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Abstract 

Human face identification is a main computational step 
for many information-processing applications including 
security checkpoints, surveillance systems, video confer-
encing, and picture telephony. A new approach is 
presented for recognizing human faces and discriminating 
expressions associated with them in color images. It is a 
statistical technique based on the process of drawing 
facial silhouettes and characterizing them by auto-
regressive moving average (ARMA), which, is, in turn, 
infinite impulse response (IIR) filtering. First, a facial 
image is transformed from its (R, G, B) space to its 
principal component representation. A line-drawing 
profile of the face image is created from its principal 
component using the zero-crossings of a Laplacian of 
Gaussian (LoG) filter. The face line-silhouette is then 
partitioned into 5 × 5 non-overlapping blocks, each of 
which is filtered by a non-causal IIR filter. The IIR 
coefficients are approximated by the ARMA parameter 
vector a. By computing the ensample average of a over 
the whole image area, we obtain the ARMA feature 
vector of the facial pattern. Face discrimination is 
achieved by the non-metric similarity measure S = |cos 
∠(a.b)| for two face patterns whose feature vectors (a and 
b) consist of the aforementioned ARMA coefficients. 
Experimental results obtained from a small database 
indicate that the ARMA modeling is capable of discrimin-
ating facial color images, and has the ability of 
distinguishing facial expressions. 

Background Information 

To locate and understand different faces and facial 
expressions comes naturally to human beings. Using the 
computer to achieve this objective is not an easy task. A 
complete face-identification system includes two compu-
tational modules:6,7 Detecting the location and size of a 
face is the first unit, involving image processing opera-
tions. It is proven to be complex because of the unknown 
location, position, and arbitration of faces in a given 
random image. The second stage is to obtain the facial 
features for recognition of faces and classification of 
emotional expressions.8 Analytic (structural) and holistic 
(statistical) are two approaches taken for facial feature 
extraction.9 Structural features are local properties 
governed by such distribution models as a point 
distribution model (PDM),1,2 a gray-level model (GLM),3 

or a combination of both.4 These are not affected very 
much by variation due to irrelevant data (e.g., hair), and 
foreground and background characteristics. Statistical 
features are, on the other hand, more global descriptors. 
Consequently, they are expected to be less immune to the 
aforementioned variations. In the literature, hybrid 
methods are also proposed and used to compensate for the 
effect of perspective variations.9 

This paper introduces a new approach to the problem 
of human face recognition and classification using color 
images. The method described here relies on the statistical 
pattern classification power of the non-causal IIR filters.10 
The filter coefficients are computed in three steps. First, 
the discrete Karhunen-Loeve (KL) transform5 is applied to 
the R, G, and B dimensions to represent the image by its 
principal component (i.e., projection onto the normalized 
eigenvector corresponding to the largest eigenvalue). The 
principal component represented image is converted to a 
line-drawing form using a LoG filter.10-12 The line-drawing 
image is then partitioned into 5 × 5 non-overlapping 
blocks, each of which is modeled by the ARMA 
parameters’ vector a. Although the dimension of a is 25, 
for a symmetric IIR filter, the unknown number of 
coefficients is 12 since a(0,0)=1 and a(k,l) = a(-k,-l), 
respectively. By taking the ensample average of a over 
the whole image, we obtain the corresponding IIR filter 
representation of a facial pattern. 

For face discrimination and classification, we use  a 
non-metric similarity measure S=|cos∠(a.b)|13 for images 
whose IIR coefficient vectors (a and b) are the ensample 
average of their corresponding ARMA parameters. Notice 
that the adapted similarity measure (S) is the absolute 
value of the cosine of the angle between the vectors a and 
b. Its value varies within the range of 0 to 1 (i.e., 0 < S < 
1). Clearly, for two identical images, the measurement 
value of S appears to be 1; while for two completely 
different pictures it becomes 0. Obviously, these limits are 
for two extreme cases as obtained in accordance with the 
definition for S, which can hardly be achieved in practice 
due to noise and other image imperfections. 

Effectiveness of the IIR filtering and ARMA 
modeling is analyzed by using a small database of facial 
images. The database contains three different sets of 
images for three different persons. Each set consists of 
pictures of three different facial expressions (i.e., normal 
face, happy face, and sad face) of each individual. Our 
computer results have shown that the method can 
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recognize the faces of different people. It appears to 
distinguish different facial expression of the same person. 

In the remaining part of this paper, we first discuss a 
line-drawing operation for facial images based on the 
LoG edge detection. We then describe the IIR filtering 
and the ARMA modeling. This is followed by a computer 
implementation and experimental result section. The 
paper ends by the conclusions and further research topics. 

Line-Drawing of Face Profiles 

Line-drawing representation of human faces is obtained 
by applying a Laplacian of Gaussian filter to the principal 
component represented facial image. The kernel of LoG is 
given by15 
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or, equivalently, 
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where σ is the standard deviation of the Gaussian kernel 
in a selected window of size r × c. The LoG produces a 
continuous (unbroken) edge profile of a facial pattern if 
we consider the LoG’s zero-crossing points. We select 
this operation before performing IIR filtering because it is 
expected to emphasize edges in the faces than other 
details. This is accomplished by ignoring the blocks that 
do not include any edge points. If a block has all zero 
values after performing the LoG filter, it makes no 
contribution to the average value of the feature vector 
(i.e., a). As a result, it will not influence the similarity 
measure (S), respectively. Moreover, we assign a higher 
weight to the blocks, which are closer to the center of the 
image. This helps reducing the background effects in the 
classification operation. We expect better results if the 
important facial parts such as eyes and mouth are detected 
and higher weights are assigned to them. In the described 
implementation, we select a LoG window of size 13 × 13 
and a σ of value equal to 2.12 The line drawing-profiles of 
the facial image used in this implementation are shown in 
Figure 2. 

IIR Filtering and ARMA Modeling 

Consider a two-dimensional (random) sequence defined 
as  

∑∑ −−=
k l

lnkmIlkanmI ),(),(),(ˆ ,     Wlk ∈),(       (3) 
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Here, the random field I(m,n) represents the center value of 
the image window W, I(m,n) denotes the corresponding 
predicted values of the same pixel, η(m,n) is the prediction 
error (or input to an IIR filter), and a(k,l) is the auto-
regressive parameters or IIR filter coefficients. There are 
four types of the auto-regressive predictor (filter) models, 
which are strictly causal, causal, semi-causal, and non-

causal. The difference between these four types is that each 
uses a different region (W) for prediction. In our case, we 
employ the non-causal model, which predicts an unknown 
pixel value using the whole neighboring pixels as shown in 
Figure 1. This means that the predicted pixel is in the center 
of the window being used in the model, which is of size 5 × 
5 in our implementation. 
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Figure 1. A 5 × 5 non-causal prediction window (W) for the 
center pixel (O). 

 
For the non-causal case, Equation (3) becomes  
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with the corresponding window W (see Figure 1) being  
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Using the minimum mean square error criterion in our 
predication case,14 we get 

Ra = -[ 0 σn

2 0 ]T        (6) 

Here R is the corresponding (2p+1)x(2q+1) image 
autocorrelation matrix, 0 is the zero vector of appropriate 
dimension, σn

2 is the image variance vector in the 
specified window, and a is the unknown filter 
coefficients’ (or feature) vector. For a symmetric window 
of size p=q, a is in the form of 

[ ]),(),...,0,0(),...,,( ppaappaaT −−=     (7) 

The dimension of a is given by 2(p + 1)2. For the 
prediction window of Figure 1, we have p = q = 2. As a 
result, the size of a will become 25. However, we use 
only the first 12 elements due to fact that a is symmetric 
with the restriction that a(0,0)=1. 

Similarity Measure 

A simple means of measuring the discrimination 
capability of the IIR filtering and the ARMA modeling is 
carried out by a non-metric similarity measure of13 

S = |cos ∠(a.b)|         (8) 

between two facial patterns whose representations are 
denoted by the aforementioned vectors a and b of the 
form 

[ ]),(),...,0,0(),...,,( ppaappaaT −−=  
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The adapted similarity measure (S) is the absolute 
value of the cosine of the angle between a and b, which is 
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easy to calculate. It varies within the range of 0 to 1 (i.e., 
0<S<1). As mentioned earlier, if we have for two 
identical images, then the value of S reaches its maximum 
limit of 1 since a=b for a perfect match. For two 
completely different pictures S becomes 0 since a⊥b for a 
total mismatch. These limits are, of course, for two 
extreme cases, and can hardly be achieved due to sensory 
noise, image acquisition imperfections, and facial 
variations. 

One of the shortcomings of this similarity measure is 
that it is a non-metric function. It has a maximum when 
two feature vectors are oriented in the same direction with 
respect to the origin. This means that it is useful when 
cluster regions tend to develop along the principal axes. 
Its effectiveness is governed if there is sufficient 
separation of cluster regions with respect to each other as 
well as with respect to the coordinate system origin.13 This 
has to be verified in the 12-dimensional feature space. 
This remains to be a research effort on our part. 

Computer Implementation 

The face recognition and classification technique 
presented here is implemented in a PC using the known 
tools of Matlab-6. A relatively small database of facial 
images is created to test the effectiveness of the method. 
In this database, there are nine images of three different 
persons. The imaging database is shown in Figure 2. For 
each individual, there are three face images, each of 
which is for a different facial gesture and mimics of a 
person. The original images and their line-drawing 
versions are indexed by numbers, with number 1 (i.e., a1, 
b1, and c1) corresponding to the normal faces, number 2 
(i.e., a2, b2, and c2) representing the happy expressions, 
and number 3 (i.e., a3, b3, and c3) denoting the sad faces. 

Line-drawing version of each facial image in Figure 2 
is represented by its IIR coefficients’ vector. For any two 
images with their vectors in the form 

[ ])2,2(),...,2,1(),2,2( aaaaT −−−−=  

[ ])2,2(),...,2,1(),2,2( bbbbT −−−−=  

the S measure of Equation (8) is carried out in 12-
dimensional feature space for all images in Figure 2 and 
the measurement results are listed in Table 1. 

From Table 1, we can conclude that the method can 
distinguish different facial pattern classes, containing 
distinct facial poses of different individuals. The method 
was able to distinguish the first three images (a1, a2, a3) 
among themselves. The S values among the images (a1, 
a2, a3) are equal to or higher than 0.93. The closest S 
value between the set (a1, a2, a3) and the other two sets 
(b1, b2, b3) and (c1, c2, c3) is 0.79. We can reach a 
similar conclusion for the image set (c1, c2, c3), that is, 
the S values within the set are higher than the S values 
with any other images from the set (a1, a2, a3) and (b1, 
b2, b3), respectively. However, for the set (b1, b2, b3) 
images there appears some discrepancy. We notice that 
the S value between the images b2 and c1 is equal to 0.88 
whereas the S value between the images b2 and b3 is only 
0.86. This means that the image c1 appears to be more 

similar to b2 than b3 does. Clearly, this is not a desirable 
result. Further improvement to the method is needed in 
order increase the classification accuracy by means of  
adopting better feature vectors representing each image.  

 

TABLE 1. The similarity (S) values among the facial 
images of three individuals in Figure 2. 
 
Image a1 a2 a3 b1 b2 b3 c1 c2 c3 
a1 1.0 .95 .93 .45 .50 .35 .62 .68 .72 
a2 .95 1.0 .98 .49 .55 .40 .67 .72 .77 
a3 .93 .98 1.0 .51 .57 .42 .69 .74 .79 
b1 .45 .49 .51 1.0 .95 .91 .83 .77 .75 
b2 .50 .55 .57 .95 1.0 .86 .88 .82 .78 
b3 .35 .40 .42 .91 .86 1.0 .74 .68 .63 
c1 .62 .67 .69 .83 .88 .74 1.0 .94 .90 
c2 .68 .72 .74 .77 .82 .68 .94 1.0 .95 
c3 .72 .77 .79 .73 .78 .63 .90 .95 1.0 
 

Discussion and Conclusions 

In this paper, we have described a face recognition 
method, which has been developed based on IIR filtering 
and ARMA modeling using the line-drawings of facial 
images. The presented algorithm is probabilistic, which 
makes use of both local and global facial features. In 
computer simulation, three people have been identified 
correctly. There appears to be a problem associated with 
the facial expression recognition. Further study is needed 
to improve the within class accuracy as well as the 
between class effectiveness of the method. In order to 
achieve this, we should improve the feature vectors 
representing a face image and a facial pose. IIR 
coefficients- averaging needs to be performed in a more 
systematic way than the simple ensample averaging 
method adopted herein. 

The selected similarity measure needs further 
improvement in order to avoid shortcomings of a non-
metric function. We have used a small size database of 
facial images. A larger database is required for a through 
assessment of the selected ARMA based feature 
generation. These will be some of our future research 
effort. 
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Figure 2. Three sets (a1, a2, a3), (b1, b2, b3), and (c1, c2, c3) of face images and their line-drawing representations. 
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