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ABSTRACT 
 
Correlation filters are an attractive image processing 
technique for object recognition.  They can provide the 
necessary recognition accuracy for many applications, but 
it would be desirable to reduce the complexity of the 
correlation filter algorithm (in terms of computation and 
storage space).  This is especially true for biometric 
identification tasks, where multiple correlation filters must 
be tested against a single image.  We propose an 
algorithm for match metric computation that trades a 
(usually minor) degradation in accuracy for an orders-of-
magnitude complexity reduction.  This algorithm analyzes 
1D cross-sections of the frequency domain in which the 
filter is applied.  We compare our proposed technique to 
the standard technique using a dataset of face images. 

 
1. INTRODUCTION 

 
The design of correlation filters for object recognition 
within images has been well studied [1].  These filters are 
used for a variety of tasks, including automatic target 
recognition [2], road sign detection [3], real-time tracking 
of moving objects [4], and terrain mapping [5], among 
other things.  Recently, correlation filters have been 
suggested for biometric recognition [6].  For example, the 
authors have applied correlation filters to the task of iris 
recognition [7].  One possible issue with the use of 
correlation filters is that at least two 2D fast Fourier 
transforms (FFTs) are needed to form one correlation 
output, and 2D FFTs are computationally expensive. In 
many cases, it is desirable for the recognition process to 
be computationally much faster and require less storage 
space, at an acceptable trade-off in accuracy.  This is the 
motivation for the reduced-complexity method we present 
in this paper. 

This paper is organized into the following sections:  
Section 2 gives a brief overview of how standard 
correlation filters work.  Section 3 suggests how 
recognition may be accomplished using only a part of the 
frequency domain; in particular, when the task is limited 
to single object recognition, as is the case in biometric 
recognition.  Section 4 presents the proposed algorithm.  

Section 5 presents test results that compare both methods, 
and  Section 6 gives conclusions. 

 
2. CORRELATION FILTERS 

 
A correlation filter is designed specifically for recognition 
of one object class; i.e., to produce a strong correlation 
peak when applied to any image containing a member of 
its object class.  The filter takes the form of a complex-
valued 2D array in the frequency domain, and is applied 
as shown in Figure 1: 
 

  
Figure 1.  Applying a correlation filter 
 
The input image is decomposed into its spatial frequencies 
by the computationally efficient fast Fourier transform 
(FFT) and multiplied by the correlation filter.  The result 
is referred to in this paper as the filtered frequency plane.  
Then this filtered frequency plane is transformed back to 
the spatial domain by the inverse fast Fourier transform 
(IFFT), to produce what is called the correlation plane. 

If the input image is authentic (i.e., it contains a 
member of the correlation filter’s object class), the 
correlation plane should contain a sharp correlation peak, 
as in Figure 1.  If the input image is an imposter (does not 
contain a member of the object class), there should be no 
such peak.  The presence of a peak, and therefore a match 
score, is computed by some metric such as the ratio of 
peak to correlation plane energy (PCE). 

There are different types of correlation filters, 
designed to meet different performance criteria [1].  For 
example, filters have been developed with built-in 
tolerance to additive noise, rotation, or scale.  This paper 
does not focus on such design issues, but on a reduced-
complexity algorithm that can be applied to all correlation 
filters. 

FFT IFFT 
Input 
Image 

Correlation    
Filter 

0-7803-8554-3/04/$20.00 ©2004 IEEE. 897



 
3. FREQUENCY DOMAIN CROSS-SECTIONS 

 
In the filtering process, let c(r,s) represent the M by N 
correlation plane produced as output, and let C(k,l) 
represent its frequency domain equivalent, the filtered 
frequency plane.  Their relation can be expressed as 
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The filtered frequency plane C(k,l) is clearly a weighted 
sum of complex exponentials, with the values of the 
correlation plane c(r,s) corresponding to the weights.   

In many biometric recognition applications, the input 
scene is known to contain a single biometric signature. 
For example, in face verification applications, the input 
may contain one face image. In such a case, the ideal 
correlation plane for a match forms a single peak, with 
small values in the rest of the plane.  We assume single-
peak applications in the development of this algorithm.  
Let (p1, p2) represent the location of the peak value in the 
correlation plane.  Define external energy Eext as the 
energy of the plane outside of the peak:  
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The better the match, and the sharper the correlation peak, 
the smaller the Eext is relative to the energy of the peak 
value.  As the correlation plane approaches its ideal delta 
function shape, with zero external energy, the sum in Eq. 
1) reduces to ( 
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In the limiting case, all weights of the sum (except for the 
weight corresponding to the peak) decrease until they 
drop out of the sum, leaving a single 2D complex 
exponential.   

In practice, the correlation peak is always surrounded 
by sidelobes, but they do not contribute as much to the 
weighted sum as the peak does.  Therefore, any input that 
matches the filter should have one dominant complex 
exponential in its filtered frequency plane, as in Figure 2; 
input that does not match the filter should have no 
dominant complex exponential. 

Every 2D complex exponential has the useful 
property that any 1D cross-section taken of it is also a 
complex exponential, with the same magnitude, i.e., 

 

   

IFFT 

Figure 2.  Example of filter output for match 
Left: filtered frequency plane (real part), containing a  
dominant complex exponential. Right: correlation plane, 
with distinct peak.  Both are indicative of a match. 
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where µ is a constant phase term.  So taking a cross-
section of the filtered frequency plane allows us to make 
the following substitution for the complex exponentials in 
Eqs. (1) and (4): 
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with µrs a constant phase term.  The frequency of the 
complex exponential changes from 2D vector vrs to scalar 
ύrs  which is a linear projection of vector vrs depending on 
the slope α of the cross-section.  Substituting Eq. (6) into 
Eq. (4) gives the following relation for a cross-section of 
he filtered frequency plane: t
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That is, when approaching the ideal filter output for a 
match, any cross-section of the filtered frequency plane 
approaches a single 1D complex exponential.  As a result, 
the relative dominance of the largest exponential 
component in a cross-section can be taken as a match 
metric.   

A simple way to measure the spectral components of 
a cross-section is to take its 1D FFT; then a ratio of peak 
energy to external energy quantifies the dominance of one 
component over all others.  In this way, any cross-section 
of the filtered frequency plane can be used to quickly 
compute a match metric. 

To clarify the effect of using frequency cross-
sections, consider the Fourier slice theorem.  We know 
that taking a cross-section in frequency is equivalent to 
projecting the spatial domain onto a line (the orientation 
of this line is determined by the orientation of the cross-
section).  When the correlation plane is projected onto a 
line, the correlation peak remains a peak, although in one 
dimension and with reduced sharpness.  Therefore, each 
cross-section will yield a different match metric, 
depending on the angle of the correlation plane projection. 
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4. PROPOSED ALGORITHM 
 
The algorithm relies on multiple cross-sections, so the 
number and orientation of the cross-sections must be 
decided beforehand, for consistency. 
 
Correlation filter design / storage: 
 
� Design a correlation filter from training images in 

the standard way, using any filter type. 
� Take cross-sections of the filter according to 

predetermined scheme, and store these in memory. 
 
Correlation filter application - to an image transform: 
 
� Take cross-sections of image transform. 
� For each cross-section: 

� Multiply image cross-section by the 
corresponding correlation filter cross-section.   

� Compute 1D FFT of the product, and take its 
magnitude. 

� Find the peak value, and divide the energy of 
the peak by the energy of all other values.  
This computes a match score. 

� Multiply the match scores of all individual cross-
sections to get the final match metric. 

 
As with the standard correlation filter algorithm, object 
recognition is accomplished by comparing the match 
score against some threshold, or against other match 
scores. 
 

5. TESTING AND RESULTS 
 
We tested both correlation filter algorithms on the task of 
face recognition.  The purpose of the experiments was not 
to find the optimal correlation filter for the task, but to 
evaluate the performance of the proposed algorithm 
relative to the standard algorithm. 

The dataset of face images was taken from the 
Advanced Multimedia Processing Lab at CMU [8].  It 
consists of 13 face classes, with 74 images (each image 
representing a different expression) in each class.  The 
face images are cropped and vary in expression, as shown 
in Figure 3. 

From each class, 8 images were secluded as training 
images, leaving 66 for testing.  The 8 training images 
were used to design a correlation filter that would 
recognize that particular face.  To create the filters, we 
used the Optimal Trade-off Synthetic Discriminant 
Function (OTSDF) filter design, given in [9].  This is a 
common correlation filter because it gives good 
discrimination over the training set as well as noise 
tolerance. Other correlation filters could have been used 

as well. In our implementation of the proposed algorithm, 
we took 4 cross-sections of the filters: one vertical, one 
horizontal, and two diagonal. 
 

  
Figure 3.  Sample images from one face in the dataset 
 
5.1.  Recognition results 
 
Each of the 13 filters has 66 authentic test images (from 
its own face class) and 12x66 = 792 imposter test images 
(from all other face classes).  Every filter was applied to 
all available test images to produce match scores.  Then a 
single threshold for recognition determines the overall 
False Accept Rate (FAR) and False Reject Rate (FRR).  
(Note that this is a more difficult recognition task than 
allowing the threshold to vary by class.)  Figure 4 shows 
the lower left corner of the ROC curve for both 
algorithms, which plots FAR vs. FRR as the threshold 
changes. 
 

 
Figure 4.  False Accept Rate (FAR) vs. False Reject 
Rate (FRR) for standard 2-D  correlation filter method 
and the proposed method using 1-D cross-sections 
 
As expected, the standard correlation filter algorithm 
shows better recognition performance.  The proposed 
algorithm results in a (somewhat marginal) sacrifice in 
accuracy, with the Equal Error Rate (EER) increasing 
from 0.70 % to 1.78 %.  However, this sacrifice allows for 
significant savings in computation and storage. 
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5.2. Timing and storage results 
 
We also tested the computation time required per filter; 
i.e., the computation that must be repeated for every filter 
applied to an image transform.  This does not include the 
original 2D FFT that computes the image transform, as 
this is a one-time computation which is not repeated for 
every filter. 

The tests were conducted on randomly generated  
images of different sizes, and Table 1 shows the results.  
The last row of the table gives a ratio of computation time 
for the standard algorithm to computation time for the 
proposed algorithm.  Note that there is a definite timing 
advantage when using the proposed algorithm, and that 
this advantage increases with image size. 
 

 
                    

 im. size 
100 x 
100 

 im. size 
200 x 
200 

 im. size 
400 x 
400 

 im. size 
800 x 
800 

Standard 
algorithm 

 
6.4 x 10-3  

 
   0.026  

 
   0.14  

 
   0.60  

Proposed 
algorithm 

 
7.2 x 10-4  

 
9.2 x 10-4  

 
1.3 x 10-3  

 
1.9 x 10-3 

Speed-up 
factor 

 
     8.9 

 
    28.3 

 
   107.7 

 
   315.8 

 
Table 1.  Computation Times (in seconds) 
 

Table 2 compares the storage requirements of both 
algorithms, assuming 8 bytes per stored value (using 
single precision complex numbers).  The last row shows 
the storage advantage of the proposed algorithm for 
different image sizes.  Note that the proposed algorithm 
has a storage advantage that increases to two orders of 
magnitude for larger images. 
                 

 
                    

 im. size 
100 x 
100 

 im. size 
200 x 
200 

 im. size 
400 x 
400 

 im. size 
800 x 
800 

Standard 
algorithm 

   
  8 x104

  
 3.2 x105

 

1.28 x106
  
5.12 x106  

Proposed 
algorithm 

 
   3200 

 
   6400 

 
1.28 x104

  
2.56 x104

Compress- 
ion factor 

 
     25 

 
     50 

 
    100 

 
    200 

 
Table 2.  Storage Requirements ( in Bytes) 

6. CONCLUSIONS 
 
We have proposed a variation of the correlation filter 
algorithm which processes only a fraction of the 
frequency domain, in the form of 1-D cross-sections.  
This algorithm works for single-peak recognition and is 
close in accuracy to the standard algorithm, but offers 
substantial gains in computation and storage.  Depending 
on the image size and the number of filters, the proposed 
algorithm can run hundreds of times faster with much less 
storage space.  At a minimum, the proposed algorithm 
may be used to produce preliminary match metrics which 
serve to confirm or reject images which are not 
borderline.  

This research is supported in part by the US Army 
Research Office (ARO). 
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