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Abstract

Thereis considerable evidence that object recognition in primates is based on the
detection of local image features of intermediate complexity that arelargely invari-
ant toimaging transformations. A computer vision system has been devel oped that
performs object recognition using features with similar properties. Invariance to
imagetranslation, scale and rotation is achieved by first selecting stable key points
in scale space and performing feature detection only at these locations. The fea-
tures measure local image gradients in a manner modeled on the response of com-
plex céllsin primary visual cortex, and thereby obtain partia invariance to illumi-
nation, affine change, and other local distortions. The features are used as input to
a nearest-neighbor indexing method and Hough transform that identify candidate
object matches. Final verification of each match is achieved by finding a best-fit
solution for the unknown model parameters and integrating the features consi stent
with these parameter values. This verification procedure provides a model for the
serial process of attention in human vision that integrates features belonging to a
single object. Experimental results show that this approach can achieve rapid and
robust object recognition in cluttered partially-occluded images.

1. Introduction

During the past decade, there have been major advances in our understanding of how object
recognition is performed in the primate visual system. Thereis now abroad body of evidence
[21] showing that object recognition makes use of neuronsin inferior temporal cortex (IT) that
respond to features of intermediate complexity. Thesefeaturesare typically invariant to awide
range of changesin location, scale, and illumination, while being very sensitive to particular
combinations of local shape, color, and texture properties.

This paper describes a computer vision system for performing object recognition that also
makes use of local image features of intermediate complexity that are invariant to many imag-
ing parameters. The approach is called a scale invariant feature transform (SIFT), asit trans-
forms an image into a representation that is unaffected by image scaling and other similarity
transforms. Features are located at peaks of a function computed in scale space. The features
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describe local image regions around these peaks using a representation that emphasi zes gradi-
ent orientations while allowing small shiftsin gradient position, in a manner modeled on the
responses of complex cellsin primary visual cortex. These features are bound to object inter-
pretations through a process of indexing followed by a best-fit solution for object parameters.
Thisachievesfeatureintegrationinamanner similar to the process of serial visual attention that
has been shown to play animportant rolein object recognitionin humanvision[23]. Theresult
isasystem that is able to recognize 3D objectsfrom any viewpoint under varying illumination
in cluttered natural images with about 1 second of computation time.

There has been some previous research [14, 24] on building computer systems for object
recognition that use similar intermediate features to thosein IT cortex. One problem has been
that these earlier systems use correlation to measure the presence of intermediate featuresin an
image, which has a prohibitive computational cost due to the need to compare each feature at
every location, scale, and orientation to the image. This paper describes a staged filtering ap-
proach in which stablekey pointsin scale space arefirst identified, and then feature detection is
performed only at these canonical points and with respect to a canonical scale and orientation.
This reduces the cost by about a factor of 10,000, making it easily suitable for practical appli-
cations. Furthermore, the feature descriptors are modified to make them less sensitiveto affine
transformation, illumination change and local distortionsas compared to image correlation. A
final stage of solving for explicit model pose parameters allowsfor robust verification of object
interpretations.

2. Related research

An understanding of theintermediate-level featuresin visual cortex wasfirst obtainedinanovel
approach developed by Tanaka and his associates[7, 20]. They recorded from individual neu-
ronsin anesthetized monkeys while using alibrary of objects and a computer graphics editing
system to characterize their responses. First, a collection of complex real-world objects were
tested to obtain an initial response. An image of the best initial object was then subject to nu-
merous attempts at simplification and modification to obtain an optimal response. Although
some neuronsin anterior IT cortex responded to very simpleline or bar features, in most cases
the optimal response was obtained by features of intermediate complexity, such as a dark five-
sided star shape, a circle with a thin protruding element at a particular orientation, or a green
horizontal textured region within atriangular boundary. Some neurons responded only to more
complex shapes, such as moderately detailed face or hand images.

These intermediate-complexity neurons were often highly sensitiveto small variations in
shape, such as the degree of rounding of corners or relative lengths of elements. On the other
hand, the neurons exhibited awide range of invarianceto other parameters, such asretinal loca
tion, size, and contrast. Detailed studies of size and positioninvariance[6, 16] have shown that
about 55% of the neurons have a size invariance range of greater than 2 octaves and 20% have
arange of more than 4 octaves. Most neurons have areceptive field covering alarge portion of
theimage (an average 25 degrees of visual angle and usualy including al of thefovea). These
propertieswould seem ideally suited to determining object i dentity without needing to replicate
the neuron for each combination of values of the imaging parameters.

Neurons that were close together in cortex often responded to small variations of the same
feature. Based on the average size of these related feature columns as a proportion of the total



size of the brain region, Tanaka [20] estimated that there was room for about 1300 such fea
ture columns. However, if the column sizes vary, then the large ones would be preferentially
sampled and the total number of feature types could be far greater.

The feature responses have been shown to depend on previous visua learning from ex-
posure to specific objects containing the features. Logothetis, Pauls & Poggio [10] examined
the responses of neuronsin monkeys that had been trained to classify views of wire-frame and
spheroidal shapes. They discovered many neurons that responded only to particular views of
these shapes, while exhibiting the usua invarianceto large ranges of scale and location. Booth
& Roalls[3] found similar resultsfor 10 plastic objectsthat had been placed in the monkey’scage
for a period of weeks or months without any training. In addition to the usual view-dependent
neurons, they found a small population of neurons that responded to any view of a particular
object (these responded to a conjunction of shape views, rather than to a simple feature such
as color that was shared between views). In adramatic illustration of learning, Tovee, Rolls &
Ramachandran [22] showed that aface sensitive neuron could learn to recognize degraded face
images (that were previously unrecognizable) by exposureto 5 seconds of training images that
showed the transition between normal and degraded images.

It isalso known that object recognitionin human vision uses a serial process of attentionto
bind features to object interpretations, determine pose, and segment an object from a cluttered
background [23]. A wide range of psychophysical experiments[25] have shown that preatten-
tive object descriptions consist of only a collection of isolated features, and seria attentionis
necessary to represent shape relationshipsand integrate featuresinto acommon object descrip-
tion. Inthis paper we will describe the use of aHough transform to generate object hypotheses,
followed by best-fit parameter solving and selection of consistent features to perform binding
and model verification.

Within the computer vision field, there has been recent work on using dense collections of
local image features for object recognition. One approach has been to use a corner detector
(more accurately, a detector of peaksin local image variation) to identify repeatable image lo-
cations, around which local image properties can be measured. Schmid & Mohr [18] used the
Harris corner detector to identify interest points, and then created a local image descriptor at
each interest point from an orientation-invariant vector of derivative-of-Gaussian image mea
surements. Theseimage descriptorswere used for robust object recognition by looking for mul-
tiple matching descriptors that satisfied object-based orientation and location constraints. This
work wasimpressive both for the speed of recognitionin alarge database and the ability to han-
dlecluttered images. However, the corner detector examinesan imageat only asinglescale. As
the change in scale becomes significant, the detector responds to different image points. Also,
since the detector does not provide an indication of the object scale, it is necessary to create
image descriptors and attempt matching at alarge number of scales.

Other approaches in computer vision to appearance-based recognition include eigenspace
matching [15], color histograms[19], and receptive field histograms [17]. These approaches
haveall been demonstrated successfully onisolated objectsor pre-segmented images, but dueto
their more global featuresit has been difficult to extend them to cluttered and partially occluded
images.



3. Key localization

Rather than searching al possible image locations for particular features, we obtain far better
efficiency by first selecting key locations and scales of interest and describing the local image
region around each location. The key locations are selected in a manner that is invariant with
respect to image translation, scaling, and rotation, and is minimally affected by noise and small
distortions.

Lindeberg [8] has shown that under some rather general assumptions on scale invariance,
the Gaussian kernel and its derivatives are the only possible smoothing kernels for scale space
analysis. To achieverotationinvariance and ahigh level of efficiency, we have chosen to select
key locationsat maximaand minimaof adifference of Gaussian function applied in scal e space.
This can be computed very efficiently by building an image pyramid with resampling between
each level. Furthermore, it locates key points at regions and scales of high variation, making
these locations particularly useful for characterizing theimage. Crowley & Parker [4] and Lin-
deberg [9] have previously used the difference-of-Gaussian in scale space for other purposes.

Asthe 2D Gaussian function is separable, its convolution with the input image can be ef-
ficiently computed by applying two passes of the 1D Gaussian function in the horizontal and
vertical directions:
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For key localization, all smoothing operations are done using o = /2, which can be approxi-
mated with sufficient accuracy using a 1D kernel with 7 sample points.

A pyramid of Gaussian images is computed at al scales differing by factors of 1.5, using
smoothingfollowed by resampling. Images at adjacent scal esare subtracted prior to resampling
to obtain the difference of Gaussian function. See [13] for details on how this can computed
very efficiently. Maximaand minimaof this scale-space function are determined by comparing
each pixel in the pyramid to itsimmediate neighboursin location and scale.

4. Key orientation and stability

To characterize theimage at each key location, the smoothed image at each level of the pyramid
is processed to extract image gradients and orientations. At each pixel, A;;, theimage gradient
magnitude, M;;, and orientation, R ;;, are computed using pixel differences:

M;; = \/(Az'j = Aip1j)? + (Aij — Aij)?
R;j = atan2 (Aj; — Aiy1j, Aije1 — Aij)

The pixel differences are efficient to compute and provide sufficient accuracy due to the sub-
stantial level of previous smoothing.

Robustnesstoillumination change is enhanced by threshol ding the gradient magnitudesat a
value of 0.1 times the maximum possiblegradient value. Thisreduces the effect of achangein
illumination direction for asurfacewith 3D relief, asanillumination change may resultin large
changes to gradient magnitude but will probably have lessinfluence on gradient orientation.

Each key | ocationisassigned acanonical orientation so that theimage descriptorsareinvari-
ant to rotation. In order to make this as stable as possible against lighting or contrast changes,



the orientation is determined by the peak in a histogram of loca image gradient orientations.
The orientation histogram is created using a Gaussi an-weighted window with o of 3 timesthat
of the current smoothing scale. Theseweightsare multiplied by the threshol ded gradient values
and accumulated in the histogram at |ocations corresponding to the orientation, R ;;.

Thestability of theresulting keys can betested by subjecting natural imagesto affine projec-
tion, contrast and brightness changes, and addition of noise. The location of each key detected
in thefirst image can be predicted in the transformed image from knowledge of the transform
parameters. Testing on a collection of natural images[13] showsthat about 70% of the key lo-
cationswill be stableto these changesand will be detected at the correct corresponding location,
orientation, and scale.

5. Local imagedescription

Given a stable location, scale, and orientation for each key, it is now possibleto describe the
local image region in amanner invariant to these transformations. In addition, it isdesirable to
make this representation robust against small shiftsin local geometry, such as arise from affine
or 3D projection. One approach to thisis suggested by the response properties of complex neu-
ronsinthevisual cortex, inwhich afeature positionisallowed to vary over asmall regionwhile
orientation and spatial frequency specificity are maintained. Edelman, Intrator & Poggio [5]
have performed experiments that simulated the responses of complex neurons to different 3D
viewsof computer graphic models, and found that the complex cell outputsprovided much bet-
ter discrimination than simple correl ation-based matching. This can be seen, for example, if an
affine projection stretches an image in one direction relative to another, which changestherela-
tivelocationsof gradient featureswhile having asmaller effect on their orientationsand spatial
frequencies.

Thisrobustnessto local geometric distortion can be obtained by representing the local im-
age region with multiple images representing each of a number of orientations (referred to as
orientation planes). Each orientation plane contains only the gradients corresponding to that
orientation, with linear interpolation used for intermediate orientations. Each orientation plane
isblurred and resampled at fewer locationsto allow for larger shiftsin positionsof thegradients.

Thisapproach can be efficiently implemented by using the same precomputed gradientsand
orientations for each level of the pyramid that were used for orientation selection. For each
keypoint, we use the pixd sampling from the pyramid level at which the key was detected (to
maintain scale invariance). The pixelsthat fal in acircle of radius 8 pixels around the key
location areinsertedinto the orientation planes. Theorientationsare measured relativeto that of
the key by subtracting the key’s orientation. For our experimentswe used 8 orientation planes,
each sampled over a4 x 4 grid of locations, with a sample spacing 4 times that of the pixel
spacing for that pyramid level. Theblurringisachieved by allocating the gradient of each pixel
among its8 closest neighborsinthe samplegrid, using linear interpolationin orientationand the
two spatial dimensions. This implementation is much more efficient than performing explicit
blurring and resampling, yet gives amost equivalent results.

In order to sampletheimageat alarger scale, the same processisrepeated for asecond level
of the pyramid one octave higher. However, thistimea?2 x 2 rather than a4 x 4 sampleregion
isused. Thismeansthat approximately the same image region will be examined at both scales,
so that any nearby occlusionswill not affect one scale more than the other. Therefore, the total



Figure 1. Top row shows model images for 3D objects with outlines found by background
segmentation. Images below show the recognition results for these objects with superimposed
model outlinesand image key locations used for matching.

number of samplesin the SIFT key vector, from both scales, is8 x 4 x 4 + 8 x 2 x 2 or 160
elements, giving enough measurements for high specificity.

6. Indexing and matching

For indexing, weneed to storethe SIFT keysfor sampleimagesand thenidentify matching keys
from new images. The problem of identifying the most similar keys for high dimensional vec-
torsisknown to have high complexity if an exact solutionisrequired. However, amodification
of the k-d tree algorithm called the best-bin-first search method (Beis & Lowe[2]) can identify
the nearest neighbors with high probability using only alimited amount of computation.

An efficient way to cluster reliable model hypothesesisto use the Hough transform [1] to
search for keysthat agree upon aparticular model pose. Each model key inthe database contains
arecord of the key’s parameters relative to the mode coordinate system. Therefore, we can
create an entry in a hash table predicting the model location, orientation, and scale from the
match hypothesis. We use a bin size of 30 degrees for orientation, a factor of 2 for scale, and
0.25 times the maximum model dimension for location. These rather broad bin sizes allow for



clustering eveninthe presence of substantial geometric distortion, such asduetoachangein 3D
viewpoint. To avoid the problem of boundary effects in hashing, a hypothesisthat is closeto a
bin boundary is hashed into bins on both sides of the boundary for al dimensions (anal ogousto
afeature neuron activating multipl e object-sel ective neurons with overl apping receptivefields).

Thehashtableissearched to identify all clustersof at least 3 entriesinabin, andthebinsare
sorted into decreasing order of size. Each such cluster isthen subject to averification procedure
in which aleast-squares solution is performed for the affine projection parameters relating the
model to theimage [12, 13].

Outliers can now be removed by checking for agreement between each image feature and
themodel, given the parameter solution. Each match must agree within 15 degrees orientation,
V2 changein scale, and 0.2 times maximum mode! size in terms of location. If fewer than 3
pointsremain after discarding outliers, then the match isregjected. If any outliersare discarded,
the |east-squares solution is re-sol ved with the remaining points.

Knowledge of the model pose allows us to perform top-down matching, in which al image
keyswithin the model region are checked for whether they are consistent with the model pose.
Features are often added at this stage that were not in the original hash bin dueto errorsin pre-
dicting the model parameters from a single feature or due to previous ambiguity in the object
match for afeature.

7. Experiments

The top row of Figure 1 shows three model images of typical objects that were used to test
recognition. The models were photographed on a black background, and object outlineswere
extracted by segmenting out the background region (the outlinesare used only for display pur-
poses and play no role in recognition). Examples of recognition in occluded, cluttered images
are shown below the model images. The SIFT key locations used for recognition are shown
superimposed on the test images. The object outlines are also projected onto the image using
the best-fit affine parameter solution. Since only 3 keysare needed for robust recognition, it can
be seen that the solutionsare often highly redundant and can survive substantial occlusion.

Although the model images and affine parameters do not account for rotation in depth of
3D objects, they are still sufficient to perform robust recognition of 3D objects over about a 20
degree range of rotation in depth away from each model view. The images in these examples
areof size384 x 512 pixels. The computationtimesfor recognition of al objectsin each image
are about 1.5 seconds on a Sun Sparc 10 processor, with about 0.9 seconds required to build the
scale-space pyramid and identify the SIFT keys, and about 0.6 secondsto perform indexing and
least-squares verification. Thisdoes not include time to pre-process each model image, which
would be about 1 second per image, but would only need to be done once for initia entry into
amodel database.

Thesefirst examplesused only singletrainingimages and tested recognitionfor viewswithin
about 20 degrees of the training view. We have recently developed an approach to integrating
images from many different viewpoints. Large changesin pose are handled by noticing when
the least-squares solution has a high residual (above 0.1 of model image size) and creating a
new model view. Pointsthat match across views are linked so that indexing can consider both
possible model views for images near the boundaries. For small changesin view (with alow
least-squaresresidual) the key pointsfrom all images are combined into acommon model view.



Figure 2: (&) Five training images of aface were used to build a model. (b) The model was
matched to five test images, as shown with the overlay of matched keys below each image.
(c) Parts of atest image could be recognized following insertion into a cluttered scene. (Face
images are courtesy of AT& T Laboratories Cambridge).

Thisalowsasingle model to incorporate features from training views that have different illu-
mination or changesin model shape, such as differing expressions on aface.

Figure2 showsthisrecognition approach being applied to faceimages. Fivetrainingimages
shown in Figure 2(a) were used to build a model of the face. These were easily matched to
one another in spite of variations in pose and illumination, and the features combined into a
common model. Thismaodel could then be matched to subsequent images, such as the five test
imagesin Figure 2(b). Under each image are shown the keysthat were used to match the model
to the image, as well as an outer rectangle showing the least-squares solution for the model
affine fit. The robustness of the approach isillustrated by taking portions of atest image and
inserting them into a natura cluttered image, as shown in Figure 2(c). These face parts are



easily identified, as shown by the superimposed keys and solutionfor the model frame. In fact,
the face portion could be considerably smaller and still produce at least 3 key matches. While
these experiments are still at a preliminary stage, they show promise for face recognition from
arbitrary posein cluttered scenes.

8. Conclusions and discussion

We have described an efficient method for the detection of denselocal features of intermediate
complexity. These SIFT features are sensitiveto local image shape properties while being par-
tially invariant to many common imaging transformations. Object matching is performed by
identifying clusters of features that agree on amodel interpretation, solving for best-fit model
parameters, and integrating featuresthat agree with thisinterpretation. Thisapproachisbroadly
similarinitsuse of featuresand their integrationto what isknown of object recognitioninvisual
cortex.

One topic that we have not considered is the discrimination and categorization of similar
instanceswithin an object class (for example, identifying aparticular person or expression from
matching afaceimage). Thiscould probably be performed using the same set of SIFT features
by maintaining the correlations between each feature type and the categorizations of interest,
but this approach remains to be developed and tested. In IT cortex, neurons are organized in
columns that respond to close variations on each feature [20], and these feature columnslikely
play the role of assisting fine discriminations between similar shapes.

Human vision is sometimes able to identify clear, isolated objects so rapidly that it seems
likely that recognition is performed in a purely bottom-up manner [23]. We might model this
as consisting of just the Hough transform stage that generates object hypotheses as a conjunc-
tion of features without detailed verification of consistent model parameters. However, human
object recognition in cluttered scenes appears to require a process of seria attention to one ob-
ject at atime [25] (afamiliar scene can itself be recognized as a single object). This appearsto
involvethe determination of object pose and other parameters, aswell as selection and integra-
tion of features consistent with these parameters. This process appearsto be consistent withthe
verification component described above, including best-fit parameter solving, outlier detection,
and integration of new consistent features that were not sufficiently distinctiveto contributeto
theinitial object hypothesis.

One clear difference to IT cortex isthat the SIFT features are invariant to image rotation,
whileneuronsin IT cortex are usually not. However, the rotation invariance brings significant
improvements in efficiency and is easily accounted for by the subsequent indexing and least-
squares verification. Lessisknown about how orientation constraints are enforced in primate
vision.

Another areafor further development isto add new SIFT feature typesto incorporate color,
texture, and edge groupings, al of which play animportant rolein primatevision. Scale-invariant
edge groupings that make local figure-ground discriminations would be particularly useful at
object boundarieswhere background clutter can interfere with other features. Theindexingand
verification framework alowsfor al types of scale and rotation invariant features to be incor-
porated into a single model representation.
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