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Today’s lecture:

More on power and energy

Histogram filters

Face detection

Diffusion processing

SIFT Keypoints

Stereopsis

(see end of Lecture 5 PDF for these slides)
2Thursday, September 13, 12



UC Regents Fall 2012 © UCBCS 250  L7: Project (Part II)

Histogram Filters

3Thursday, September 13, 12



UC Regents Fall 2012 © UCBCS 250  L7: Project (Part II)

4Thursday, September 13, 12



Gotham
The Gotham filter produces a black&white, high contrast image with bluish undertones. In real life, this would be created with a Holga camera and Ilford X2 film.

In English: create a working file, load the image into memory, improve brightness a bit, (almost) desaturate, change the remaining colors to deep purple, gamma correction
(value below 1 darkens image), add more contrast, add more contrast, and save everything to a file. Add a 20px black border. Simple, eh?
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public function gotham()
{
    $this->tempfile();
    $this->execute("convert $this->_tmp -modulate 120,10,100 -fill '#222b6d' -colorize 20 -gamma 0.5 -contrast -contrast $this->_tmp"
    $this->border($this->_tmp);
    $this->output();
}
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Nashville
Nashville has a nice washed out 80s fashion photo feel. It produces image with a magenta/peach tint. It additionally adds a frame to get that slide look. It’s easily one of the most
popular Instagram filters.

In English: create a working file, load the image into memory, change blacks to indigo, change whites to peach color, enhance contrast, enhance saturation by half, gamma auto-
correction. Add a frame from a PNG file.
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public function nashville()
{
    $this->tempfile();
     
    $this->colortone($this->_tmp, '#222b6d', 100, 0);
    $this->colortone($this->_tmp, '#f7daae', 100, 1);
     
    $this->execute("convert $this->_tmp -contrast -modulate 100,150,100 -auto-gamma $this->_tmp");
    $this->frame($this->_tmp, __FUNCTION__);
     
    $this->output();
}
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How to Use
It’s easy to use these effects! I’ll assume that you saved all the code within instagraph.php file. Now, create a file, called filter.php and copy the code below that suits you.

If you want to apply only one filter on an image, you can do it this way:

That’s it! Now, if you want to apply all filters to one image, use this code:

Now, just open it in your browser and enjoy the results!
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require 'instagraph.php';
 
try
{
    $instagraph = Instagraph::factory('input.jpg', 'output.jpg');
}
catch (Exception $e) 
{
    echo $e->getMessage();
    die;
}
 
$instagraph->toaster(); // name of the filter
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require 'instagraph.php';
 
try
{
$instagraph = Instagraph::factory('input.jpg', 'output.jpg');
}
catch (Exception $e) 
{
    echo $e->getMessage();
    die;
}
 
// loop through all filters
 
foreach(array('gotham', 'toaster', 'nashville', 'lomo', 'kelvin') as $method)
{
    $instagraph->_output = $method.'.jpg'; // we have to change output file to prevent overwrite
    $instagraph->$method(); // apply current filter (from array)
}
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Figure 1: From left to right: Pinwheel image, Photoshop Median Filter, Isotropic Equal Weight Median, Our Median Filter.

Abstract

Local image histograms contain a great deal of information useful
for applications in computer graphics, computer vision and com-
putational photography. Making use of that information has been
challenging because of the expense of computing histogram prop-
erties over large neighborhoods. Efficient algorithms exist for some
specific computations like the bilateral filter, but not others. Here,
we present an efficient and practical method for computing accu-
rate derivatives and integrals of locally-weighted histograms over
large neighborhoods. The method allows us to compute the loca-
tion, height, width and integral of all local histogram modes at in-
teractive rates. Among other things, it enables the first constant-
time isotropic median filter, robust isotropic image morphology
operators, an efficient “dominant mode” filter and a non-iterative
alternative to the mean shift. In addition, we present a method
to combat the over-sharpening that is typical of histogram-based
edge-preserving smoothing. This post-processing step should make
histogram-based filters not only fast and efficient, but also suitable
for a variety of new applications.

CR Categories: I.3.3 [Computer Graphics]—Picture/Image
Generation; I.4.3 [Image Processing and Computer Vision]—
enhancement, filtering

Keywords: Mode filter, Bilateral filter, Histogram

1 Introduction

A variety of popular image filters can be expressed as functions of
the local histogram. The median filter, for example, is the 50%
point of the histogram. The gray-scale mathematical morphology

operations of dilation and erosion are the 100% point (max) and 0%
point (min) of the histogram. The bilateral filter can be expressed
as a simple ratio of linear functions of the histogram. Mean-shift,
histogram equalization and a collection of other valuable filters also
have simple expressions in terms of local histograms.

All histogram-based computations face a computational challenge
when dealing with large neighborhoods. In a naı̈ve implementation,
every pixel in a neighborhood has to be examined and sorted in
order to compute a single output value. For sizeable neighborhoods,
this is an expensive proposition.

A collection of acceleration techniques have been developed for
specific filters, but all of them have important limitations either on
the types of filters to which they apply or the shape and weighting
of the local histogram neighborhood. Here we introduce a gen-
eral method for accelerating a wide range of local histogram-based
computations using center-weighted isotropic histogram neighbor-
hoods. The method allows us to compute values of the smoothed
local histogram, its derivatives and its integrals with computational
expense independent of the neighborhood size. In addition to allow-
ing simple, efficient and improved implementations of well-known
filters, it also enables some interesting new histogram-based com-
putations.

An important application of histogram-based filters is in edge-
preserving smoothing. Often, such filters are used to decompose
images into the sum of a base layer and a detail layer for fur-
ther processing. For this purpose, an important limitation is that
histogram-based filters often increase the sharpness of the edges
they preserve. When trying to decompose an image into a series of
layers for purposes like tone mapping or contrast enhancement, the
over-sharpening of edges leads to halos, gradient reversals or other
artifacts in the output. Here we show how to mitigate this effect and
thereby increase the range of applicability for the histogram-based
filters our method accelerates.

2 Previous Work

Probably the first histogram-related image filter to receive atten-
tion in image processing was the median filter, a filter that at each
point outputs the median intensity of a local neighborhood of pixels.
For n!n regions, the straightforward algorithm takes O(n2log(n))
operations per pixel if a full sort is done, or O(n2) if the sort is
binned. Huang [1975] showed that this filter can be accelerated for
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How it works:
Start with 

Lab 2.
The Median 

Filter.

Figure 2: Left: Look-up table. Right: Image mapped through look-
up table with different shifts. First row: Raw Histogram. Second
Row: Smoothed Histogram. Third Row: Derivative of Smoothed
Histogram.

or as the 2D spatial convolution

f̂p(s) = K(Ip! s)"W (3)

WhenW and K are both Gaussians, this is equivalent to an expres-
sion used by Paris and Durand [2006] to normalize the bilateral
filter. WhenW is a Gaussian and K is a quadratic B-spline, this is
equivalent to an expression used by Felsberg et al. [2006] for chan-
nel smoothing. Both choices for K are reasonable. As Paris and
Durand observed, K determines the frequency content of f̂p(s) as a
function of s andW determines its spatial frequency content. Both
are low-pass filters, so it is a simple matter to compute the necessary
sampling rates.

An advantage of using a Gaussian for W is that Gaussian convo-
lutions can be performed in constant time per input pixel, inde-
pendent of the neighborhood size. At least two different practical
constant-time methods are available. Burt [1983] provides a hier-
archical method which achieves constant-time filtering by down-
sampling coarse levels of the pyramid. Deriche [1993] provides a
constant-time method using infinite impulse response (IIR) recur-
sive filters. We use the Deriche approach for our CPU implementa-
tion and vendor-supplied routines for fast Gaussian convolutions in
our GPU implementation. Other choices forW are possible at addi-
tional computational cost: a convolution with an arbitrary kernelW
can be computed at a cost of O(log(n)) operations per output pixel
using a 2D FFT. All the examples in this paper were computed with
a Gaussian forW .

The smoothed local histogram f̂p(s) tells us a great deal about the
image neighborhood near p. If it has a single peak or mode, then
it is likely that the pixels in the neighborhood are members of the
same population. On the other hand, if the histogram has multiple
modes, then the neighborhood probably contains pixels from two
or more distinct populations. For stylization, noise reduction, seg-
mentation and other purposes, we would like to be able to identify
and characterize the modes. In particular, we would like to identify
the number of modes, their values, their widths and the percentage
of the population contained within each mode.

At a histogram mode, ! f̂ (s)/! s will vanish. Since only K depends
on s, we can write the derivative of the histogram as

Dp(s) =
! f̂p(s)

! s
= !K #(Ip! s)"W. (4)

Figure 3: Error Graph

Since K is a low-pass kernel, its derivative K # will also be band
limited. As a result, we can sample the derivative of the histogram
Dp(s) at or above the Nyquist sampling rate without loss of infor-
mation. Let si,1< i< m, be a set of samples of s over the relevant
range at the Nyquist rate of K # or above. Then all the histogram
modes can be identified from the functions

Di(p) = !K #(Ip! si)"W. (5)

Computing the functions Di(p) is straightforward and well suited
to modern GPU hardware. For each i, we first compute a look-up
table Li that maps any intensity value Ip to K

#(si!Ip). We then map
the input image I through the look-up table and convolve the result
with the spatial kernelW to get the function Di.

Strictly speaking, to guarantee accurate results at the Nyquist rate,
sinc interpolation is necessary. However, by increasing the sam-
pling rate sufficiently, we can ensure that linear interpolation in s
is as accurate as desired. With sufficient sampling, we have a very
simple algorithm to calculate the modes of f̂p. At each point p we
simply look for zero crossings in Di(p) as we increase i. If we find
a negative-going zero crossing between Di(p) and Di+1(p), then
there is a mode located approximately at

s= si+
Di(p)

Di(p)!Di+1(p)
(si+1! si). (6)

Figure 2 illustrates the algorithm graphically. On the left side of the
figure are a set of image look-up tables. The look-up tables are used
with a variety of different offsets or horizontal shifts si. Mapping
the image through the look-up table at a given offset and smoothing
over the local neighborhood gives a sample of the function on the
right.
The upper left shows a box-function look-up table. Mapping an im-
age through this look-up table and then smoothing over a neighbor-
hood gives a sample from the traditional histogram. The histogram
is drawn as a discontinuous function because traditional histogram
bins are non-overlapping.

Of course, if we consider the offset of the look-up table to be con-
tinuous rather than discrete, the result of mapping it over the image
and smoothing over a neighborhood becomes continuous. This is
illustrated in the second row of Figure 2. Spatially smoothing the
output of the look-up table gives a sample of the smoothed, locally
weighted histogram shown on the right of the second row, which
corresponds to f̂p(s) in Equation 3.

To find extrema in f̂p(s), we use a look-up table shaped like the
derivative of the kernel K as shown on the bottom left of Figure 2.

We can 
interpret the 
sorted array 
as a 
histogram. 
We could 
set the 
output pixel 
to be the 
largest mode, 
etc ... not just 
the median

Figure 2: Left: Look-up table. Right: Image mapped through look-
up table with different shifts. First row: Raw Histogram. Second
Row: Smoothed Histogram. Third Row: Derivative of Smoothed
Histogram.

or as the 2D spatial convolution

f̂p(s) = K(Ip! s)"W (3)

WhenW and K are both Gaussians, this is equivalent to an expres-
sion used by Paris and Durand [2006] to normalize the bilateral
filter. WhenW is a Gaussian and K is a quadratic B-spline, this is
equivalent to an expression used by Felsberg et al. [2006] for chan-
nel smoothing. Both choices for K are reasonable. As Paris and
Durand observed, K determines the frequency content of f̂p(s) as a
function of s andW determines its spatial frequency content. Both
are low-pass filters, so it is a simple matter to compute the necessary
sampling rates.

An advantage of using a Gaussian for W is that Gaussian convo-
lutions can be performed in constant time per input pixel, inde-
pendent of the neighborhood size. At least two different practical
constant-time methods are available. Burt [1983] provides a hier-
archical method which achieves constant-time filtering by down-
sampling coarse levels of the pyramid. Deriche [1993] provides a
constant-time method using infinite impulse response (IIR) recur-
sive filters. We use the Deriche approach for our CPU implementa-
tion and vendor-supplied routines for fast Gaussian convolutions in
our GPU implementation. Other choices forW are possible at addi-
tional computational cost: a convolution with an arbitrary kernelW
can be computed at a cost of O(log(n)) operations per output pixel
using a 2D FFT. All the examples in this paper were computed with
a Gaussian forW .

The smoothed local histogram f̂p(s) tells us a great deal about the
image neighborhood near p. If it has a single peak or mode, then
it is likely that the pixels in the neighborhood are members of the
same population. On the other hand, if the histogram has multiple
modes, then the neighborhood probably contains pixels from two
or more distinct populations. For stylization, noise reduction, seg-
mentation and other purposes, we would like to be able to identify
and characterize the modes. In particular, we would like to identify
the number of modes, their values, their widths and the percentage
of the population contained within each mode.

At a histogram mode, ! f̂ (s)/! s will vanish. Since only K depends
on s, we can write the derivative of the histogram as

Dp(s) =
! f̂p(s)

! s
= !K #(Ip! s)"W. (4)

Figure 3: Error Graph

Since K is a low-pass kernel, its derivative K # will also be band
limited. As a result, we can sample the derivative of the histogram
Dp(s) at or above the Nyquist sampling rate without loss of infor-
mation. Let si,1< i< m, be a set of samples of s over the relevant
range at the Nyquist rate of K # or above. Then all the histogram
modes can be identified from the functions

Di(p) = !K #(Ip! si)"W. (5)

Computing the functions Di(p) is straightforward and well suited
to modern GPU hardware. For each i, we first compute a look-up
table Li that maps any intensity value Ip to K

#(si!Ip). We then map
the input image I through the look-up table and convolve the result
with the spatial kernelW to get the function Di.

Strictly speaking, to guarantee accurate results at the Nyquist rate,
sinc interpolation is necessary. However, by increasing the sam-
pling rate sufficiently, we can ensure that linear interpolation in s
is as accurate as desired. With sufficient sampling, we have a very
simple algorithm to calculate the modes of f̂p. At each point p we
simply look for zero crossings in Di(p) as we increase i. If we find
a negative-going zero crossing between Di(p) and Di+1(p), then
there is a mode located approximately at

s= si+
Di(p)

Di(p)!Di+1(p)
(si+1! si). (6)

Figure 2 illustrates the algorithm graphically. On the left side of the
figure are a set of image look-up tables. The look-up tables are used
with a variety of different offsets or horizontal shifts si. Mapping
the image through the look-up table at a given offset and smoothing
over the local neighborhood gives a sample of the function on the
right.
The upper left shows a box-function look-up table. Mapping an im-
age through this look-up table and then smoothing over a neighbor-
hood gives a sample from the traditional histogram. The histogram
is drawn as a discontinuous function because traditional histogram
bins are non-overlapping.

Of course, if we consider the offset of the look-up table to be con-
tinuous rather than discrete, the result of mapping it over the image
and smoothing over a neighborhood becomes continuous. This is
illustrated in the second row of Figure 2. Spatially smoothing the
output of the look-up table gives a sample of the smoothed, locally
weighted histogram shown on the right of the second row, which
corresponds to f̂p(s) in Equation 3.

To find extrema in f̂p(s), we use a look-up table shaped like the
derivative of the kernel K as shown on the bottom left of Figure 2.

The pictures 
look better 

if we 
generalize

histograms ...
The paper shows an efficient way ...
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Figure 9: Left: Original. Middle: Diffused closest-mode filter. Right: Detail enhaced by 2.5!.

closer to the original, the blurred version is preferable as a base
layer.

Let S be the output of an edge-preserving smoothing filter. Our
goal is to construct a modified output image D which is diffused
from S anywhere that diffusion causes it to agree more closely with
the original input image I. We will do this iteratively, considering
a variety of different Gaussian blurring kernels G(!i) in turn. In
our experience, sampling the blurs by ratios of

"
2 works well. Let

D0 = S be the original output of the filter. Then we will construct
Di from Di#1 by selectively blending between Di#1 and a blurred
version Bi = Di#1 $G(!i)

An important observation is that we only want to update a pixel
with a blurred version if an entire region around that pixel of size
!i is improved by the blurring. Accordingly we construct error met-
rics to measure the local L2 deviation of the unblurred and blurred
versions from the original image:

Eu(p) = (Di# I)2 $G("!i)
Eb(p) = (Bi# I)2 $G("!i)

(10)

where " controls the region size. We have found " = .2 works well.
Let R(p) = Eb(p)/Eu(p) be the ratio of the error of the blurred
version to the unblurred version. Where R is larger then one, we
prefer the unblurred version. Where R is smaller, we blend towards
the blurred one. The exact blending is probably unimportant. The
particular formula we use is

Di =

!

"

#

Bi R< .5
2
$

R# 12
%

(Di#1#Bi)+Bi R % [.5,1)
Di#1 R& 1

(11)

Figure 7 shows the result for a synthetic blurred step edge with
added noise. The closest-mode filter (top) turns the soft edges into
very sharp transition. After diffusion, however, it accurately tracks
the input edge while smoothing out the high-frequency noise. The
bilateral filter (bottom) also sharpens the edge, but not nearly to
the same degree. Here again, the diffusion method fixes the over-
sharpening.

Figure 8 illustrates the diffusion process for a close crop of the Cor-
morant photo shown in Figure 9. Figure 8(a) shows the result of
closest-mode filtering the original. The edges are very sharp, as is
typical for the closest-mode filter. In Figure 8(b) the output of the

closest-mode filter has gone through diffusion, greatly softening the
edges. Figure 8(c) shows what happens if the closest-mode filter is
used as a base image for contrast enhancement. The difference be-
tween the original and the base has been scaled by 3.0 and added to
the base. The result shows ugly gradient reversal artifacts around
the sharp edges, as described by Farbman et al. [2008]. When a dif-
fused version of the closest-mode filter is used as the base image,
however, the artifacts go away. The results for the full image are
shown in Figure 9.

In Figure 10, the same contrast enhancement has been applied using
the bilateral filter to separate base from detail. The worst over-
sharpening artifacts of the bilateral happen under slightly different
circumstances from the closest-mode filter, so we have chosen a
different photograph to illustrate the problem. Figure 10 shows the
results with the raw bilateral. The halos and gradient reversals are
very evident. After diffusion the artifacts are gone.

There are a variety of algorithms that are not specifically histogram-
based and have been proposed for separating a base from a de-
tail image. One notable recent example is the method of Subr et
al. [2009] which processes local extrema into upper and lower en-
velopes that are averaged to create the base layer. Like histogram-
based methods, this approach can over-sharpen edges. Figure 10
shows the method of Subr et at. used for contrast enhancement.
Once again, gradient reversals are evident, particularly at the top of
the dog’s silhouette. Selective diffusion of the base image removes
the gradient reversals.

5.2 Multi-layer

When our diffusion method is used with the closest-mode filter for
a base layer, the signal remaining in the detail layer retains a great
deal of structure. This suggests that the decomposition can be used
recursively. Let B0 be the base image created by closest-mode fil-
tering an original image I followed by selective diffusion. Then
D1 = I#B1 is the first-level detail image. We can apply the same
type of decomposition to D1 forming a new base image B2 and
a detail layer D2. After n steps, we have a decomposition of the
image into a set of layers plus a residual.

I =

&

n

#
i=1

Bi

'

+Dn (12)
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(a) Original.

(b) After multi-layer contrast boost.

Figure 11: Multi-layer enhancement of the Moon.

Our implementations are not heavily optimized and achieve the fol-
lowing speeds. The median and morphology filters run at the rate
of approximately 6 megapixels per second in CUDA on an nVidia
Quadro FX 770M GPU using 15 samples of si and doing all the
computations in floating point. The closest mode computations typ-
ically require more samples because the derivative look-up table is
higher frequency. With 20 samples, we achieve 4 megapixels per
second throughput. For the diffusion described in Section 5.1, our
GPU implementation achieves 1.2 megapixels per second.

Our single-threaded CPU implementation on an Intel 2.83 GHz
Xeon E5440 can compute the median filter or morphology opera-
tors at the rate of 1.2 megapixels per second with 15 intensity sam-
ples. The closest-mode filter goes at the rate of .54 megapixels per
second. The dominant-mode filter is slower because it needs both
integrals and derivatives of the histogram. Our CPU implementa-
tion computes the result at .36 megapixels per second. Selective
diffusion goes at the rate of .67 megapixels per second. We be-
lieve there is a great deal of room to improve these numbers with
multithreading and a more careful implementation.

7 Conclusion

The ability to compute histogram integrals and derivatives accu-
rately and efficiently opens up a wide range of possibilities for in-
teresting non-linear image computations. Without doubt, the exam-
ples in this paper just scratch the surface.

We have provided the first efficient algorithm to compute an
isotropic center-weighted median filter and have shown that a small
modification enables efficient and robust dilation and erosion oper-

(a) Moon base layer B1.

(b) Moon second layer B2.

(c) Moon third layer B3.

(d) Moon residual layerD3.

Figure 12: Layers in the decomposition of the Moon.

ators. In addition to their other benefits, our filters allow continuous
change in the filter width. In a traditional square-window median
filter, the smallest available filters are 3! 3 and 5! 5. For some
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(a) Original With Noise (b) Closest Mode

(c) Bilateral (d) Channel Smoothing

(e) Median (f) Dominant Mode

Figure 5: Image corrupted with noise and then processed with
histogram-based filters.

using the functions

Ri(p) =C(Ip! si)"W (9)

which sample R at a collection of intensities si. As with Di, we can
compute Ri by using a look-up table followed by a spatial convo-
lution. We then interpolate among the Ri to find the value of s for
which R= 1/2. This value of s is the median.

One can use more sophisticated interpolation schemes, but with ad-
equate sampling, even linear interpolation is sufficient. C is much
lower-pass than D, so the required number of samples si is substan-
tially less than for D.

Figure 5 shows our median algorithm being used for noise reduc-
tion. An original image corrupted with noise (a) is then processed
with different filters. The closest-mode filter (b) and the bilateral
filter (c) fail to remove the noise. The median filter (e) removes the
noise without introducing artifacts. As before, we have applied the
filtering only to the V component of the HSV representations.

Our method of computing the median takes constant time per output
sample, independent of the neighborhood size. Unlike any previ-
ous fast methods, it works with Gaussian-weighted neighborhoods
to produce a center-weighted isotropic result. Figure 1 shows the
impact of Gaussian weighting on an antialiased pinwheel image.
The Photoshop result clearly shows anisotropic artifacts which are
not present in our result. The anisotropy can be removed by using
a circular equal-weight neighborhood as shown in the figure, but
the artifacts remain. By using an isotropic weighting function that
smoothly decays from the center, our filter avoids the artifacts.

The median computation requires only the look-up tables I #
C(Ip! si) which are lower-pass than K, so they can be computed at
even lower sampling rates for the same accuracy. The mean-square
error in this case depends on the integration interval, so it is diffi-
cult to summarize in a single figure of merit. In our experience, 15

Figure 6: Top: Original. Bottom: After closing and opening.

samples of si suffice to provide good-quality median filter of 8-bit
images using a Gaussian function K with standard deviation equal
to the sample separation.

4.3 Morphology

Morphological operators [Haralick et al. 1987] are a class of pop-
ular image filters used for a wide range of image-processing ap-
plications. The fundamental morphological operators are dilation,
defined as the maximum intensity within a region and erosion de-
fined as the minimum intensity within a region. In the morphology
literature, the region is traditionally referred to as the structuring el-
ement. When all samples in the neighborhood are equally weighted,
dilation, erosion and median can be seen as examples of a wider
class of filters known as rank-order filters. These filters output the
ith largest of n samples in a neighborhood. With unequal weighting
and smoothed histograms, the proper generalization is to percentile
filters: filters that output a given percentile of the smoothed his-
togram.

When the percentile is 0% or 100% as in the traditional dilation and
erosion operators, unequal neighborhood weighting does not affect
the result. For any percentile in-between, however, the weighting
does have an impact. If we modify the traditional erode and di-
late operators to use the 5% and 95% points, we will have a very
similar result to the traditional operators, but with added robustness
against noise. High amplitude noise which affects less than 5% of
the neighborhood will have a very small effect on the result. More
severe noise will have an effect which falls off smoothly with dis-
tance instead of sharply with the traditional operators.

Bousseau et al. [2007] propose using image morphology operators
to make photographs look like water color paintings. In particular,
they suggest using closing followed by opening where closing is
defined as erosion followed by dilation and opening is defined as
dilation followed by closing. Figure 6 shows the results of using
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Abstract. This paper describes a face detection framework that is capable of processing images extremely rapidly
while achieving high detection rates. There are three key contributions. The first is the introduction of a new
image representation called the “Integral Image” which allows the features used by our detector to be computed
very quickly. The second is a simple and efficient classifier which is built using the AdaBoost learning algo-
rithm (Freund and Schapire, 1995) to select a small number of critical visual features from a very large set of
potential features. The third contribution is a method for combining classifiers in a “cascade” which allows back-
ground regions of the image to be quickly discarded while spending more computation on promising face-like
regions. A set of experiments in the domain of face detection is presented. The system yields face detection perfor-
mance comparable to the best previous systems (Sung and Poggio, 1998; Rowley et al., 1998; Schneiderman and
Kanade, 2000; Roth et al., 2000). Implemented on a conventional desktop, face detection proceeds at 15 frames per
second.

Keywords: face detection, boosting, human sensing

1. Introduction

This paper brings together new algorithms and insights
to construct a framework for robust and extremely rapid
visual detection. Toward this end we have constructed
a frontal face detection system which achieves detec-
tion and false positive rates which are equivalent to
the best published results (Sung and Poggio, 1998;
Rowley et al., 1998; Osuna et al., 1997a; Schneiderman
and Kanade, 2000; Roth et al., 2000). This face detec-
tion system is most clearly distinguished from previ-
ous approaches in its ability to detect faces extremely
rapidly. Operating on 384 by 288 pixel images, faces
are detected at 15 frames per second on a conventional
700 MHz Intel Pentium III. In other face detection
systems, auxiliary information, such as image differ-

ences in video sequences, or pixel color in color im-
ages, have been used to achieve high frame rates. Our
system achieves high frame rates working only with
the information present in a single grey scale image.
These alternative sources of information can also be in-
tegrated with our system to achieve even higher frame
rates.

There are three main contributions of our face detec-
tion framework. We will introduce each of these ideas
briefly below and then describe them in detail in sub-
sequent sections.

The first contribution of this paper is a new image
representation called an integral image that allows for
very fast feature evaluation. Motivated in part by the
work of Papageorgiou et al. (1998) our detection sys-
tem does not work directly with image intensities. Like
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ABSTRACT 
This paper presents a hardware architecture for face detection 
based system on AdaBoost algorithm using Haar features. We 
describe the hardware design techniques including image scaling, 
integral image generation, pipelined processing as well as 
classifier, and parallel processing multiple classifiers to accelerate 
the processing speed of the face detection system. Also we discuss 
the optimization of the proposed architecture which can be 
scalable for configurable devices with variable resources. The 
proposed architecture for face detection has been designed using 
Verilog HDL and implemented in Xilinx Virtex-5 FPGA. Its 
performance has been measured and compared with an equivalent 
software implementation. We show about 35 times increase of 
system performance over the equivalent software implementation. 

Categories and Subject Descriptors 
C.3 [Special-Purpose and Application-Based Systems]: Real-
Time and Embedded Systems 

General Terms 
Design, Experimentation, Measurement, Performance 

Keywords 
AdaBoost, architecture, face detection, FPGA, Haar classifier, 
image processing, real-time 

1. INTRODUCTION 
Face detection in image sequence has been an active research area 
in the computer vision field in recent years due to its potential 
applications such as monitoring and surveillance [1], human 
computer interfaces [2], smart rooms [3], intelligent robots [4], 
and biomedical image analysis [5]. Face detection is based on 
identifying and locating a human face in images regardless of size, 
position, and condition. Numerous approaches have been 
proposed for face detection in images. Simple features such as 
color, motion, and texture are used for the face detection in early 
researches. However, these methods break down easily because of 
the complexity of the real world. Face detection proposed by 
Viola and Jones [6] is most popular among the face detection 
approaches based on statistic methods. This face detection is a 
variant of the AdaBoost algorithm [7] which achieves rapid and 

robust face detection. They proposed a face detection framework 
based on the AdaBoost learning algorithm using Haar features. 
However, the face detection requires considerable computation 
power because many Haar feature classifiers check all pixels in 
the images. Although real-time face detection is possible using 
high performance computers, the resources of the system tend to 
be monopolized by face detection. Therefore, this constitutes a 
bottleneck to the application of face detection in real time. 

Almost all of the available literatures on real-time face detection 
are theoretical or describe a software implementation. Only a few 
papers have addressed a hardware design and implement of real-
time face detection. Theocharides et al. [8] presented the 
implementation of neural network based face detection in an 
ASIC to accelerate processing speed. However, VLSI technology 
requires a large amount of development time and cost. Also it is 
difficult to change design. McCready [9] designed and 
implemented face detection for the Transmogrifier-2 configurable 
hardware system. This implementation utilized nine FPGA boards. 
Sadri et al. [10] implemented neural network based face detection 
on the Virtex-II Pro FPGA. Skin color filtering and edge detection 
are used to reduce the processing time. However, some operations 
are implemented on hardcore PowerPC processor with embedded 
software. Wei et al. [11] presented FPGA implementation for face 
detection using scaling input images and fixed-point expressions. 
However, the image size is too small (120×120 pixels) to be 
practical and only some parts of classifier cascade are actually 
implemented. A low-cost detection system was implemented 
using Cyclone II FPGA by Yang et al. [12]. The frame rate of this 
system is 13 fps with low detection rate of about 75%. Nair et al. 
[13] implemented an embedded system for human detection on an 
FPGA. It can process the images at speeds of 2.5 fps with about 
300 pixels images. Gao et al. [14] presented an approach to use an 
FPGA to accelerate the Haar feature classifier based face 
detection. They re-trained the Haar classifier with 16 classifiers 
per stage. However, only classifiers are implemented in the FPGA. 
The integral image generation and detected face display are 
processed in a host microprocessor. Also the largest Virtex-5 
FPGA was used for the implementation because the design size is 
too large. Hiromoto et al. [15] implemented real-time object 
detection based on the AdaBoot algorithm. They proposed hybrid 
architecture of a parallel processing module for the former stages 
and a sequential processing module for the subsequent stages in 
the cascade. Since the parallel processing module and the 
sequential processing module are divided after evaluating a 
processing time with fixed Haar feature data, it should be 
designed and implemented again in order to apply new Haar 
feature data. Also the experimental result and analysis of the 
implemented system are not discussed.  
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152 Viola and Jones

Figure 10. Output of our face detector on a number of test images from the MIT + CMU test set.

6. Conclusions

We have presented an approach for face detection
which minimizes computation time while achieving
high detection accuracy. The approach was used to con-
struct a face detection system which is approximately
15 times faster than any previous approach. Preliminary
experiments, which will be described elsewhere, show
that highly efficient detectors for other objects, such as
pedestrians or automobiles, can also be constructed in
this way.

This paper brings together new algorithms, represen-
tations, and insights which are quite generic and may
well have broader application in computer vision and
image processing.

The first contribution is a new a technique for com-
puting a rich set of image features using the integral
image. In order to achieve true scale invariance, almost
all face detection systems must operate on multiple
image scales. The integral image, by eliminating the
need to compute a multi-scale image pyramid, reduces
the initial image processing required for face detection
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We have presented an approach for face detection
which minimizes computation time while achieving
high detection accuracy. The approach was used to con-
struct a face detection system which is approximately
15 times faster than any previous approach. Preliminary
experiments, which will be described elsewhere, show
that highly efficient detectors for other objects, such as
pedestrians or automobiles, can also be constructed in
this way.

This paper brings together new algorithms, represen-
tations, and insights which are quite generic and may
well have broader application in computer vision and
image processing.

The first contribution is a new a technique for com-
puting a rich set of image features using the integral
image. In order to achieve true scale invariance, almost
all face detection systems must operate on multiple
image scales. The integral image, by eliminating the
need to compute a multi-scale image pyramid, reduces
the initial image processing required for face detection
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Figure 10. Output of our face detector on a number of test images from the MIT + CMU test set.

6. Conclusions

We have presented an approach for face detection
which minimizes computation time while achieving
high detection accuracy. The approach was used to con-
struct a face detection system which is approximately
15 times faster than any previous approach. Preliminary
experiments, which will be described elsewhere, show
that highly efficient detectors for other objects, such as
pedestrians or automobiles, can also be constructed in
this way.

This paper brings together new algorithms, represen-
tations, and insights which are quite generic and may
well have broader application in computer vision and
image processing.

The first contribution is a new a technique for com-
puting a rich set of image features using the integral
image. In order to achieve true scale invariance, almost
all face detection systems must operate on multiple
image scales. The integral image, by eliminating the
need to compute a multi-scale image pyramid, reduces
the initial image processing required for face detection

False 
negatives
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How it works:

144 Viola and Jones

Figure 5. The first and second features selected by AdaBoost. The
two features are shown in the top row and then overlayed on a typ-
ical training face in the bottom row. The first feature measures the
difference in intensity between the region of the eyes and a region
across the upper cheeks. The feature capitalizes on the observation
that the eye region is often darker than the cheeks. The second feature
compares the intensities in the eye regions to the intensity across the
bridge of the nose.

features to the classifier, directly increases computation
time.

4. The Attentional Cascade

This section describes an algorithm for constructing a
cascade of classifiers which achieves increased detec-
tion performance while radically reducing computation
time. The key insight is that smaller, and therefore more
efficient, boosted classifiers can be constructed which
reject many of the negative sub-windows while detect-
ing almost all positive instances. Simpler classifiers are
used to reject the majority of sub-windows before more
complex classifiers are called upon to achieve low false
positive rates.

Stages in the cascade are constructed by training
classifiers using AdaBoost. Starting with a two-feature
strong classifier, an effective face filter can be obtained
by adjusting the strong classifier threshold to mini-
mize false negatives. The initial AdaBoost threshold,
1
2

!T
t=1 !t , is designed to yield a low error rate on the

training data. A lower threshold yields higher detec-
tion rates and higher false positive rates. Based on per-
formance measured using a validation training set, the
two-feature classifier can be adjusted to detect 100% of
the faces with a false positive rate of 50%. See Fig. 5 for
a description of the two features used in this classifier.

The detection performance of the two-feature clas-
sifier is far from acceptable as a face detection system.
Nevertheless the classifier can significantly reduce the

number of sub-windows that need further processing
with very few operations:

1. Evaluate the rectangle features (requires between 6
and 9 array references per feature).

2. Compute the weak classifier for each feature (re-
quires one threshold operation per feature).

3. Combine the weak classifiers (requires one multiply
per feature, an addition, and finally a threshold).

A two feature classifier amounts to about 60 mi-
croprocessor instructions. It seems hard to imagine
that any simpler filter could achieve higher rejection
rates. By comparison, scanning a simple image tem-
plate would require at least 20 times as many operations
per sub-window.

The overall form of the detection process is that of
a degenerate decision tree, what we call a “cascade”
(Quinlan, 1986) (see Fig. 6). A positive result from
the first classifier triggers the evaluation of a second
classifier which has also been adjusted to achieve very
high detection rates. A positive result from the second
classifier triggers a third classifier, and so on. A negative
outcome at any point leads to the immediate rejection
of the sub-window.

The structure of the cascade reflects the fact that
within any single image an overwhelming majority of
sub-windows are negative. As such, the cascade at-
tempts to reject as many negatives as possible at the
earliest stage possible. While a positive instance will

Figure 6. Schematic depiction of a the detection cascade. A series
of classifiers are applied to every sub-window. The initial classifier
eliminates a large number of negative examples with very little pro-
cessing. Subsequent layers eliminate additional negatives but require
additional computation. After several stages of processing the num-
ber of sub-windows have been reduced radically. Further processing
can take any form such as additional stages of the cascade (as in our
detection system) or an alternative detection system.

Harr Filters (     ): 
Add pixels under white 
regions, subtract pixels 
under black regions. 
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second, about the same time required to evaluate the 12
level image pyramid alone. Any procedure which re-
quires a pyramid of this type will necessarily run slower
than our detector.

3. Learning Classification Functions

Given a feature set and a training set of positive and
negative images, any number of machine learning ap-
proaches could be used to learn a classification func-
tion. Sung and Poggio use a mixture of Gaussian model
(Sung and Poggio, 1998). Rowley et al. (1998) use a
small set of simple image features and a neural net-
work. Osuna et al. (1997b) used a support vector ma-
chine. More recently Roth et al. (2000) have proposed
a new and unusual image representation and have used
the Winnow learning procedure.

Recall that there are 160,000 rectangle features as-
sociated with each image sub-window, a number far
larger than the number of pixels. Even though each
feature can be computed very efficiently, computing
the complete set is prohibitively expensive. Our hy-
pothesis, which is borne out by experiment, is that a
very small number of these features can be combined
to form an effective classifier. The main challenge is to
find these features.

In our system a variant of AdaBoost is used both
to select the features and to train the classifier (Freund
and Schapire, 1995). In its original form, the AdaBoost
learning algorithm is used to boost the classification
performance of a simple learning algorithm (e.g., it
might be used to boost the performance of a simple per-
ceptron). It does this by combining a collection of weak
classification functions to form a stronger classifier. In
the language of boosting the simple learning algorithm
is called a weak learner. So, for example the percep-
tron learning algorithm searches over the set of possible
perceptrons and returns the perceptron with the lowest
classification error. The learner is called weak because
we do not expect even the best classification function to
classify the training data well (i.e. for a given problem
the best perceptron may only classify the training data
correctly 51% of the time). In order for the weak learner
to be boosted, it is called upon to solve a sequence of
learning problems. After the first round of learning, the
examples are re-weighted in order to emphasize those
which were incorrectly classified by the previous weak
classifier. The final strong classifier takes the form of a
perceptron, a weighted combination of weak classifiers
followed by a threshold.6

The formal guarantees provided by the AdaBoost
learning procedure are quite strong. Freund and
Schapire proved that the training error of the strong
classifier approaches zero exponentially in the number
of rounds. More importantly a number of results
were later proved about generalization performance
(Schapire et al., 1997). The key insight is that gen-
eralization performance is related to the margin of the
examples, and that AdaBoost achieves large margins
rapidly.

The conventional AdaBoost procedure can be eas-
ily interpreted as a greedy feature selection process.
Consider the general problem of boosting, in which a
large set of classification functions are combined using
a weighted majority vote. The challenge is to associate
a large weight with each good classification function
and a smaller weight with poor functions. AdaBoost is
an aggressive mechanism for selecting a small set of
good classification functions which nevertheless have
significant variety. Drawing an analogy between weak
classifiers and features, AdaBoost is an effective pro-
cedure for searching out a small number of good “fea-
tures” which nevertheless have significant variety.

One practical method for completing this analogy is
to restrict the weak learner to the set of classification
functions each of which depend on a single feature.
In support of this goal, the weak learning algorithm is
designed to select the single rectangle feature which
best separates the positive and negative examples (this
is similar to the approach of Tieu and Viola (2000) in
the domain of image database retrieval). For each fea-
ture, the weak learner determines the optimal threshold
classification function, such that the minimum num-
ber of examples are misclassified. A weak classifier
(h(x, f, p, ! )) thus consists of a feature ( f ), a thresh-
old (! ) and a polarity (p) indicating the direction of the
inequality:

h(x, f, p, ! ) =
!

1 if p f (x) < p!

0 otherwise

Here x is a 24 ! 24 pixel sub-window of an image.
In practice no single feature can perform the classifi-

cation task with low error. Features which are selected
early in the process yield error rates between 0.1 and
0.3. Features selected in later rounds, as the task be-
comes more difficult, yield error rates between 0.4 and
0.5. Table 1 shows the learning algorithm.

The weak classifiers that we use (thresholded single
features) can be viewed as single node decision trees.

Pre-processing trick makes computing large 
numbers of Harr filters on an image efficient.

Stepped over entire image ...
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negative images, any number of machine learning ap-
proaches could be used to learn a classification func-
tion. Sung and Poggio use a mixture of Gaussian model
(Sung and Poggio, 1998). Rowley et al. (1998) use a
small set of simple image features and a neural net-
work. Osuna et al. (1997b) used a support vector ma-
chine. More recently Roth et al. (2000) have proposed
a new and unusual image representation and have used
the Winnow learning procedure.

Recall that there are 160,000 rectangle features as-
sociated with each image sub-window, a number far
larger than the number of pixels. Even though each
feature can be computed very efficiently, computing
the complete set is prohibitively expensive. Our hy-
pothesis, which is borne out by experiment, is that a
very small number of these features can be combined
to form an effective classifier. The main challenge is to
find these features.

In our system a variant of AdaBoost is used both
to select the features and to train the classifier (Freund
and Schapire, 1995). In its original form, the AdaBoost
learning algorithm is used to boost the classification
performance of a simple learning algorithm (e.g., it
might be used to boost the performance of a simple per-
ceptron). It does this by combining a collection of weak
classification functions to form a stronger classifier. In
the language of boosting the simple learning algorithm
is called a weak learner. So, for example the percep-
tron learning algorithm searches over the set of possible
perceptrons and returns the perceptron with the lowest
classification error. The learner is called weak because
we do not expect even the best classification function to
classify the training data well (i.e. for a given problem
the best perceptron may only classify the training data
correctly 51% of the time). In order for the weak learner
to be boosted, it is called upon to solve a sequence of
learning problems. After the first round of learning, the
examples are re-weighted in order to emphasize those
which were incorrectly classified by the previous weak
classifier. The final strong classifier takes the form of a
perceptron, a weighted combination of weak classifiers
followed by a threshold.6

The formal guarantees provided by the AdaBoost
learning procedure are quite strong. Freund and
Schapire proved that the training error of the strong
classifier approaches zero exponentially in the number
of rounds. More importantly a number of results
were later proved about generalization performance
(Schapire et al., 1997). The key insight is that gen-
eralization performance is related to the margin of the
examples, and that AdaBoost achieves large margins
rapidly.

The conventional AdaBoost procedure can be eas-
ily interpreted as a greedy feature selection process.
Consider the general problem of boosting, in which a
large set of classification functions are combined using
a weighted majority vote. The challenge is to associate
a large weight with each good classification function
and a smaller weight with poor functions. AdaBoost is
an aggressive mechanism for selecting a small set of
good classification functions which nevertheless have
significant variety. Drawing an analogy between weak
classifiers and features, AdaBoost is an effective pro-
cedure for searching out a small number of good “fea-
tures” which nevertheless have significant variety.

One practical method for completing this analogy is
to restrict the weak learner to the set of classification
functions each of which depend on a single feature.
In support of this goal, the weak learning algorithm is
designed to select the single rectangle feature which
best separates the positive and negative examples (this
is similar to the approach of Tieu and Viola (2000) in
the domain of image database retrieval). For each fea-
ture, the weak learner determines the optimal threshold
classification function, such that the minimum num-
ber of examples are misclassified. A weak classifier
(h(x, f, p, ! )) thus consists of a feature ( f ), a thresh-
old (! ) and a polarity (p) indicating the direction of the
inequality:
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0 otherwise
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cation task with low error. Features which are selected
early in the process yield error rates between 0.1 and
0.3. Features selected in later rounds, as the task be-
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A few filters make a 
“weak” classifier:

About 2100 weak 
classifiers create 
a “cascade”:

2.4 Cascade 
The Viola and Jones face detection algorithm eliminates face 
candidates quickly using a cascade of stages. The cascade 
eliminates candidates by making stricter requirements in each 
stage with later stages being much more difficult for a candidate 
to pass. Candidates exit the cascade if they pass all stages or fail 
any stage. A face is detected if a candidate passes all stages. This 
process is shown in Fig 4. 

3. IMPLEMENTATION 
3.1 System Overview 
We proposed an architecture for a real-time face detection system. 
Figure 5 shows the overview of the proposed architecture for face 
detection. It consists of seven modules: image interface, frame 
grabber, image store, image scaler, classifier, display, and DVI 
interface. The image interface and DVI interface are implemented 
using ASIC custom chips with the FPGA board. The others are 
designed using Verilog HDL and implemented in an FPGA in 
order to perform face detection in real-time. 

3.2 Architecture for Face Detection 
3.2.1 Frame Grabber 
In frame grabber module, the frame grabber controller generates 
the control signals for controlling the A/D converter which 
converts the analog image signals into digital image data, and the 
sync separator which generates the image sync signals in the 
image interface module. The image sync signal and the color 
image data are transferred from the image interface module. The 
image cropper crops the images based on the sync signals. These 
image data and sync signals are used in all of the modules of the 
face detection system. 

3.2.2 Image Store 
The image store module stores the image data arriving from the 
frame grabber module frame by frame. This module transfers the 
image data to the classifier module based on the scale information 
from the image scaler module. The image of a frame is stored in a 
BRAM of the FPGA. 

3.2.3 Image Scaler 
The images are scaled down based on a scale factor by the image 
scaler module. The image scaler module generates and transfers 
the address of the BRAM containing a frame image in the image 
store module to request image data according to a scale factor. 
The image store module transfers a pixel data to the classifier 
module based on the address of BRAM required from the image 
scaler module. 

3.2.4 Classifier 
The classifier module performs the classification for the face 
detection using Haar feature data. This module consists of the 
image line buffer, image window buffer, integral image window 
buffer, feature classifier, stage comparator, and feature training 
data. The face detection is performed by the Haar feature 
classification using an integral image. The integral image 
generation requires substantial computation. A general purpose 
computer of Von Neumann architecture has to access image 
memory at least widthuheight times to get the value of each pixel 
when it processes an image with widthuheight pixels. It may take 
a long latency delay every frame. In order to reduce memory 
access and processing time, we propose a specific architecture for 
the integral image generation. This architecture stores the 
necessary pixels for processing each pixel and its neighboring 
pixels together. It consists of the image line buffer, image window 
buffer, and integral image window buffer. Each buffer has its own 
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5.6. Integration of Multiple Detections

Since the final detector is insensitive to small changes
in translation and scale, multiple detections will usually
occur around each face in a scanned image. The same
is often true of some types of false positives. In practice
it often makes sense to return one final detection per
face. Toward this end it is useful to postprocess the
detected sub-windows in order to combine overlapping
detections into a single detection.

In these experiments detections are combined in a
very simple fashion. The set of detections are first par-
titioned into disjoint subsets. Two detections are in the
same subset if their bounding regions overlap. Each
partition yields a single final detection. The corners of
the final bounding region are the average of the corners
of all detections in the set.

In some cases this postprocessing decreases the num-
ber of false positives since an overlapping subset of
false positives is reduced to a single detection.

5.7. Experiments on a Real-World Test Set

We tested our system on the MIT + CMU frontal face
test set (Rowley et al., 1998). This set consists of 130

Figure 9. ROC curves for our face detector on the MIT + CMU test set. The detector was run once using a step size of 1.0 and starting scale
of 1.0 (75,081,800 sub-windows scanned) and then again using a step size of 1.5 and starting scale of 1.25 (18,901,947 sub-windows scanned).
In both cases a scale factor of 1.25 was used.

images with 507 labeled frontal faces. A ROC curve
showing the performance of our detector on this test
set is shown in Fig. 9. To create the ROC curve the
threshold of the perceptron on the final layer classifier
is adjusted from +! to "!. Adjusting the threshold to
+! will yield a detection rate of 0.0 and a false positive
rate of 0.0. Adjusting the threshold to "!, however,
increases both the detection rate and false positive rate,
but only to a certain point. Neither rate can be higher
than the rate of the detection cascade minus the final
layer. In effect, a threshold of "! is equivalent to re-
moving that layer. Further increasing the detection and
false positive rates requires decreasing the threshold
of the next classifier in the cascade. Thus, in order to
construct a complete ROC curve, classifier layers are
removed. We use the number of false positives as op-
posed to the rate of false positives for the x-axis of
the ROC curve to facilitate comparison with other sys-
tems. To compute the false positive rate, simply divide
by the total number of sub-windows scanned. For the
case of ! = 1.0 and starting scale = 1.0, the number
of sub-windows scanned is 75,081,800. For ! = 1.5
and starting scale = 1.25, the number of sub-windows
scanned is 18,901,947.

Unfortunately, most previous published results on
face detection have only included a single operating

Test set:
130 images 
with 507 
labelled 
faces.

Performance:
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5. Results

This section describes the final face detection system.
The discussion includes details on the structure and
training of the cascaded detector as well as results on
a large real-world testing set.

5.1. Training Dataset

The face training set consisted of 4916 hand labeled
faces scaled and aligned to a base resolution of 24 by
24 pixels. The faces were extracted from images down-
loaded during a random crawl of the World Wide Web.
Some typical face examples are shown in Fig. 8. The
training faces are only roughly aligned. This was done
by having a person place a bounding box around each
face just above the eyebrows and about half-way be-
tween the mouth and the chin. This bounding box was
then enlarged by 50% and then cropped and scaled to
24 by 24 pixels. No further alignment was done (i.e.
the eyes are not aligned). Notice that these examples
contain more of the head than the examples used by

Figure 8. Example of frontal upright face images used for training.

Rowley et al. (1998) or Sung and Poggio (1998). Ini-
tial experiments also used 16 by 16 pixel training im-
ages in which the faces were more tightly cropped,
but got slightly worse results. Presumably the 24 by
24 examples include extra visual information such as
the contours of the chin and cheeks and the hair line
which help to improve accuracy. Because of the nature
of the features used, the larger sized sub-windows do
not slow performance. In fact, the additional informa-
tion contained in the larger sub-windows can be used
to reject non-faces earlier in the detection cascade.

5.2. Structure of the Detector Cascade

The final detector is a 38 layer cascade of classifiers
which included a total of 6060 features.

The first classifier in the cascade is constructed us-
ing two features and rejects about 50% of non-faces
while correctly detecting close to 100% of faces. The
next classifier has ten features and rejects 80% of non-
faces while detecting almost 100% of faces. The next
two layers are 25-feature classifiers followed by three
50-feature classifiers followed by classifiers with a

Classifiers trained 
on a labelled face 

database.
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2.4 Cascade 
The Viola and Jones face detection algorithm eliminates face 
candidates quickly using a cascade of stages. The cascade 
eliminates candidates by making stricter requirements in each 
stage with later stages being much more difficult for a candidate 
to pass. Candidates exit the cascade if they pass all stages or fail 
any stage. A face is detected if a candidate passes all stages. This 
process is shown in Fig 4. 

3. IMPLEMENTATION 
3.1 System Overview 
We proposed an architecture for a real-time face detection system. 
Figure 5 shows the overview of the proposed architecture for face 
detection. It consists of seven modules: image interface, frame 
grabber, image store, image scaler, classifier, display, and DVI 
interface. The image interface and DVI interface are implemented 
using ASIC custom chips with the FPGA board. The others are 
designed using Verilog HDL and implemented in an FPGA in 
order to perform face detection in real-time. 

3.2 Architecture for Face Detection 
3.2.1 Frame Grabber 
In frame grabber module, the frame grabber controller generates 
the control signals for controlling the A/D converter which 
converts the analog image signals into digital image data, and the 
sync separator which generates the image sync signals in the 
image interface module. The image sync signal and the color 
image data are transferred from the image interface module. The 
image cropper crops the images based on the sync signals. These 
image data and sync signals are used in all of the modules of the 
face detection system. 

3.2.2 Image Store 
The image store module stores the image data arriving from the 
frame grabber module frame by frame. This module transfers the 
image data to the classifier module based on the scale information 
from the image scaler module. The image of a frame is stored in a 
BRAM of the FPGA. 

3.2.3 Image Scaler 
The images are scaled down based on a scale factor by the image 
scaler module. The image scaler module generates and transfers 
the address of the BRAM containing a frame image in the image 
store module to request image data according to a scale factor. 
The image store module transfers a pixel data to the classifier 
module based on the address of BRAM required from the image 
scaler module. 

3.2.4 Classifier 
The classifier module performs the classification for the face 
detection using Haar feature data. This module consists of the 
image line buffer, image window buffer, integral image window 
buffer, feature classifier, stage comparator, and feature training 
data. The face detection is performed by the Haar feature 
classification using an integral image. The integral image 
generation requires substantial computation. A general purpose 
computer of Von Neumann architecture has to access image 
memory at least widthuheight times to get the value of each pixel 
when it processes an image with widthuheight pixels. It may take 
a long latency delay every frame. In order to reduce memory 
access and processing time, we propose a specific architecture for 
the integral image generation. This architecture stores the 
necessary pixels for processing each pixel and its neighboring 
pixels together. It consists of the image line buffer, image window 
buffer, and integral image window buffer. Each buffer has its own 
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Figure 5. Block diagram of proposed face detection system.

design including carry for all adders and subtractors. However, 
this implementation can be futher optimized in terms of area if we 
replace these adders and subractors with the proper sized adders 
and subtractors. We consider two following cases: 

Each adder cell in the image window buffer has two operands. 
One is from the right cell and the other is from the upper right cell. 
The first adder cell accepts two 8-bit operands but each other 
adder cell Ii accepts the output of the previous adder Ii-1 and an 8-
bit operand from the right cell in the image window buffer. 
Consequently we do not need a 13-bit adder for all cells since all 
the numbers to be added are a 8-bit wide. In fact we need 8-bit 
adder for the first operation, a 9-bit adder for the second operation, 
a 10-bit adder for the third and fourth operation, a 11-bit adder for 
fifth through eighth operations, etc. This is due to the fact that the 
maximum number to be represented is limited to 8-bit integers. In 
a Virtex-5 device, each n-bit adder consumes n LUTs, so using 
the above optimization scheme, the image window buffer can be 
modified to use less LUTs. Here, we can implement this module 
with one 8-bit adder, one 9-bit adder, two 10-bit adders, four 11-
bit adders, eight 12-bit adders and finally four 13-bit adders as 
opposed to twenty 13-bit adders which results in 31 LUTs saving. 
This may sound small but the very same architecture repeats in 

integral image buffer and could result in higher FPGA resource 
savings. This is explained in following paragraph.  

In the integral image window buffer, the optimization scheme 
explained in previous paragraph can be incorporated to save more 
FPGA resources. The integral image window buffer is an adder 
matrix of size 21x21. In its current implementation, each adder 
cell is 17-bits wide. This obviously can be optimized using the 
scheme explained in previous paragraph. Each integral image 
window buffer adder cell implements an addition and a 
subtraction (IIi = IIi + Ii - Ij). Ii/Ij bit range varies from 8-bit to 13-
bit. These operands are fed to the integral image window buffer 
from the image window buffer. The maximum number to be 
represented in the image window buffer varies from 255 for II(0, 
0) which can be represented by 8-bit to 255*21 = 5355 which can 
be represented by 13-bit for II(0, 20) or II(20, 0). The II(20, 20) 
should be as large as 255*21*21 = 112455 which can be 
represented by 17-bits. We have used 17-bit adders in this 
implementation for all cells of the integral image window buffer 
but this can also be modified to save FPGA resources as explained. 
Applying the above scheme, 31 LUTs can be saved per each row 
or column which translates to total of 651 LUTs for the whole 
calculator. 

On the other hand, we can design the adders and subtractors of the 
classifier module with DSP blocks instead of LUTs. This 
optimization can be scalable for configurable devices with 
variable resources. Virtex-5 LX devices have a lot of logic cells as 
slice registers and LUTs. Virtex-5 SX devices are rich in terms of 
DSP blocks, hence more suitable for implementation of adders 
and subtractors using DSP blocks. Table 3 shows the device 
utilization of the classifier module according to the DSP block 
usage option. 

4. EXPERIMENTS / RESULTS 
A high frame processing rate and low latency are important for 
many applications that must provide quick decisions based on 
events in the scene [19]. We measure the performance of the 
proposed architecture for the face detection system. Table 4 shows 
the performance of the implemented face detection system when it 
is applied to a camera, which produces images consisting of 
320×240 pixels at 60 frames per second. The system performance 
depends on the number of faces in the images. The single 
classifier face detection system is capable of processing the 
images at speeds of an average of 15.14 fps. The triple classifier 
face detection system is capable of processing the images at 
speeds of an average of 26.51 fps. The triple classifier face 
detection system has the performance improvement of 1.75 times 
than the single classifier one. Table 5 shows the performance of 
the implemented face detection system when it is applied to a 
camera, which produces images consisting of 640×480 pixels at 
60 frames per second. The single classifier face detection system 
is capable of processing the images at speeds of an average of 
4.35 fps. The triple classifier face detection system is capable of 
processing the images at speeds of an average of 6.96 fps. The 
triple classifier face detection system has the performance 
improvement of 1.6 times than the single classifier one. This is 
due to the concurrent operations of the three single classifiers in 
parallel. Although the usage of the system resource increases, the 
system performance increases dramatically. The performance of 
the software program is determined by measuring the computation 
time required for performing face detection on the PC; in this case 
a Intel Core 2 Extreme CPU (2.80 GHz), 2.98 GB DDR2 SDRAM 
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option 
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the performance of the implemented face detection system when it 
is applied to a camera, which produces images consisting of 
320×240 pixels at 60 frames per second. The system performance 
depends on the number of faces in the images. The single 
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camera, which produces images consisting of 640×480 pixels at 
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4.35 fps. The triple classifier face detection system is capable of 
processing the images at speeds of an average of 6.96 fps. The 
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improvement of 1.6 times than the single classifier one. This is 
due to the concurrent operations of the three single classifiers in 
parallel. Although the usage of the system resource increases, the 
system performance increases dramatically. The performance of 
the software program is determined by measuring the computation 
time required for performing face detection on the PC; in this case 
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this implementation can be futher optimized in terms of area if we 
replace these adders and subractors with the proper sized adders 
and subtractors. We consider two following cases: 

Each adder cell in the image window buffer has two operands. 
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The first adder cell accepts two 8-bit operands but each other 
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Consequently we do not need a 13-bit adder for all cells since all 
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explained in previous paragraph can be incorporated to save more 
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matrix of size 21x21. In its current implementation, each adder 
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window buffer adder cell implements an addition and a 
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is applied to a camera, which produces images consisting of 
320×240 pixels at 60 frames per second. The system performance 
depends on the number of faces in the images. The single 
classifier face detection system is capable of processing the 
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Scale-Space and Edge Detection Using Anisotropic 
Diffusion 

PIETRO PERONA AND JITENDRA MALIK 

Abstracf-The scale-space technique introduced by Witkin involves 
generating coarser resolution images by convolving the original image 
with a Gaussian kernel. This approach has a major drawback: it is 
difficult to obtain accurately the locations of the “semantically mean- 
ingful” edges at coarse scales. In this paper we suggest a new definition 
of scale-space, and introduce a class of algorithms that realize it using 
a diffusion process. The diffusion coefficient is chosen to vary spatially 
in such a way as to encourage intraregion smoothing in preference to 
interregion smoothing. It is shown that the “no new maxima should be 
generated at coarse scales” property of conventional scale space is pre- 
served. As the region boundaries in our approach remain sharp, we 
obtain a high quality edge detector which successfully exploits global 
information. Experimental results are shown on a number of images. 
The algorithm involves elementary, local operations replicated over the 
image making parallel hardware implementations feasible. 

Zndex Terms-Adaptive filtering, analog VLSI, edge detection, edge 
enhancement, nonlinear diffusion, nonlinear filtering, parallel algo- 
rithm, scale-space. 

1. INTRODUCTION 
HE importance of multiscale descriptions of images T has been recognized from the early days of computer 

vision, e.g., Rosenfeld and Thurston [20]. A clean for- 
malism for this problem is the idea of scale-space filtering 
introduced by Witkin [21] and further developed in Koen- 
derink [ l l ] ,  Babaud, Duda, and Witkin [l], Yuille and 
Poggio [22], and Hummel [71, [SI. 

The essential idea of this approach is quite simple: 
embed the original image in a family of derived images 
I ( x ,  y, t )  obtained by convolving the original image 
I o ( x ,  y )  with a Gaussian kernel G ( x ,  y; t )  of variance t :  

Z ( X ,  Y ,  f) = 41(x, y )  * G ( x ,  y ;  f). (1) 
Larger values of t ,  the scale-space parameter, corre- 

spond to images at coarser resolutions. See Fig. 1. 
As pointed out by Koenderink [ 111 and Hummel [7], 

this one parameter family of derived images may equiv- 
alently be viewed as the solution of the heat conduction, 
or diffusion, equation 

I,  = AZ = (Zxx + IJy) ( 2 )  
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Fig. 1. A family of l -D signals I ( x ,  t )  obtained by convolving the original 
one (bottom) with Gaussian kernels whose variance increases from bot- 
tom to top (adapted from Witkin [21]). 

with the initial condition I ( x ,  y, 0)  = Zo(x, y ) ,  the orig- 
inal image. 

Koenderink motivates the diffusion equation formula- 
tion by stating two criteria. 

I )  Causality: Any feature at a coarse level of resolu- 
tion is required to possess a (not necessarily unique) 
“cause” at a finer level of resolution although the reverse 
need not be true. In other words, no spurious detail should 
be generated when the resolution is diminished. 

2) Homogeneity and Isotropy: The blurring is required 
to be space invariant. 

These criteria lead naturally to the diffusion equation 
formulation. It may be noted that the second criterion is 
only stated for the sake of simplicity. We will have more 
to say on this later. In fact the major theme of this paper 
is to replace this criterion by something more useful. 

It should also be noted that the causality criterion does 
not force uniquely the choice of a Gaussian to do the blur- 
ring, though it is perhaps the simplest. Hummel [7] has 
made the important observation that a version of the max- 
imum principle from the theory of parabolic differential 
equations is equivalent to causality. We will discuss this 
further in Section IV-A. 

This paper is organized as follows: Section I1 critiques 
the standard scale space paradigm and presents an addi- 
tional set of criteria for obtaining ‘‘semantically meaning- 
ful” multiple scale descriptions. In Section I11 we show 
that by allowing the diffusion coefficient to vary, one can 
satisfy these criteria. In Section IV-A the maximum prin- 
ciple is reviewed and used to show how the causality cri- 
terion is still satisfied by our scheme. In Section V some 
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Fig. 9. Effect of anisotropic ditfusion (b )  on the Canaletto image ( a )  [3] .  Notice that the edges remain sharp until their disappearance 

and K was set equal to the 90% value of its integral at 
every iteration (see Fig. 12(b)). 

The computational scheme described in this section has 
been chosen for its simplicity. Other numerical solutions 
of the diffusion equation, and multiscale algorithms may 
be considered for efficient software implementations. 

VI. COMPARISON TO OTHER EDGE DETECTION SCHEMES 
This section is devoted to comparing the anisotropic dif- 

fusion scheme that we present in this paper with previous 
work on edge detection, image segmentation, and image 
restoration. 

We will divide edge detectors in two classes: fixed- 
neighborhood edge detectors, and energyiprobability 
"global" schemes. 

(a) (b)  (C) (4 
Fig. 12.  From left to right (a) original image, (b) scale-space using an- 

isotropic diffusion (10. 20. 80 iterations), (c) edges of the same. (d) 
edges at comparable scales detected using the Canny detector (convo- 
lution kernels of variance 1. 2.  4 pixels). 
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Fig. 6.  A choice of the function 4 ( . ) that leads to edge enhancement. 

negative. This may be a source of concern since it is 
known that constant-coefficient diffusions running back- 
wards are unstable and amplify noise generating ripples. 
In our case this concern is unwarranted: the maximum 
principle guarantees that ripples are not produced. Exper- 

quickly shrink, and the process keeps stable. 
imentally one observes that the areas where 4r (1,) < O 

V 

-T- 
Fig. 5 .  (TOP to bottom) A mollified step edge and its 1st. 2nd, and 3rd 

derivatives. 

V .  EXPERIMENTAL RESULTS 
Our anisotropic diffusion, scale-space, and edge detec- 

tion ideas were tested using a simple numerical scheme 
that is described in this section. 

Equation (3) can be discretized on a square lattice, with 
brightness values associated to the vertices, and conduc- 

We choose c to be a function of the gradient of I :  c ( x ,  
g ( z x )  . I, 

Then the 1-D version of the diffusion equation (3) be- 

y, t )  = g(z,(x, y, t ) )  as in (4). Let 4(z,) 
denote the flux c I,. 

comes 

( 5 )  
a 

ax 4 = - 4(Ix) = 4r(4)  4,. 

We are interested in looking at the variation in time of 
the slope of the edge: a/at(Z,) .  If c( ) > 0 the function 
I (  ) is smooth, and the order of differentiation may be 
inverted: 

I:, + 4' * L,. ( 6 )  = 4 r r  . 
Suppose the edge is oriented in such a way that I, > 0. 
At the point of inflection I,, = 0, and I,,, << 0 since the 
point of inflection corresponds to the point with maximum 
slope (see Fig. 5). Then in a neighborhood of the point 
of inflection a/at(Z,)  has sign opposite to 4r(Z,).  If 
4r ( I , )  > 0 the slope of the edge will decrease with time; 
if, on the contrary 4' (I ,)  < 0 the slope will increase with 
time. 

Notice that this increase in slope cannot be caused by a 
scaling of the edge, because this would violate the max- 
imum principle. The edge becomes sharper. 

There are several possible choices of 4 ( . ), for exam- 
ple, g(Z,) = C / (  1 + ( I , / K ) ' + " )  with a > 0 (see Fig. 
6 ) .  Then there exists a certain threshold value related to 
K ,  and a ,  below which 4(  - ) is monotonically increasing, 
and beyond which 4 ( ) is monotonically decreasing, giv- 
ing the desirable result of blurring small discontinuities 
and sharpening edges. Notice also that in a neighborhood 
of the steepest region of an edge the diffusion may be 
thought of as running "backwards" since +' ( I , )  in (5) is 

tion coefficients to the arcs (see Fig. 7). A 4-nearest- 
neighbors discretization of the Laplacian operator can be 
used: 

I!:,;' = r: , j  + h [ C N  V N I  + cs V s I  

+ CE . VEI + cw o W l ] : , j  (7)  

where 0 I X I 1 / 4  for the numerical scheme to be sta- 
ble, N ,  S, E ,  Ware the mnemonic subscripts for North, 
South, East, West, the superscript and subscripts on the 
square bracket are applied to all the terms it encloses, and 
the symbol V (not to be confused with V, which we use 
for the gradient operator) indicates nearest-neighbor dif- 
ferences: 

V N I ; , j  E Ii- 1.j - 1j.j 

V S 1 i . j  E I l + ~ , j  - ';,I 

V E Z j , j  = Zi , j+I  - z;,j 

v U / z ; , j  = I ; , j - l  - z ; , j .  (8) 
The conduction coefficients are updated at every itera- 

tion as a function of the brightness gradient (4): 

(9) 

I

V
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Fig. 7 .  The structure of the discrete computational scheme for simulating 
the diffusion equation (see Fig. 8 for a physical implementation). The 
brightness values I, , ,  are associated with the nodes of a lattice, the con- 
duction coefficients c to the arcs. One node of the lattice and its four 
North, East, West, and South neighbors are shown. 

Fig. 8 .  The structure of a network realizing the implementation of aniso- 
tropic diffusion described in Section V, and more in detail in [19]. The 
charge on the capacitor at each node of the network represents the bright- 
ness of the image at a pixel. Linear resistors produce isotropic linear 
diffusion. Resistors with an I-V characteristic as in Fig. 6 produce an- 
isotropic diffusion. 

The value of the gradient can be computed on different 
neighborhood structures achieving different compromises 
between accuracy and locality. The simplest choice con- 
sists in approximating the norm of the gradient at each arc 
location with the absolute value of its projection along the 
direction of the arc: 

cb,l = g (  1 v N 1 : , ~ l )  

CktJ  = g (  I VsI:,Jl) 

ck, = 8(  1 V E Z , J I )  

clv,, = s(l VwC,,I). (10) 
This scheme is not the exact discretization of (3), but 

of similar diffusion equation in which the conduction ten- 
sor is diagonal with entries g ( I I, \ ) and g ( I Iy  1 ) instead 
of g ( 11 V I  11 ) and g ( )I V I  ( 1  ). This discretization scheme 
preserves the property of the continuous equation ( 3 )  that 
the total amount of brightness in the image is preserved. 
Additionally the “flux” of brightness through each arc of 
the lattice only depends on the values of the brightness at 
the two nodes defining it, which makes the scheme a nat- 
ural choice for analog VLSI implementations [19]. See 
Fig. 8.  Less crude approximations of the gradient yielded 
perceptually similar results at the price of increased com- 
putational complexity. 

It is possible to verify that, whatever the choice of the 
approximation of the gradient, the discretized scheme still 
satisfies the maximum (and minimum) principle provided 
that the function g is bounded between 0 and 1 .  

We can in fact show this directly from (7), using the 
facts X E [ 0 ,  1/41, and c E [ 0 ,  11, and defining ( I M ) : ,  
5 max { ( I ,  I N ,  I S ,  ZE, Zw):,,}, and ( I m ) f , j  min { ( 1 ,  I N ,  
Is, I E ,  Iw):,, } , the maximum and minimum of the neigh- 
bors of Z,,, at iteration t .  We can prove that 

( L J ,  5 C,? 5 ( I d : , ,  ( 1 1 )  

i.e., no (local) maxima and minima are possible in the 
interior of the discretized scale-space. In fact: 

] f + l  ‘ J  = I:, ,  + X [ C N  * V N I  + CS V S I  

+ CE * V E I  + CW * V w I ] : , ,  

= If,,( - A ( c N  + CS + CE + cW): , , )  

+ X(C, . I N  + CS * I S  + CE I E  + c W .  Zw):,, 

5 IM:J(l - X ( c N  + CS + CE + cW): ,J)  

and, similarly: 

+ X I m : , J ( ~ ~  + CS + CE + C W ) : , ~  = Im:,. (13)  

The numerical scheme used to obtain the pictures in this 
paper is the one given by equations (7), (8), and (lo), 
using the original image as the initial condition, and adi- 
abatic boundary conditions, i.e., setting the conduction 
coefficient to zero at the boundaries of the image. A con- 
stant value for the conduction coefficient c (i.e.,  g ( * ) = 
1 )  leads to Gaussian blurring (see Fig. 3). 

Different functions were used for g ( - ) giving percep- 
tually similar results. The images in this paper were ob- 
tained using 

g(vI) = & m I / K ) ~ )  

(Fig. 9), and 

(Figs. 12-14). The scale-spaces generated by these two 
functions are different: the first privileges high-contrast 
edges over low-contrast ones, the second privileges wide 
regions over smaller ones. 

The constant K was fixed either by hand at some fixed 
value (see Figs. 9-14), or using the “noise estimator” 
described by Canny [4]: a histogram of the absolute val- 
ues of the gradient throughout the image was computed, 
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How it works:

I-V curve for R

R

A 2-D RC circuit (non-linear Rs) computes edges.

@t=0, set Vij values to pixel values of input image.
Then let circuit settle. Final Vijs form edge image
A digital implementation “simulates” the circuit.

“anisotropic heat equation solver”

.
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Abstract. This paper presents a method for extracting distinctive invariant features from images that can be used
to perform reliable matching between different views of an object or scene. The features are invariant to image scale
and rotation, and are shown to provide robust matching across a substantial range of affine distortion, change in
3D viewpoint, addition of noise, and change in illumination. The features are highly distinctive, in the sense that a
single feature can be correctly matched with high probability against a large database of features from many images.
This paper also describes an approach to using these features for object recognition. The recognition proceeds by
matching individual features to a database of features from known objects using a fast nearest-neighbor algorithm,
followed by a Hough transform to identify clusters belonging to a single object, and finally performing verification
through least-squares solution for consistent pose parameters. This approach to recognition can robustly identify
objects among clutter and occlusion while achieving near real-time performance.

Keywords: invariant features, object recognition, scale invariance, image matching

1. Introduction

Image matching is a fundamental aspect of many prob-
lems in computer vision, including object or scene
recognition, solving for 3D structure from multiple im-
ages, stereo correspondence, and motion tracking. This
paper describes image features that have many prop-
erties that make them suitable for matching differing
images of an object or scene. The features are invariant
to image scaling and rotation, and partially invariant to
change in illumination and 3D camera viewpoint. They
are well localized in both the spatial and frequency do-
mains, reducing the probability of disruption by occlu-
sion, clutter, or noise. Large numbers of features can be
extracted from typical images with efficient algorithms.
In addition, the features are highly distinctive, which
allows a single feature to be correctly matched with
high probability against a large database of features,
providing a basis for object and scene recognition.

The cost of extracting these features is minimized by
taking a cascade filtering approach, in which the more

expensive operations are applied only at locations that
pass an initial test. Following are the major stages of
computation used to generate the set of image features:

1. Scale-space extrema detection: The first stage of
computation searches over all scales and image lo-
cations. It is implemented efficiently by using a
difference-of-Gaussian function to identify poten-
tial interest points that are invariant to scale and
orientation.

2. Keypoint localization: At each candidate location, a
detailed model is fit to determine location and scale.
Keypoints are selected based on measures of their
stability.

3. Orientation assignment: One or more orientations
are assigned to each keypoint location based on local
image gradient directions. All future operations are
performed on image data that has been transformed
relative to the assigned orientation, scale, and loca-
tion for each feature, thereby providing invariance
to these transformations.

“Things change when you can match features”
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approach uses the Taylor expansion (up to the quadratic
terms) of the scale-space function, D(x, y, ! ), shifted
so that the origin is at the sample point:

D(x) = D + " D
"x

T

x + 1
2

xT "2 D
"x2

x (2)

where D and its derivatives are evaluated at the sample
point and x = (x, y, ! )T is the offset from this point.
The location of the extremum, x̂, is determined by tak-
ing the derivative of this function with respect to x and
setting it to zero, giving

x̂ = !"2 D
"x2

!1
" D
"x

. (3)

As suggested by Brown, the Hessian and derivative
of D are approximated by using differences of neigh-
boring sample points. The resulting 3"3 linear system
can be solved with minimal cost. If the offset x̂ is larger
than 0.5 in any dimension, then it means that the ex-
tremum lies closer to a different sample point. In this

Figure 5. This figure shows the stages of keypoint selection. (a) The 233 " 189 pixel original image. (b) The initial 832 keypoints locations
at maxima and minima of the difference-of-Gaussian function. Keypoints are displayed as vectors indicating scale, orientation, and location.
(c) After applying a threshold on minimum contrast, 729 keypoints remain. (d) The final 536 keypoints that remain following an additional
threshold on ratio of principal curvatures.

case, the sample point is changed and the interpolation
performed instead about that point. The final offset x̂
is added to the location of its sample point to get the
interpolated estimate for the location of the extremum.

The function value at the extremum, D(x̂), is useful
for rejecting unstable extrema with low contrast. This
can be obtained by substituting Eqs (3) into (2), giving

D(x̂) = D + 1
2

" D
"x

T

x̂.

For the experiments in this paper, all extrema with
a value of D(x̂) less than 0.03 were discarded (as
before, we assume image pixel values in the range
[0, 1]).

Figure 5 shows the effects of keypoint selection on
a natural image. In order to avoid too much clutter, a
low-resolution 233 by 189 pixel image is used and key-
points are shown as vectors giving the location, scale,
and orientation of each keypoint (orientation assign-
ment is described below). Figure 5(a) shows the origi-
nal image, which is shown at reduced contrast behind
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536 “Image Keypoints”
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Figure 12. The training images for two objects are shown on the left. These can be recognized in a cluttered image with extensive occlusion,
shown in the middle. The results of recognition are shown on the right. A parallelogram is drawn around each recognized object showing the
boundaries of the original training image under the affine transformation solved for during recognition. Smaller squares indicate the keypoints
that were used for recognition.

Figure 13. This example shows location recognition within a complex scene. The training images for locations are shown at the upper left and
the 640 ! 315 pixel test image taken from a different viewpoint is on the upper right. The recognized regions are shown on the lower image,
with keypoints shown as squares and an outer parallelogram showing the boundaries of the training images under the affine transform used for
recognition.

Training 
objects

“Where’s 
Waldo?”

Works 
because of 

SIFT  
invariances.

The features are invariant to image scale and rotation, and provide 
robust matching across a substantial range of affine distortion, 
change in 3D viewpoint, addition of noise, and change in illumination. 
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Stereopsis

Summary 

The ability to directly measure and 
evaluate ultrafast processes with unprec- 
edented time resolution and reliability 
has greatly extended our knowledge 
about the kinetics of primary processes 
in chemistry and allied physical and bio- 
logical sciences. Improvements in the 
reliability and versatility of picosecond 
techniques should lead to an increase in 
the experimental information about basic 
interactions in atomic and molecular sys- 
tems. 
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Summary 

The ability to directly measure and 
evaluate ultrafast processes with unprec- 
edented time resolution and reliability 
has greatly extended our knowledge 
about the kinetics of primary processes 
in chemistry and allied physical and bio- 
logical sciences. Improvements in the 
reliability and versatility of picosecond 
techniques should lead to an increase in 
the experimental information about basic 
interactions in atomic and molecular sys- 
tems. 
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Perhaps one of the most striking differ- 
ences between a brain and today's com- 
puters is the amount of "wiring." In a 
digital computer the ratio of connections 
to components is about 3, whereas for 
the mammalian cortex it lies between 10 
and 10,000 (1). 

Although this fact points to a clear 
structural difference between the two, 
this distinction is not fundamental to the 
nature of the information processing that 
each accomplishes, merely to the particu- 
lars of how each does it. In Chomsky's 
terms (2), this difference affects theories 
of performance but not theories of com- 
petence, because the nature of a compu- 
tation that is carried out by a machine or 
a nervous system depends only on a 
problem to be solved, not on the avail- 
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able hardware (3). Nevertheless, one can 
expect a nervous system and a digital 
computer to use different types of al- 
gorithm, even when performing the same 
underlying computation. Algorithms 
with a parallel structure, requiring many 
simultaneous local operations on large 
data arrays, are expensive for today's 
computers but probably well-suited to 
the highly interactive organization of ner- 
vous systems. 

The class of parallel algorithms in- 
cludes an interesting and not precisely 
definable subclass which we may call 
cooperative algorithms (3). Such al- 
gorithms operate on many "input" ele- 
ments and reach a global organization by 
way of local, interactive constraints. The 
term "cooperative" refers to the way in 
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which local operations appear to cooper- 
ate in forming global order in a well- 
regulated manner. Cooperative phenom- 
ena are well known in physics (4, 5), and 
it has been proposed that they may play 
an important role in biological systems 
as well (6-10). One of the earliest sugges- 
tions along these lines was made by Ju- 
lesz (11), who maintains that stereo- 
scopic fusion is a cooperative process. 
His model, which consists of an array of 
dipole magnets with springs coupling the 
tips of adjacent dipoles, represents a sug- 
gestive metaphor for this idea. Besides 
its biological relevance, the extraction of 
stereoscopic information is an important 
and yet unsolved problem in visual infor- 
mation processing (12). For this rea- 
son-and also as a case in point-we 
describe a cooperative algorithm for this 
computation. 

In this article, we (i) analyze the com- 
putational structure of the stereo-dis- 
parity problem, stating the goal of the 
computation and characterizing the asso- 
ciated local constraints; (ii) describe a 
cooperative algorithm that implements 
this computation; and (iii) exhibit its per- 
formance on random-dot stereograms. 
Although the problem addressed here is 
not directly related to the question of 
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gorithm; moreover, any state that is in- 
consistent with the two rules is not a 
stable fixed point. Our combinatorial 
analysis of this algorithm shows that, 
when cr is a simple threshold function, 
the process converges for a rather wide 
range of parameter values (16). The spe- 
cific form of the operator is apparently 
not very critical. 

Noniterative local operations cannot 
solve the stereo problem in a satisfactory 
way (11). Recurrence and nonlinearity 
are necessary to create a truly coopera- 
tive algorithm that cannot be decom- 
posed into the superposition of local op- 
erations (17). General results concerning 
such algorithms seem to be rather diffi- 
cult to obtain, although we believe that 
one can usually establish convergence in 
probability for specific forms of them. 

Examples of Applying the Algorithm 

Random-dot stereograms offer an ideal 
input for testing the performance of the 
algorithm, since they enable one to by- 
pass the costly and delicate process of 
transforming the intensity array received 
by each eye into a primitive description 
(14). When we view a random-dot stereo- 
gram, we probably compute a descrip- 
tion couched in terms of edges rather 
than squares, whereas the inputs to our 
algorithm are the positions of the white 

squares. Figures 3 to 6 show some exam- 
ples in which the iterative algorithm suc- 
cessfully solves the correspondence 
problem, thus allowing disparity values 
to be assigned to items in each image. 
Presently, its technical applications are 
limited only by the preprocessing prob- 
lem. 

This algorithm can be realized by vari- 
ous mechanisms, but parallel, recurrent, 
nonlinear interactions, both excitatory 
and inhibitory, seem the most natural. 
The difference equations set out above 
would then represent an approximation 
to the differential equations that describe 
the dynamics of the network. 

Implications for Biology 

We have hitherto refrained from dis- 
cussing the biological problem of how 
stereopsis is achieved in the mammalian 
brain. Our analyses of the computation, 
and of the cooperative algorithm that 
implements it, raise several precise ques- 
tions for psychophysics and physiology. 
An important preliminary point concerns 
the relative importance of neural fusion 
and of eye movements for stereopsis. 
The underlying question is whether there 
are many disparity "layers" (as our al- 
gorithm requires), or whether there are 
just three "pools" (18)-crossed, un- 
crossed, and zero disparity. Most physi- 

ologists and psychologists seem to ac- 
cept the existence of numerous, sharply 
tuned binocular "disparity detectors," 
whose peak sensitivities cover a wide 
range of disparity values (19, 20). We do 
not believe that the available evidence is 
decisive (21), but an answer is critical to 
the biological relevance of our analysis. 
If, for example, there were only three 
pools or layers with a narrow range of 
disparity sensitivities, the problem of 
false targets is virtually removed, but at 
the expense of having to pass the con- 
vergence plane of the eyes across a sur- 
face in order to achieve fusion. Psycho- 
physical experiments may provide some 
insight into this problem, but we believe 
that only physiology is capable of provid- 
ing a clear-cut answer. 

If this preliminary question is settled 
in favor of a "multilayer" cooperative 
algorithm, there are several obvious im- 
plications of the network (Fig. 2) at the 
physiological level: (i) the existence of 
many sharply tuned disparity units that 
are rather insensitive to the nature of the 
descriptive element to which they may 
refer; (ii) organization of these units into 
disparity layers (or stripes or columns); 
(iii) the presence of reciprocal excitation 
within each layer; and (iv) the presence 
of reciprocal inhibition between layers 
along the two lines of sight. Ideally, the 
inhibition should exhibit the character- 
istic "orthogonal" geometry of the thick 

Fig. 1 (left). Ambiguity in the correspondence between the two retinal 
projections. In this figure, each of the four points in one eye's view 
could match any of the four projections in the other eye's view. Of the 
16 possible matchings only four are correct (closed circles), while the 
remaining 12 are "false targets" (open circles). It is assumed here that 
the targets (closed squares) correspond to "matchable" descriptive 
elements obtained from the left and right images. Without further 
constraints based on global considerations, such ambiguities cannot 
be resolved. Redrawn from Julesz (11, figure 4.5-1). Fig. 2 (right). 
The explicit structure of the two rules R and R2 for the case of a one- 
dimensional image is represented in (a), which also shows the struc- 
ture of a network for implementing the algorithm described by Eq. 2. 
Solid lines represent "inhibitory" interactions, and dotted lines repre- 
sent "excitatory" ones. The local structure at each node of the 
network in (a) is given in (b). This algorithm may be extended to two- 
dimensional images, in which case each node in the corresponding 
network has the local structure shown in (c). Such a network was used 
to solve the stereograms exhibited in Figs. 3 to 6. 
15 OCTOBER 1976 
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1-D Stereo

Image seen 
by left eye

Image seen 
by right eye

Dotted lines 
are depth 
planes

“Correspondence problem” 
-- find matching squares.

Open circles 
are “false 
matches”.
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“Cooperative algorithm”

Uniqueness: Only one 
match for an object  
seen in the two eyes.

Smoothness: Objects 
are generally smooth 

in the depth plane.
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Can be mapped into analog circuits.
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Algorithm in action

lines in Fig. 2, but slight deviations may 
be permissible (16). 

At the psychophysical level, several 
experiments (under stabilized image con- 
ditions) could provide critical evidence 
for or against the network: (i) results 

about the size of Panum's area and the Discussion 
number of disparity "layers"; (ii) results 
about "pulling" effects in stereopsis Our algorithm performs a computation 
(20); and (iii) results about the relation- that finds a correspondence function be- 
ship between disparity and the minimum tween two descriptions, subject to the 
fusable pattern size (Fig. 6). two constraints of uniqueness and conti- 
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