduction and classification techniques. 
Section V presents the detailed analysis of the proposed 
methods. In Section VI we conclude the summary of the 
experiments And Section VII presents the 
acknowledgement. 
 

2. Related work 

 

In recent years, the research of developing automatic facial 
expression recognition systems has attracted a lot of 
attention from many different fields. The main approach of 
facial expression recognition can be divided in to two 

classes which are appearance based (Y.L.Tian et al, 2002) 
and geometrical feature based approach. It relies on the 
geometric facial features, which represents the location 
and facial components such as eyes, nose, eyebrows and 
mouth. In the appearance based approach, the whole face 
or the specific region in a face are used for features 

extraction using some filters. The previous works 
(M.Pantic et al, 2000) (Seyed Mehdi  et al, 2010) on facial 
expression recognition are based on the existence of six 
universal expressions which are anger, disgust, fear, joy, 
sorrow and surprise which are widely accepted. And most 
recent overview can be found in (Lindsay  et al, 2002). 

Work done by Friesen and Ekman S. Balakrishnama et al 
(X.B. Bai,  et al, 2009) is used as the base work for any 
facial expression recognition system. Their study is based 
on psychological factors for describing the Facial Action 
Coding System (FACS). In this system an expressions is 
defined as a combination of 46 facial movements called 
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Action Units. Combination of these action units result in a 
large set of possible facial expressions 
(pics.psych.stir.ac.uk). Our system also uses psychological 
variables (X.B. Bai, et al, 2009) similar to FACS, but we 

choose only 28 points of the face as key feature points for 
expression recognition. Recently Log- Gabor filter is used 
extensively for feature point extraction. Our system 
presents comparative results of both Gabor and Log-Gabor 
filter for feature extraction. Finally K-NN and ANN 
(Padraig et al, 2007) techniques are used for classification, 

and hence recognizing facial expressions. 
  
3. Database acquisition and pre-processing 

 

Using a comprehensive and labeled database of 
expressions has been stated as one of the main challenge 

for facial expression recognition. Lack of appropriate 
database can affect the accuracy of the system. Hence we 
have to choose a database having good image quality and 
resolution. Also, the system should not have: Too few 
expression sample for each class and is not tested with 
very few sample images.Taking care of the above listed 

properties in database selection results in better 
experimental accuracy. 
 
A. Database Acquisition: 
 
Images are taken from three databases: Cohn-Kanade 

(http://www.pitt.edu), Iranian (pics.psych.stir) and Stirling 
(pics.psych.stir)with different facial expressions 
(pics.psych.stir.ac.uk). For our experiments the 
configuration is: images of 500 sequences from 100 
subjects are taken from Cohn- Kanade. The average age of 
the person is from 18 – 30 years. 80% subjects are female. 

From Iranian database we have taken 100 among 369 
images, subjects all females. And, from Stirling 75 among 
312 images, subjects 17 males and 18 females. Firstly, the 
algorithms are tested for 4 facial expressions: Normal, 
happy, sad and Surprise. Later on testing results are 
extended for one more expression which is Irritated. For 

understanding the significance of those 28 facial key 
points, We crop the image for excluding the one chin key 
point. Initially we have taken 128x137 image size, after 
cropping the size of image is reduced to 128x128. 
 
B. Database Preprocessing: 

 
We have considered 28 points of face as the key points 
which are: 
•4 points in the forehead 
•6 points in the eyebrows 
•6 points in the eyes 

•3 points in the nose 
•8 points in the mouth 
•And 1 point in the chin 
Hence we crop the images in two sizes: a) when all the 
facial key points are present; b) when one chin point is 
missing. Figure 1 shows an instance of preprocessed 

database with key points. 

 
 
Fig. 1 Main Facial Key Points 
 
4. Proposed Method 

 

In any image processing system, feature extraction is the 
basic and the most important step. For, it is the extracted 
features, which defines the system accuracy. Only if the 
extracted features are good then the system will be correct, 
hence we use Gabor filter and Log-Gabor filter for the 

feature extraction. Principle component analysis and linear 
discriminant function is used to reduce the feature vectors, 
and classification is done using K-NN and ANN. Figure 2 
shows the flow of the proposed system. 
 

 
 
Fig.2 Flow Chart 
A. Feature Extraction: 
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The feature extraction phase represents a key component 
of any pattern recognition system. It converts raw pixel 
data into a higher-level representation of shape, motion, 
color, and texture. Two techniques are used for feature 

extraction which  are Gabor Filter and Log-Gabor Filter. 
When we want to process a large input data which has 
large data and less information then we need feature 
extraction technique. This transforms the input data into a 
reduced representation set of features. The input image I is 
convolved with the filter G (Gabor or Log-Gabor). 

 
GIFV *  

 
Where, FV is the resultant image called Feature Vector. 
We could get relevant information from these extracted 
FVs. 

 
1) Gabor Filter: 
 
 The frequency and orientation representations of Gabor 
filter are similar to those of the human visual system, and 
they have been found to be particularly appropriate for 

texture representation and discrimination. In the spatial 
domain, a 2D Gabor filter is a Gaussian kernel function 
modulated by a sinusoidal plane wave. It can be applied to 
images to extract features aligned at particular angles 
(orientations) (Javier R et al). Features who shares 
different orientation or frequency are selected and used to 

differentiate between different facial expressions depicted 
in images. A Gabor filter can be expressed as: 
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Where x

-
 and y

-
   are the spatial frequency extent, Φ is the 

phase shift and θ is orientation. We have taken 6 
orientation of θ at    ,    ,    , 6  , 9  ,     ,  ecause at    
Gabor filter finds all the horizontal edges and we will get 

the features of lip and eye, at     we get features of 
eye row, at 6   and      we get the features of forehead, 
and at 9   we could get all vertical features like nose and 
chin. Hence, for an input image I of size 128x137, 
convolved with Gabor filter, with 6 orientations, we get a 
FV of size   8x  7x6. Different orientations of θ are 

shown in the Figure 3. The FV is very large in size hence 
we down sample the image by half, reducing the FV to 
size 64*69*6. 
 
2 )Log-Gabor Filter: 
 

This is an alternate method to perform both the DC 
compensation and to overcome the bandwidth limitation of 
a traditional Gabor filter. The Log- Gabor filter has a 
response that is Gaussian when viewed on a logarithmic 
frequency scale instead of a linear one. This allows more 

information to be captured in the high frequency areas and 
also has desirable high pass characteristics. This is 
described by: 
 

 
 
Fig. 3.An instance of an input image convolved with 
Gabor filter 
 

 
 
Fig. 4 Output instance of a Log-Gabor filter convolution 
on an input image 
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Where, k is the central frequency and f is the scaling 
factor. After extracting the feature by convolving input 
image I with log-Gabor filter as: FV = I *G, we further 
apply Fast Fourier Transform (FFT). This highlights the 

significant features, thus FV = FV * FFT. Some residual 
noise around cheek area and forehead as shown in Figure 
4 (b) is observed which can be removed by low pass 
filtering. We have selected only 4 significant FV as it 
significantly reduces FV without loss of accuracy. The 
threshold 4 is selected heuristically, using ground truth test 

results (75% of the population). This reduces the FV to a 
size of 128x137x4 for a single image. This is further down 
sampled by half, hence FV size is: 64x69x4. Down 
sampling improves efficiency by 4 without any significant 
loss in accuracy (experimental results have shown that the 
accuracy varies only by 0.5% to 1%. 

 
B. Feature Reduction: 
 
The FV size is still very large. There are a lot of feature 
reduction methods like Principal Component Analysis 
(PCA) (Lindsay et al, 2002) and Linear Discriminate 

analysis (LDA) [17]. 



Riti Kushwaha et al                                                                      International Journal of Current Engineering and Technology, Vol.2, No.2 (June 2012) 
   

273 
 

 
1) Principal Component Analysis: 
 
PCA is a useful statistical technique that is used in various 

applications such as face recognition, facial expression 
recognition and image compression, and is a common 
technique for finding patterns in data of high dimension. It 
is based on standard deviation, covariance, Eigenvectors 
and Eigen values. The PCA is an orthogonal linear 
transformation that transforms the data to a new 

coordinate system, such that the variance by any 
projection of the data is the largest for the first coordinate 
(called the first principal component), and then decreases 
along coordinates reaching the smallest value for the last 
coordinate. Assuming that the high variance of the data 
describes interesting dynamics and that low variances are 

linked to noise, the reduction of data dimensionality can 
be achieved by keeping high-order principal components 
and ignoring lower-order ones (Lindsay et al, 2002). Using 
PCA our FV size is reduced to 6x6 in case of Gabor filter, 
and 4x4 in case of Log-Gabor filter. 
 

C. Feature Classification: 
 
Various classification techniques are explained with their 
pros and cons in  (Padraig et al, 2007). We choose KNN 
and ANN to classify our system. A brief description of 
both is given in subsection IV-C1. 

 
1) K-nearest neighbor: 
 
This is a classical classification algorithm where the input 
FV is classified based on the class represented by the 
majority of the K nearest FVs obtained during the training 

process (Padraig et al, 2007). Given an input FV, the 
algorithm finds the K closest FVs representing different 
emotions. The Euclidean distance measure given by: 
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is used for distance calculation (X and Y are two classes). 
The emotion represented by the majority of the K nearest 
FV vectors is assigned to the input vector. This is the 

simplest measure for classification as it measures radial 
distance proximity to a class, which is a good measure to 
closeness or similarity. It is though not considered very 
efficient due to square root and square computation so 
instead any other metric like Manhattan distance measure 
could also be used as a distance measure. 
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1 ) Neural Network: 
 
An ANN (B.Fasel et al, 2002) simulates human brain. It is 

the composition of neurons that co-operate to perform the 
desired task. It is extensively used in many applications 
such as classification, noise reduction, and prediction. 
Having the ability to learn by which it can easily figure out 
how to perform their function by their own, and 

determines the function by simple input with ability to 
generalize, this is the best method for classification (given 
a good set of FVs). In this technique the output of a neuron 
is a function of the weighted sum of the input and bias. 

 

)....( 22 biaswiwifOutput ii   
 
Where i1, i2… are the inputs to the system, and w1, w2… 
are the weights associated with the inputs. We have 
trained the system using 300 input images, and 5 outputs 
corresponding to the five expressions. 
 

5. Result Analysis 

 

Classification is done using both k-NN and ANN. The 
configurations are: for K-NN the proposed algorithm is 
applied on 500 images sequences, where one set consist of 
240 images for training (60 images in each class) and 260 

for testing, for ANN 300 images are used to train the 
network. The various test set cases are enumerated as: 
 

 Gabor filter/PCA/K-NN/4Class 

 Gabor filter(no chin point)/PCA/K-NN/4Class 

 Log-Gabor filter/PCA/K-NN/4Class 

 Log-Gabor(no chin point)/PCA/K-NN/4Class 

 Gabor filter/PCA/ANN/4Class 

 Log-Gabor filter/PCA/ANN/4Class 

 Gabor filter/PCA/ANN/5Class 

 Log-Gabor filter/PCA/ANN/5Class. 
 

These sets are tested in the combination of different type 
of databases as shown in Table I. The performances metric 
are consistency and accuracy. The Consistency (CNN) is 

defined as: 
 

N
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Where nm  the number of correct matches and N is the total 

number of test.  
Note that if ex0 is the observed expression and exd is the 
detected expression, then 
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The Accuracy (ACU) is defined as: 
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Where, ng are the number of ground truths marked by 
humans, nm is the number of correct matches compared to 
ground truth, and no is the number of observed (correctly 
classified) expressions. This is a more realistic measure of 
accuracy compared to simple ratio of correct matches Vs 

total observed. 
 
Table 1 Tested combination of databases 
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COHN-

KANADE 
STIRLING IRANIAN 

Gabor/PCA/K-

NN/4 Class 
√ √ √ 

Log-Gabor/PCA/K-
NN/4 Class 

√ √ √ 

Gabor(No chin 
point)/PCA/K-NN/4 

Class 
√ √ √ 

Log-Gabor(No chin 
point)/PCA/K-NN/4 

Class 

√ √ √ 

Gabor/PCA/ANN/4 
Class 

√ √ × 

Log-
Gabor/PCA/ANN/4 

Class 
√ √ × 

Gabor/PCA/ANN/5 
Class 

√ √ × 

Log-
Gabor/PCA/ANN/5 

Class 

√ √ × 

 
Table 2 Gabor Filter /PCA /K-N-N /4Class 
 

Expression No Nm No - nm ACU CCN 

Happy 80 45 35 56.66% 95.9
% 

Sad 75 43 32 57.3% 96% 

Normal 60 40 20 66.6% 96.8
% 

Surprise 45 26 19 57.5% 96% 

 
Table 2 lists the ACU and CCN when Gabor filter is used 
for feature extraction, PCA for feature reduction, and 
KNN for classification. We have tested 4 expressions in 
this configuration attaining an average ACU of 59.5% 

 
Table 3 Gabor filter (no chin point)/PCA/K-NN/4CLASS 
 

Expression No Nm No - nm ACU CCN 

Happy 80 45 35 56.66% 95.9% 

Sad 75 43 32 57.3% 96% 

Normal 60 40 20 66.6% 96.8% 

Surprise 45 23 22 51.1% 95.4% 

Table 3 lists the results for the configuration: The input 
classification. The average ACU decreases to 58% 
because chin point is not available in the input 
 

Table 4 Log-Gabor Filter/PCA/K-NN/4Class 
 

Expression No Nm No - nm ACU CCN 

Happy 80 65 15 81.3% 98.2% 

Sad 75 62 13 82.6% 98.4% 

Normal 60 48 12 80% 98% 

Surprise 45 35 10 77.7% 97.9% 

 
Table 4 lists the ACU and CCN with the configuration: 
Log-Gabor filter for feature extraction, PCA for feature 

reduction, KNN for classification. As log-Gabor filter is 
used for feature extraction which extracts good features by 
attenuating DC component (average intensity). Compared 
to Gabor filter, it hence increases the average ACU to 
80.4%. 
 

Table 5 Log-Gabor Filter (no chin point)/PCA/K-
NN/4Class 
 

Expression No Nm No - nm ACU CCN 

Happy 80 65 15 81.3% 98.2% 

Sad 75 58 17 77.3% 97.9% 

Normal 60 48 12 80% 98.1% 

Surprise 45 31 14 68.8% 97% 

 
Table V lists the ACU and CCN with the configuration: 

chin-key point excluded in input, Log-Gabor filter for 
feature extraction, PCA for feature reduction, KNN for 
classification. As chin key point is excluded thus the 
accuracy reduced to 76.8%. 
    Accuracy of any classification could also be analyzed 
with the help of confusion matrices, which gives the 

measure of correctness. Let CM be the Confusion matrix 
for expression; CM (i, j) denotes percentage of correctness 
where i, and j are the expressions. The CMs for Gabor 
filter and Log-Gabor filter for 4 expressions are shown in 
Figure 5 and 6, respectively. Similarly, the CMs for Gabor 
filter and Log-Gabor filter for 5 expressions is shown in 

Figure 7 and 8, respectively. 
 
Table 6 Gabor Filter/PCA/ANN/4Class 
 

  Training Validation Testing Average 

Images 168 36 36   

Accuracy 96.40% 88.90% 94.40% 95% 



Riti Kushwaha et al                                                                      International Journal of Current Engineering and Technology, Vol.2, No.2 (June 2012) 
   

275 
 

 

Fig. 5 Confusion matrix of Gabor filter with ANN for 4 class 

 

 
 

Fig. 6 Confusion matrix of log Gabor filter with ANN for 4 class 
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Fig. 7 Confusion matrix of Gabor filter with ANN for 5 classes 

 

 
 

Fig. 8 Confusion matrix of Log-Gabor filter with ANN for 5 classes 
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Table 6 shows the result for: Gabor filter for feature 
extraction, PCA for feature reduction, ANN for 
classification, 4 expressions. The ACU achieved is 95%. 
 

Table 7 Log-Gabor Filter/PCA/NEURAL 
NETWORK/4Class 
 

 Training Validation Testing Average 

Images 168 36 36  

Accuracy 97% 97.2% 94.4% 96.7% 

 
Table 8 depicts ACU for: Log-Gabor filter for feature 
extraction, PCA for feature reduction, ANN for 
classification, 4 expressions, and gives the accuracy of 

96.7%. 
 
Table 8 Gabor Filter /PCA/NEURAL NETWORK/5Class 
 
 Training Validation Testing Average 

Images 210 45 45  

Accuracy 91.1% 88.9% 86.7% 90% 

 
Table 8 shows the result for: Gabor filter for feature 
extraction, PCA for feature reduction, ANN for 
classification, 5 expressions are tested. This gives the 

ACU of 90%. The average ACU decreases because inter-
class confusion is increased as we are increasing the 
number of classes. 
 
Table 9 shows the result for: Log-Gabor filter for feature 
extraction, PCA for feature reduction, ANN for 

classification, 5 expressions. The ACU increases to 94% 
(log-Gabor for feature extraction). 
 
Table 9 Log- Gabor Filter /PCA/NEURAL 
NETWORK/5Class 
 

  Training Validation Testing Average 

Images 210 45 45   

Accuracy 93.30% 97.80% 93.30% 94% 

 
Figure 5 shows the CM when Gabor filter is used for 
feature extraction and ANN for classification, for 4 

expressions. If n is the number of expressions used for 
testing, then the nth row/column (cell in blue color) 
denotes the average ACU. The values in green color 
denotes the correct classification measure and values in 
red color gives the classification error. 
 

Figure 6 shows the confusion matrix when Log-Gabor 
filter is used for feature extraction and ANN for 
classification for 4 expressions. 

Figure 7 shows the confusion matrix when Gabor filter 
and ANN is applied for 5 expressions. 
 
Figure 8 shows the confusion matrix when Log-Gabor 

filter and ANN is applied for 5 expressions 
 
Conclusion 

 
According to the experimental results, the proposed 
algorithm gives satisfactory results for all types of images, 

and works in different well-constrained conditions of a 
database and across databases consistently. 
 
When the classification technique is K-NN then it gives an 
average accuracy of 58% for Gabor filter (when chin key 
point is excluded), an average accuracy of 59.5% for 

Gabor filter (all the key points of face are available); 
accuracy of 76.8% in case of Log-Gabor filter (no chin 
point) and average accuracy of 80.5% in case of Log-
Gabor filter (all the key points are available). 
 
In case of Gabor filter with ANN the average accuracy 

increases to 95.4%, which is further improved to 96.7%, if 
Log-Gabor filter is used for feature extraction with ANN. 
 
For all the cases if the number of classes increases then 
there would be a decrease in ACU because of increase in 
inter-class confusion. 
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