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Abstract

This paper presents a method for extracting distinctivariant features from
images that can be used to perform reliable matching betdiderent views of
an object or scene. The features are invariant to image aoaleotation, and
are shown to provide robust matching across a a substaatigérof af ne dis-
tortion, change in 3D viewpoint, addition of noise, and amin illumination.
The features are highly distinctive, in the sense that desifegaiture can be cor-
rectly matched with high probability against a large dasagbaf features from
many images. This paper also describes an approach to uwmsg features
for object recognition. The recognition proceeds by matghndividual fea-
tures to a database of features from known objects using adasest-neighbor
algorithm, followed by a Hough transform to identify clustdelonging to a sin-
gle object, and nally performing veri cation through leasquares solution for
consistent pose parameters. This approach to recogngiomabustly identify
objects among clutter and occlusion while achieving nedrtime performance.

Accepted for publication in thénternational Journal of Computer Visioz004.



1 Introduction

Image matching is a fundamental aspect of many problemsrimpater vision, including
object or scene recognition, solving for 3D structure fromitiple images, stereo correspon-
dence, and motion tracking. This paper describes imagargsathat have many properties
that make them suitable for matching differing images of bject or scene. The features are
invariant to image scaling and rotation, and partially nwat to change in illumination and
3D camera viewpoint. They are well localized in both the ighaind frequency domains, re-
ducing the probability of disruption by occlusion, cluiter noise. Large numbers of features
can be extracted from typical images with ef cient algonith In addition, the features are
highly distinctive, which allows a single feature to be eatlty matched with high probability
against a large database of features, providing a basibfectoand scene recognition.

The cost of extracting these features is minimized by takingscade Itering approach,
in which the more expensive operations are applied onlycations that pass an initial test.
Following are the major stages of computation used to géména set of image features:

1. Scale-space extrema detectiorithe rst stage of computation searches over all scales
and image locations. It is implemented ef ciently by usinglifference-of-Gaussian
function to identify potential interest points that aredanant to scale and orientation.

2. Keypoint localization: At each candidate location, a detailed model is tto detemni
location and scale. Keypoints are selected based on measitteir stability.

3. Orientation assignment: One or more orientations are assigned to each keypoint lo-
cation based on local image gradient directions. All futoperations are performed
on image data that has been transformed relative to theneskagientation, scale, and
location for each feature, thereby providing invariancéhgse transformations.

4. Keypoint descriptor: The local image gradients are measured at the selected scale
in the region around each keypoint. These are transformedaimepresentation that
allows for signi cant levels of local shape distortion arttanige in illumination.

This approach has been named the Scale Invariant Featurgfdma (SIFT), as it transforms
image data into scale-invariant coordinates relative ¢alléeatures.

An important aspect of this approach is that it generataglaumbers of features that
densely cover the image over the full range of scales anditmsa A typical image of size
500x500 pixels will give rise to about 2000 stable featuedthéugh this number depends on
both image content and choices for various parameters).qiiietity of features is partic-
ularly important for object recognition, where the abilitydetect small objects in cluttered
backgrounds requires that at least 3 features be correetlghed from each object for reli-
able identi cation.

For image matching and recognition, SIFT features are x$taeted from a set of ref-
erence images and stored in a database. A new image is méatgadividually comparing
each feature from the new image to this previous databasenalinj candidate match-
ing features based on Euclidean distance of their featurtorge This paper will discuss
fast nearest-neighbor algorithms that can perform thisprdation rapidly against large
databases.

The keypoint descriptors are highly distinctive, whicloals a single feature to nd its
correct match with good probability in a large database afuiees. However, in a cluttered
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image, many features from the background will not have amgecomatch in the database,
giving rise to many false matches in addition to the correwso The correct matches can
be ltered from the full set of matches by identifying sulsef keypoints that agree on the
object and its location, scale, and orientation in the neagen The probability that several
features will agree on these parameters by chance is mudr linan the probability that
any individual feature match will be in error. The deterntioa of these consistent clusters
can be performed rapidly by using an ef cient hash table enpéntation of the generalized
Hough transform.

Each cluster of 3 or more features that agree on an objecttanmbse is then subject
to further detailed veri cation. First, a least-squarediraate is made for an af ne approxi-
mation to the object pose. Any other image features comsistith this pose are identi ed,
and outliers are discarded. Finally, a detailed compuiasanade of the probability that a
particular set of features indicates the presence of arcplgeven the accuracy of t and
number of probable false matches. Object matches that fdkese tests can be identi ed
as correct with high con dence.

2 Related research

The development of image matching by using a set of locatestegoints can be traced back
to the work of Moravec (1981) on stereo matching using a codegector. The Moravec
detector was improved by Harris and Stephens (1988) to makere repeatable under small
image variations and near edges. Harris also showed itg Yailef cient motion tracking
and 3D structure from motion recovery (Harris, 1992), aral Harris corner detector has
since been widely used for many other image matching tasksleWhese feature detectors
are usually called corner detectors, they are not selepistgcorners, but rather any image
location that has large gradients in all directions at a @enined scale.

The initial applications were to stereo and short-rangeandtacking, but the approach
was later extended to more dif cult problems. Zhagigal. (1995) showed that it was possi-
ble to match Harris corners over a large image range by usoagralation window around
each corner to select likely matches. Outliers were theroverh by solving for a funda-
mental matrix describing the geometric constraints betvike two views of rigid scene and
removing matches that did not agree with the majority sofutiAt the same time, a similar
approach was developed by Torr (1995) for long-range matiatching, in which geometric
constraints were used to remove outliers for rigid objeatsing within an image.

The ground-breaking work of Schmid and Mohr (1997) showed ithvariant local fea-
ture matching could be extended to general image recognitioblems in which a feature
was matched against a large database of images. They alddHases corners to select
interest points, but rather than matching with a corretationdow, they used a rotationally
invariant descriptor of the local image region. This allowfeatures to be matched under
arbitrary orientation change between the two images. Euribre, they demonstrated that
multiple feature matches could accomplish general red¢iognunder occlusion and clutter
by identifying consistent clusters of matched features.

The Harris corner detector is very sensitive to changes emganscale, so it does not
provide a good basis for matching images of different sizEarlier work by the author
(Lowe, 1999) extended the local feature approach to actseake invariance. This work
also described a new local descriptor that provided motendisve features while being less



sensitive to local image distortions such as 3D viewpoiaingfe. This current paper provides
a more in-depth development and analysis of this earliekywehile also presenting a number
of improvements in stability and feature invariance.

There is a considerable body of previous research on igergifepresentations that are
stable under scale change. Some of the rst work in this araa by Crowley and Parker
(1984), who developed a representation that identi ed peatd ridges in scale space and
linked these into a tree structure. The tree structure ctidd be matched between images
with arbitrary scale change. More recent work on graph-dasatching by Shokoufandeh,
Marsic and Dickinson (1999) provides more distinctive deatdescriptors using wavelet co-
ef cients. The problem of identifying an appropriate anahsistent scale for feature detection
has been studied in depth by Lindeberg (1993, 1994). Heibesdhis as a problem of scale
selection, and we make use of his results below.

Recently, there has been an impressive body of work on exigridcal features to be
invariant to full af ne transformations (Baumberg, 2000uytelaars and Van Gool, 2000;
Mikolajczyk and Schmid, 2002; Schaffalitzky and Zissern2002; Brown and Lowe, 2002).
This allows for invariant matching to features on a planafame under changes in ortho-
graphic 3D projection, in most cases by resampling the inmageocal af ne frame. How-
ever, none of these approaches are yet fully af ne invayiagtthey start with initial feature
scales and locations selected in a non-af ne-invariant mearlue to the prohibitive cost of
exploring the full af ne space. The af ne frames are are afsore sensitive to noise than
those of the scale-invariant features, so in practice tine &atures have lower repeatability
than the scale-invariant features unless the af ne distiolis greater than about a 40 degree
tilt of a planar surface (Mikolajczyk, 2002). Wider af nevariance may not be important for
many applications, as training views are best taken at és@sy 30 degrees rotation in view-
point (meaning that recognition is within 15 degrees of dosest training view) in order to
capture non-planar changes and occlusion effects for 3&cthj

While the method to be presented in this paper is not fullyhafinvariant, a different
approach is used in which the local descriptor allows naddeature positions to shift signif-
icantly with only small changes in the descriptor. This agmh not only allows the descrip-
tors to be reliably matched across a considerable rangengf distortion, but it also makes
the features more robust against changes in 3D viewpoinhdorplanar surfaces. Other
advantages include much more ef cient feature extractiod e ability to identify larger
numbers of features. On the other hand, af ne invariancevesl@able property for matching
planar surfaces under very large view changes, and furdiselarch should be performed on
the best ways to combine this with non-planar 3D viewpoirairance in an ef cient and
stable manner.

Many other feature types have been proposed for use in rgmpgrsome of which could
be used in addition to the features described in this pappragde further matches under
differing circumstances. One class of features are thagenthhke use of image contours or
region boundaries, which should make them less likely toibrugted by cluttered back-
grounds near object boundaries. Magasl., (2002) have shown that their maximally-stable
extremal regions can produce large numbers of matchingriesatvith good stability. Miko-
lajczyk et al., (2003) have developed a new descriptor that uses local edgjésignoring
unrelated nearby edges, providing the ability to nd stdelatures even near the boundaries
of narrow shapes superimposed on background clutter. Nelad Selinger (1998) have
shown good results with local features based on groupingmafle contours. Similarly,



Pope and Lowe (2000) used features based on the hierarghazgding of image contours,
which are particularly useful for objects lacking detaitegture.

The history of research on visual recognition contains wamka diverse set of other
image properties that can be used as feature measuremeatseirG and Jepson (2002)
describe phase-based local features that represent the gaiher than the magnitude of local
spatial frequencies, which is likely to provide improvegldriance to illumination. Schiele
and Crowley (2000) have proposed the use of multidimensiiggograms summarizing the
distribution of measurements within image regions. Thigetpf feature may be particularly
useful for recognition of textured objects with deformablapes. Basri and Jacobs (1997)
have demonstrated the value of extracting local region tates for recognition. Other
useful properties to incorporate include color, motionyrg-ground discrimination, region
shape descriptors, and stereo depth cues. The local fegipreach can easily incorporate
novel feature types because extra features contributdtstoess when they provide correct
matches, but otherwise do little harm other than their cbsbmputation. Therefore, future
systems are likely to combine many feature types.

3 Detection of scale-space extrema

As described in the introduction, we will detect keypoinssng a cascade ltering approach
that uses ef cient algorithms to identify candidate looas that are then examined in further
detail. The rst stage of keypoint detection is to identifychtions and scales that can be
repeatably assigned under differing views of the same tbjeetecting locations that are
invariant to scale change of the image can be accomplishegdrghing for stable features
across all possible scales, using a continuous functionadé «known as scale space (Witkin,
1983).

It has been shown by Koenderink (1984) and Lindeberg (199) under a variety of
reasonable assumptions the only possible scale-spacd ketine Gaussian function. There-
fore, the scale space of an image is de ned as a functigr; y; ), that is produced from
the convolution of a variable-scale Gaussi@ifx;y; ), with an input imagel (x;y):

LGy )= Gxy; ) 1(xy);

where is the convolution operation x andy, and
G(xv: )= 1 (x2+y2)=2 2,
(le1 )_ ﬁe .

To ef ciently detect stable keypoint locations in scale apave have proposed (Lowe, 1999)
using scale-space extrema in the difference-of-Gaussiactiobn convolved with the image,

D(x;y; ), which can be computed from the difference of two nearbyescaéparated by a

constant multiplicative factdk:

(Gxy;k ) Gxy; ) 1(xy)
LOGy;k ) Lixy; ): 1)
There are a number of reasons for choosing this functiost, kiis a particularly ef cient

function to compute, as the smoothed imadesneed to be computed in any case for scale
space feature description, aBdcan therefore be computed by simple image subtraction.

D(x;y; )
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Figure 1: For each octave of scale space, the initial imagepieatedly convolved with Gaussians to
produce the set of scale space images shown on the left. émdj@aussian images are subtracted
to produce the difference-of-Gaussian images on the rigfter each octave, the Gaussian image is
down-sampled by a factor of 2, and the process repeated.

In addition, the difference-of-Gaussian function progideclose approximation to the
scale-normalized Laplacian of Gaussiaf; 2G, as studied by Lindeberg (1994). Lindeberg
showed that the normalization of the Laplacian with thedact is required for true scale
invariance. In detailed experimental comparisons, Mijcalgk (2002) found that the maxima
and minima of ?r ?G produce the most stable image features compared to a ramgesof
possible image functions, such as the gradient, Hessidtawis corner function.

The relationship betweed and ?r 2G can be understood from the heat diffusion equa-
tion (parameterized in terms ofrather than the more usuak  2):

@G_

@
From this, we see that °G can be computed from the nite difference approximation to
@ G=@ using the difference of nearby scalekatand :

_ @G G(xyik ) G(xy; )
@ k

r 2G:

r 2G

and therefore,

G(xy;k ) G(xy; ) (k 1) ?r %G

This shows that when the difference-of-Gaussian functias $cales differing by a con-
stant factor it already incorporates th&scale normalization required for the scale-invariant
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Figure 2: Maxima and minima of the difference-of-Gaussiaages are detected by comparing a
pixel (marked with X) to its 26 neighbors in 3x3 regions at therent and adjacent scales (marked
with circles).

Laplacian. The factotk 1) in the equation is a constant over all scales and therefas do
not in uence extrema location. The approximation errorl\gib to zero ak goes to 1, but
in practice we have found that the approximation has almostnpact on the statbility of
extrema detection or localization for even signi cant diffnces in scale, suchlas = 2.

An ef cient approach to construction d (x;y; ) is shown in Figure 1. The initial
image is incrementally convolved with Gaussians to prodonaaes separated by a constant
factork in scale space, shown stacked in the left column. We choodmitte each octave
of scale space (i.e., doubling of) into an integer numbers, of intervals, sok = 2175:
We must produces + 3 images in the stack of blurred images for each octave, sorthht
extrema detection covers a complete octave. Adjacent imeges are subtracted to produce
the difference-of-Gaussian images shown on the right. @Gncemplete octave has been
processed, we resample the Gaussian image that has twirgtitdevalue of (it will be 2
images from the top of the stack) by taking every second fixebch row and column. The
accuracy of sampling relative to is no different than for the start of the previous octave,
while computation is greatly reduced.

3.1 Local extrema detection

In order to detect the local maxima and minimax(fx; y; ), each sample pointis compared
to its eight neighbors in the current image and nine neighbothe scale above and below
(see Figure 2). Itis selected only if it is larger than allleé$e neighbors or smaller than all
of them. The cost of this check is reasonably low due to thetfed most sample points will
be eliminated following the rst few checks.

An important issue is to determine the frequency of samplirthe image and scale do-
mains that is needed to reliably detect the extrema. Unifattly, it turns out that there is
no minimum spacing of samples that will detect all extrensath& extrema can be arbitrar-
ily close together. This can be seen by considering a whitdecon a black background,
which will have a single scale space maximum where the @rqubsitive central region of
the difference-of-Gaussian function matches the size acatibn of the circle. For a very
elongated ellipse, there will be two maxima near each enteétlipse. As the locations of
maxima are a continuous function of the image, for somesdlipith intermediate elongation
there will be a transition from a single maximum to two, witle tmaxima arbitrarily close to
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Figure 3: The top line of the rst graph shows the percent ofdants that are repeatably detected at
the same location and scale in a transformed image as aduaraftthe number of scales sampled per
octave. The lower line shows the percent of keypoints thae lizeir descriptors correctly matched to

a large database. The second graph shows the total numbeymdikts detected in a typical image

as a function of the number of scale samples.

each other near the transition.

Therefore, we must settle for a solution that trades off iehcy with completeness.
In fact, as might be expected and is con rmed by our experisieextrema that are close
together are quite unstable to small perturbations of thegam We can determine the best
choices experimentally by studying a range of samplingueegies and using those that
provide the most reliable results under a realistic sintadf the matching task.

3.2 Frequency of sampling in scale

The experimental determination of sampling frequency thakimizes extrema stability is

shown in Figures 3 and 4. These gures (and most other simukin this paper) are based
on a matching task using a collection of 32 real images dra@m & diverse range, including

outdoor scenes, human faces, aerial photographs, andriatlimages (the image domain
was found to have almost no in uence on any of the resultsghiimage was then subject to a
range of transformations, including rotation, scalinghaftretch, change in brightness and
contrast, and addition of image noise. Because the changessynthetic, it was possible
to precisely predict where each feature in an original inslg®uld appear in the transformed
image, allowing for measurement of correct repeatability positional accuracy for each
feature.

Figure 3 shows these simulation results used to examindft ef varying the number
of scales per octave at which the image function is samplied far extrema detection. In
this case, each image was resampled following rotation ndam angle and scaling by
a random amount between 0.2 of 0.9 times the original sizeyp#iats from the reduced
resolution image were matched against those from the afigimge so that the scales for all
keypoints would be be present in the matched image. In aaditi% image noise was added,
meaning that each pixel had a random number added from tf@rmninterval [-0.01,0.01]
where pixel values are in the range [0,1] (equivalent to jgliag slightly less than 6 bits of
accuracy for image pixels).
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The top line in the rst graph of Figure 3 shows the percent@fpoints that are detected
at a matching location and scale in the transfornbed imagealFexamples in this paper, we
de ne a matching scale as being within a factor o2 of the correct scale, and a matching
location as being within pixels, where is the scale of the keypoint (de ned from equation
(1) as the standard deviation of the smallest Gaussian us#tkidifference-of-Gaussian
function). The lower line on this graph shows the number gfpkénts that are correctly
matched to a database of 40,000 keypoints using the newsigbtbor matching procedure
to be described in Section 6 (this shows that once the keymirepeatably located, it is
likely to be useful for recognition and matching tasks). Astgraph shows, the highest
repeatability is obtained when sampling 3 scales per octawe this is the number of scale
samples used for all other experiments throughout thismpape

It might seem surprising that the repeatability does nottinae to improve as more
scales are sampled. The reason is that this results in margylooal extrema being detected,
but these extrema are on average less stable and thereéolesarlikely to be detected in
the transformed image. This is shown by the second graphguar&i3, which shows the
average number of keypoints detected and correctly maticheaich image. The number of
keypoints rises with increased sampling of scales and thertomber of correct matches also
rises. Since the success of object recognition often deperade on the quantity of correctly
matched keypoints, as opposed to their percentage coregchimg, for many applications it
will be optimal to use a larger number of scale samples. Hewske cost of computation
also rises with this number, so for the experiments in thigepave have chosen to use just 3
scale samples per octave.

To summarize, these experiments show that the scale-spggmente-of-Gaussian func-
tion has a large number of extrema and that it would be vergmrsige to detect them all.
Fortunately, we can detect the most stable and useful saetssatwith a coarse sampling of
scales.



3.3 Frequency of sampling in the spatial domain

Just as we determined the frequency of sampling per octagseatd space, so we must de-
termine the frequency of sampling in the image domain radatid the scale of smoothing.
Given that extrema can be arbitrarily close together, thaltde a similar trade-off between
sampling frequency and rate of detection. Figure 4 showsperenental determination of
the amount of prior smoothing,, that is applied to each image level before building the
scale space representation for an octave. Again, the tepdithe repeatability of keypoint
detection, and the results show that the repeatabilityimoes to increase with. However,
there is a cost to using a largein terms of ef ciency, so we have chosen to use= 1:6,
which provides close to optimal repeatability. This valsaised throughout this paper and
was used for the results in Figure 3.

Of course, if we pre-smooth the image before extrema detectie are effectively dis-
carding the highest spatial frequencies. Therefore, toenfialk use of the input, the image
can be expanded to create more sample points than were pnesba original. We dou-
ble the size of the input image using linear interpolatioimto building the rst level of
the pyramid. While the equivalent operation could effativhave been performed by us-
ing sets of subpixel-offset Iters on the original imageetimage doubling leads to a more
ef cient implementation. We assume that the original im&ge a blur of at least = 0:5
(the minimum needed to prevent signi cant aliasing), arat tihherefore the doubled image
has = 1:0relative to its new pixel spacing. This means that littleiiddal smoothing is
needed prior to creation of the rst octave of scale space ilffage doubling increases the
number of stable keypoints by almost a factor of 4, but noisignt further improvements
were found with a larger expansion factor.

4 Accurate keypoint localization

Once a keypoint candidate has been found by comparing a foitd neighbors, the next
step is to perform a detailed t to the nearby data for loaatiscale, and ratio of principal
curvatures. This information allows points to be rejectedt thave low contrast (and are
therefore sensitive to noise) or are poorly localized alangdge.

The initial implementation of this approach (Lowe, 1999npgly located keypoints at
the location and scale of the central sample point. Howeeeently Brown has developed
a method (Brown and Lowe, 2002) for tting a 3D quadratic ftion to the local sample
points to determine the interpolated location of the maximand his experiments showed
that this provides a substantial improvement to matchirmgsaability. His approach uses the
Taylor expansion (up to the quadratic terms) of the scadeespunctionD (x;y; ), shifted
so that the origin is at the sample point:

D(x):D+@x+§x ——X (2)
whereD and its derivatives are evaluated at the sample poinkand x;y; )T is the offset
from this point. The location of the extremumy, is determined by taking the derivative of
this function with respect ta and setting it to zero, giving

@b 1 .:@D
@2

@b ‘@p

= e @&

3)
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Figure 5: This gure shows the stages of keypoint selecti@).The 233x189 pixel original image.
(b) The initial 832 keypoints locations at maxima and minioh¢éhe difference-of-Gaussian function.
Keypoints are displayed as vectors indicating scale, tatern, and location. (c) After applying
a threshold on minimum contrast, 729 keypoints remain. (@ Thal 536 keypoints that remain
following an additional threshold on ratio of principal gatures.

As suggested by Brown, the Hessian and derivativ® odre approximated by using dif-
ferences of neighboring sample points. The resulting 3x&ali system can be solved with
minimal cost. If the offse® is larger than 0.5 in any dimension, then it means that the ex-
tremum lies closer to a different sample point. In this cése sample point is changed and
the interpolation performed instead about that point. T offset® is added to the location
of its sample point to get the interpolated estimate for tlwation of the extremum.

The function value at the extremum,(® ), is useful for rejecting unstable extrema with
low contrast. This can be obtained by substituting equaBymto (2), giving

1@0
D®)= D+ S R
For the experiments in this paper, all extrema with a valugDqR)j less than 0.03 were
discarded (as before, we assume image pixel values in tige fari]).

Figure 5 shows the effects of keypoint selection on a nataragie. In order to avoid too
much clutter, a low-resolution 233 by 189 pixel image is uaad keypoints are shown as
vectors giving the location, scale, and orientation of dagfpoint (orientation assignment is
described below). Figure 5 (a) shows the original imagectvis shown at reduced contrast
behind the subsequent gures. Figure 5 (b) shows the 832dirigat all detected maxima
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and minima of the difference-of-Gaussian function, whdg ghows the 729 keypoints that
remain following removal of those with a value @ ()j less than 0.03. Part (d) will be
explained in the following section.

4.1 Eliminating edge responses

For stability, it is not suf cient to reject keypoints wittow contrast. The difference-of-
Gaussian function will have a strong response along edges, i€ the location along the
edge is poorly determined and therefore unstable to smaluata of noise.

A poorly de ned peak in the difference-of-Gaussian funuotiwill have a large principal
curvature across the edge but a small one in the perpendditggtion. The principal curva-
tures can be computed from a 2x2 Hessian maktixcomputed at the location and scale of
the keypoint:

' #
Dxx ny

H =
Dxy Dyy

(4)
The derivatives are estimated by taking differences ofhimigng sample points.

The eigenvalues dfl are proportional to the principal curvatures»f Borrowing from
the approach used by Harris and Stephens (1988), we can expiititly computing the
eigenvalues, as we are only concerned with their ratio. Lée the eigenvalue with the
largest magnitude andbe the smaller one. Then, we can compute the sum of the eigesva
from the trace oH and their product from the determinant:

Tr(H)= Dyx + Dyy = + ;
Det(H) = DyxDyy (Dxy)?=

In the unlikely event that the determinant is negative, tireatures have different signs so the
point is discarded as not being an extremum.rLle¢ the ratio between the largest magnitude
eigenvalue and the smaller one, so that r . Then,

Tr(H)? _(+ )P_(r + )?_(r+1)?

Det(H) S oor 2
which depends only on the ratio of the eigenvalues rather their individual values. The
quantity(r + 1) 2=r is at a minimum when the two eigenvalues are equal and itasewith
r. Therefore, to check that the ratio of principal curvatusebelow some threshold, we
only need to check

Tr(H)?2 @ +1)2

Det(H) ro
This is very ef cient to compute, with less than 20 oating ipb operations required to
test each keypoint. The experiments in this paper use a w@hlue= 10, which eliminates
keypoints that have a ratio between the principal curvatgreater than 10. The transition
from Figure 5 (c) to (d) shows the effects of this operation.

12



5 Orientation assignment

By assigning a consistent orientation to each keypointdaselocal image properties, the
keypoint descriptor can be represented relative to thisntation and therefore achieve in-
variance to image rotation. This approach contrasts welotientation invariant descriptors
of Schmid and Mohr (1997), in which each image property igtam a rotationally invariant
measure. The disadvantage of that approach is that it limetslescriptors that can be used
and discards image information by not requiring all meastiocbe based on a consistent
rotation.

Following experimentation with a number of approaches sigaéng a local orientation,
the following approach was found to give the most stablelt@sihe scale of the keypoint
is used to select the Gaussian smoothed imhgeyith the closest scale, so that all compu-
tations are performed in a scale-invariant manner. For eaalje samplel.(x;y), at this
scale, the gradient magnitud®a,(x; y), and orientation, (x;y), is precomputed using pixel
differences:

q
m(x;y)=  (L(x+1;y) L(x ZLy)2+(L(xy+1) Ly 1)7?

(xy)=tan ((L(xy+1) Ly 1)=(L(x+1;y) L(x 1Lvy))

An orientation histogram is formed from the gradient or&ioins of sample points within
a region around the keypoint. The orientation histogram36asins covering the 360 degree
range of orientations. Each sample added to the histogrameighted by its gradient magni-
tude and by a Gaussian-weighted circular window withthat is 1.5 times that of the scale
of the keypoint.

Peaks in the orientation histogram correspond to dominiaetttbns of local gradients.
The highest peak in the histogram is detected, and then &y ltcal peak that is within
80% of the highest peak is used to also create a keypoint hatiorientation. Therefore, for
locations with multiple peaks of similar magnitude, theiith be multiple keypoints created at
the same location and scale but different orientationsy @pbut 15% of points are assigned
multiple orientations, but these contribute signi cantiythe stability of matching. Finally, a
parabola is tto the 3 histogram values closest to each peaktérpolate the peak position
for better accuracy.

Figure 6 shows the experimental stability of location, scahd orientation assignment
under differing amounts of image noise. As before the imagesrotated and scaled by
random amounts. The top line shows the stability of keypldnation and scale assign-
ment. The second line shows the stability of matching whenaifientation assignment is
also required to be within 15 degrees. As shown by the gapdmetvihe top two lines, the
orientation assignment remains accurate 95% of the time &fter addition of 10% pixel
noise (equivalent to a camera providing less than 3 bits e€ipion). The measured vari-
ance of orientation for the correct matches is about 2.5ad=grising to 3.9 degrees for 10%
noise. The bottom line in Figure 6 shows the nal accuracyamfectly matching a keypoint
descriptor to a database of 40,000 keypoints (to be disdusslew). As this graph shows,
the SIFT features are resistant to even large amounts df miee, and the major cause of
error is the initial location and scale detection.
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Figure 6: The top line in the graph shows the percent of kaypocations and scales that are repeat-
ably detected as a function of pixel noise. The second liogvshihe repeatability after also requiring
agreement in orientation. The bottom line shows the natpet of descriptors correctly matched to
a large database.

6 The local image descriptor

The previous operations have assigned an image locatiale, ®nd orientation to each key-
point. These parameters impose a repeatable local 2D cadediystem in which to describe
the local image region, and therefore provide invariandbdse parameters. The next step is
to compute a descriptor for the local image region that islijigistinctive yet is as invariant
as possible to remaining variations, such as change iniillaion or 3D viewpoint.

One obvious approach would be to sample the local imagesitiies around the key-
point at the appropriate scale, and to match these usingraatiaed correlation measure.
However, simple correlation of image patches is highly gsesto changes that cause mis-
registration of samples, such as af ne or 3D viewpoint cleaognon-rigid deformations. A
better approach has been demonstrated by Edelman, InmatbPoggio (1997). Their pro-
posed representation was based upon a model of biologiiahyiin particular of complex
neurons in primary visual cortex. These complex neurorzoreto a gradient at a particular
orientation and spatial frequency, but the location of treelgent on the retina is allowed to
shift over a small receptive eld rather than being pregidetalized. Edelmaset al. hypoth-
esized that the function of these complex neurons was ter dlomatching and recognition
of 3D objects from a range of viewpoints. They have performdethiled experiments using
3D computer models of object and animal shapes which shawrtatching gradients while
allowing for shifts in their position results in much bettdaissi cation under 3D rotation. For
example, recognition accuracy for 3D objects rotated irttuby 20 degrees increased from
35% for correlation of gradients to 94% using the complekmeldel. Our implementation
described below was inspired by this idea, but allows foitmosl shift using a different
computational mechanism.
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Figure 7: A keypoint descriptor is created by rst computihg gradient magnitude and orientation
at each image sample point in a region around the keypoiatitot, as shown on the left. These are
weighted by a Gaussian window, indicated by the overlaieirThese samples are then accumulated
into orientation histograms summarizing the contents dwdrsubregions, as shown on the right, with
the length of each arrow corresponding to the sum of the gradiagnitudes near that direction within
the region. This gure shows a 2x2 descriptor array comptiteth an 8x8 set of samples, whereas
the experiments in this paper use 4x4 descriptors comptutend 16x16 sample array.

6.1 Descriptor representation

Figure 7 illustrates the computation of the keypoint dgsori First the image gradient mag-
nitudes and orientations are sampled around the keypaiatitm, using the scale of the
keypoint to select the level of Gaussian blur for the imageorder to achieve orientation
invariance, the coordinates of the descriptor and the gnadirientations are rotated relative
to the keypoint orientation. For ef ciency, the gradients precomputed for all levels of the
pyramid as described in Section 5. These are illustrateld svitall arrows at each sample
location on the left side of Figure 7.

A Gaussian weighting function with equal to one half the width of the descriptor win-
dow is used to assign a weight to the magnitude of each sanoiée prhis is illustrated
with a circular window on the left side of Figure 7, althougli,course, the weight falls off
smoothly. The purpose of this Gaussian window is to avoidisncthanges in the descriptor
with small changes in the position of the window, and to gesslemphasis to gradients that
are far from the center of the descriptor, as these are mfested by misregistration errors.

The keypoint descriptor is shown on the right side of Figurdt allows for signi cant
shift in gradient positions by creating orientation hisargs over 4x4 sample regions. The
gure shows eight directions for each orientation histagrawith the length of each arrow
corresponding to the magnitude of that histogram entry. &lgnt sample on the left can
shift up to 4 sample positions while still contributing taeteame histogram on the right,
thereby achieving the objective of allowing for larger Ibpasitional shifts.

It is important to avoid all boundary affects in which the cigstor abruptly changes as a
sample shifts smoothly from being within one histogram totaar or from one orientation
to another. Therefore, trilinear interpolation is used igiribute the value of each gradient
sample into adjacent histogram bins. In other words, eatrly eno a bin is multiplied by a
weight of 1  d for each dimension, whemreis the distance of the sample from the central
value of the bin as measured in units of the histogram binisgac
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The descriptor is formed from a vector containing the valofall the orientation his-
togram entries, corresponding to the lengths of the arrowthe right side of Figure 7. The
gure shows a 2x2 array of orientation histograms, wheraasaperiments below show that
the best results are achieved with a 4x4 array of histograitis8aorientation bins in each.
Therefore, the experiments in this paper use a 4x4x8 = 128eziefeature vector for each
keypoint.

Finally, the feature vector is modi ed to reduce the effegtdlumination change. First,
the vector is normalized to unit length. A change in imagedresh in which each pixel value
is multiplied by a constant will multiply gradients by thensa constant, so this contrast
change will be canceled by vector normalization. A brigethehange in which a constant
is added to each image pixel will not affect the gradient @ajuas they are computed from
pixel differences. Therefore, the descriptor is invaritm@af ne changes in illumination.
However, non-linear illumination changes can also occar tducamera saturation or due to
illumination changes that affect 3D surfaces with diffgrisrientations by different amounts.
These effects can cause a large change in relative magsitoideome gradients, but are less
likely to affect the gradient orientations. Therefore, wduce the in uence of large gradient
magnitudes by thresholding the values in the unit featurtovdo each be no larger than
0.2, and then renormalizing to unit length. This means thaiiching the magnitudes for
large gradients is no longer as important, and that theiloligiion of orientations has greater
emphasis. The value of 0.2 was determined experimentaty images containing differing
illuminations for the same 3D objects.

6.2 Descriptor testing

There are two parameters that can be used to vary the conyptefxthe descriptor: the
number of orientations,, in the histograms, and the width, of then n array of orientation
histograms. The size of the resulting descriptor vectani& As the complexity of the
descriptor grows, it will be able to discriminate better itagge database, but it will also be
more sensitive to shape distortions and occlusion.

Figure 8 shows experimental results in which the number iehtattions and size of the
descriptor were varied. The graph was generated for a viewpansformation in which a
planar surface is tilted by 50 degrees away from the viewdr48 image noise is added.
This is near the limits of reliable matching, as itis in thesare dif cult cases that descriptor
performance is most important. The results show the peafdwypoints that nd a correct
match to the single closest neighbor among a database d@i@iRe§points. The graph shows
that a single orientation histogram (= 1) is very poor at discriminating, but the results
continue to improve up to a 4x4 array of histograms with 8radagons. After that, adding
more orientations or a larger descriptor can actually hatciting by making the descriptor
more sensitive to distortion. These results were broadylai for other degrees of view-
point change and noise, although in some simpler casesrdisation continued to improve
(from already high levels) with 5x5 and higher descriptaesi Throughout this paper we
use a 4x4 descriptor with 8 orientations, resulting in featuectors with 128 dimensions.
While the dimensionality of the descriptor may seem highhaee found that it consistently
performs better than lower-dimensional descriptors omgeaf matching tasks and that the
computational cost of matching remains low when using thr@pmate nearest-neighbor
methods described below.
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Figure 8: This graph shows the percent of keypoints givirgabrrect match to a database of 40,000
keypoints as a function of width of the n keypoint descriptor and the number of orientations in

each histogram. The graph is computed for images with af iegvgoint change of 50 degrees and
addition of 4% noise.

6.3 Sensitivity to af ne change

The sensitivity of the descriptor to af ne change is exardime Figure 9. The graph shows
the reliability of keypoint location and scale selectionientation assignment, and nearest-
neighbor matching to a database as a function of rotatiorepthdof a plane away from a
viewer. It can be seen that each stage of computation haseédapeatability with increas-
ing af ne distortion, but that the nal matching accuracymains above 50% out to a 50
degree change in viewpoint.

To achieve reliable matching over a wider viewpoint angiee of the af ne-invariant
detectors could be used to select and resample image reg®mdiscussed in Section 2. As
mentioned there, none of these approaches is truly af mariant, as they all start from initial
feature locations determined in a non-af ne-invariant mam In what appears to be the most
af ne-invariant method, Mikolajczyk (2002) has proposettiaun detailed experiments with
the Harris-af ne detector. He found that its keypoint rejadsdlity is below that given here out
to about a 50 degree viewpoint angle, but that it then retdose to 40% repeatability out to
an angle of 70 degrees, which provides better performarcexteeme af ne changes. The
disadvantages are a much higher computational cost, atrealirc the number of keypoints,
and poorer stability for small af ne changes due to erroragsigning a consistent af ne
frame under noise. In practice, the allowable range ofimtebr 3D objects is considerably
less than for planar surfaces, so af ne invariance is uguadit the limiting factor in the
ability to match across viewpoint change. If a wide rangef oiainvariance is desired, such
as for a surface that is known to be planar, then a simpleisolig to adopt the approach of
Pritchard and Heidrich (2003) in which additional SIFT feas are generated from 4 af ne-
transformed versions of the training image correspondin§Qt degree viewpoint changes.
This allows for the use of standard SIFT features with no taafthl cost when processing
the image to be recognized, but results in an increase inzbebthe feature database by a
factor of 3.
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Figure 9: This graph shows the stability of detection for p@wnt location, orientation, and nal
matching to a database as a function of af ne distortion. degree of af ne distortion is expressed
in terms of the equivalent viewpoint rotation in depth foarar surface.

6.4 Matching to large databases

An important remaining issue for measuring the distinctess of features is how the re-
liability of matching varies as a function of the number oétigres in the database being
matched. Most of the examples in this paper are generated astlatabase of 32 images
with about 40,000 keypoints. Figure 10 shows how the matctetiability varies as a func-
tion of database size. This gure was generated using afalgg@base of 112 images, with
a viewpoint depth rotation of 30 degrees and 2% image noiaddition to the usual random
image rotation and scale change.

The dashed line shows the portion of image features for wtiiemearest neighbor in
the database was the correct match, as a function of datalmsehown on a logarithmic
scale. The leftmost point is matching against features footy a single image while the
rightmost point is selecting matches from a database otatufes from the 112 images. It
can be seen that matching reliability does decrease as &dunid the number of distractors,
yet all indications are that many correct matches will ammi to be found out to very large
database sizes.

The solid line is the percentage of keypoints that were id=hat the correct match-
ing location and orientation in the transformed image, S8 iinly these points that have
any chance of having matching descriptors in the database. rdason this line is at is
that the test was run over the full database for each valude whly varying the portion
of the database used for distractors. It is of interest thatgap between the two lines is
small, indicating that matching failures are due more togsswith initial feature localization
and orientation assignment than to problems with featusgndtiveness, even out to large
database sizes.
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Figure 10: The dashed line shows the percent of keypointecily matched to a database as a
function of database size (using a logarithmic scale). Tiid §ine shows the percent of keypoints
assigned the correct location, scale, and orientationgé®m&ad random scale and rotation changes,
an af ne transform of 30 degrees, and image noise of 2% addedtp matching.

7 Application to object recognition

The major topic of this paper is the derivation of distinetimvariant keypoints, as described
above. To demonstrate their application, we will now giveriafdescription of their use
for object recognition in the presence of clutter and odolusMore details on applications
of these features to recognition are available in other pafieowe, 1999; Lowe, 2001; Se,
Lowe and Little, 2002).

Object recognition is performed by rst matching each kewpondependently to the
database of keypoints extracted from training images. Mdrilgese initial matches will be
incorrect due to ambiguous features or features that anseltbackground clutter. Therefore,
clusters of at least 3 features are rst identi ed that agoeean object and its pose, as these
clusters have a much higher probability of being correch timalividual feature matches.
Then, each cluster is checked by performing a detailed giimmeto the model, and the
result is used to accept or reject the interpretation.

7.1 Keypoint matching

The best candidate match for each keypoint is found by ityemg its nearest neighbor in the
database of keypoints from training images. The neareghher is de ned as the keypoint
with minimum Euclidean distance for the invariant desaniptector as was described in
Section 6.

However, many features from an image will not have any comeaich in the training
database because they arise from background clutter orneeédetected in the training im-
ages. Therefore, it would be useful to have a way to discaatlifes that do not have any
good match to the database. A global threshold on distant®etolosest feature does not
perform well, as some descriptors are much more discrifmmdhan others. A more ef-
fective measure is obtained by comparing the distance ofltdsest neighbor to that of the
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Figure 11: The probability that a match is correct can berd@teed by taking the ratio of distance
from the closest neighbor to the distance of the secondstlodsing a database of 40,000 keypoints,
the solid line shows the PDF of this ratio for correct matchésle the dotted line is for matches that
were incorrect.

second-closest neighbor. If there are multiple trainingges of the same object, then we
de ne the second-closest neighbor as being the closeshineighat is known to come from
a different object than the rst, such as by only using imaigeswn to contain different ob-
jects. This measure performs well because correct mataezbtno have the closest neighbor
signi cantly closer than the closest incorrect match toiaeé reliable matching. For false
matches, there will likely be a number of other false mataehi¢isin similar distances due to
the high dimensionality of the feature space. We can thinthefsecond-closest match as
providing an estimate of the density of false matches withis portion of the feature space
and at the same time identifying speci ¢ instances of feaambiguity.

Figure 11 shows the value of this measure for real image ddia.probability density
functions for correct and incorrect matches are shown imgeof the ratio of closest to
second-closest neighbors of each keypoint. Matches foctwtiie nearest neighbor was
a correct match have a PDF that is centered at a much lowertreth that for incorrect
matches. For our object recognition implementation, weategall matches in which the
distance ratio is greater than 0.8, which eliminates 90%®fdlse matches while discarding
less than 5% of the correct matches. This gure was genetatedatching images following
random scale and orientation change, a depth rotation ofeg@eds, and addition of 2%
image noise, against a database of 40,000 keypoints.

7.2 Ef cient nearest neighbor indexing

No algorithms are known that can identify the exact neareighiors of points in high di-
mensional spaces that are any more ef cient than exhaustiaech. Our keypoint descriptor
has a 128-dimensional feature vector, and the best algmijthuch as the k-d tree (Friedman
et al., 1977) provide no speedup over exhaustive search for moneatheut 10 dimensional
spaces. Therefore, we have used an approximate algoritilad ¢he Best-Bin-First (BBF)
algorithm (Beis and Lowe, 1997). This is approximate in tbese that it returns the closest
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neighbor with high probability.

The BBF algorithm uses a modi ed search ordering for the ked tlgorithm so that bins
in feature space are searched in the order of their clossstindie from the query location.
This priority search order was rst examined by Arya and Mb(t893), and they provide
further study of its computational properties in (Amtaal., 1998). This search order requires
the use of a heap-based priority queue for ef cient deteatiim of the search order. An
approximate answer can be returned with low cost by cuttfhfyidher search after a speci ¢
number of the nearest bins have been explored. In our impiemen, we cut off search after
checking the rst 200 nearest-neighbor candidates. Fotabdae of 100,000 keypoints, this
provides a speedup over exact nearest neighbor search by 2looders of magnitude yet
results in less than a 5% loss in the number of correct matches reason the BBF algorithm
works particularly well for this problem is that we only cahesr matches in which the nearest
neighbor is less than 0.8 times the distance to the secomgsteneighbor (as described in
the previous section), and therefore there is no need tdlgxsadve the most dif cult cases
in which many neighbors are at very similar distances.

7.3 Clustering with the Hough transform

To maximize the performance of object recognition for sroatighly occluded objects, we
wish to identify objects with the fewest possible numberaztfire matches. We have found
that reliable recognition is possible with as few as 3 fegguA typical image contains 2,000
or more features which may come from many different objestsell as background clutter.
While the distance ratio test described in Section 7.1 vidvaus to discard many of the
false matches arising from background clutter, this do¢samove matches from other valid
objects, and we often still need to identify correct subeétmatches containing less than 1%
inliers among 99% outliers. Many well-known robust ttingetihods, such as RANSAC or
Least Median of Squares, perform poorly when the percentligfrs falls much below 50%.
Fortunately, much better performance can be obtained tstaring features in pose space
using the Hough transform (Hough, 1962; Ballard, 1981; Gdm1990).

The Hough transform identi es clusters of features with agistent interpretation by
using each feature to vote for all object poses that are smgiwith the feature. When
clusters of features are found to vote for the same pose obpttp the probability of the
interpretation being correct is much higher than for anglsieature. Each of our keypoints
speci es 4 parameters: 2D location, scale, and orientaiod each matched keypoint in the
database has a record of the keypoint's parameters retatiye training image in which it
was found. Therefore, we can create a Hough transform erddiqiing the model location,
orientation, and scale from the match hypothesis. Thisigtied has large error bounds,
as the similarity transform implied by these 4 parametermsnly an approximation to the
full 6 degree-of-freedom pose space for a 3D object and ass dot account for any non-
rigid deformations. Therefore, we use broad bin sizes of&@fyeks for orientation, a factor
of 2 for scale, and 0.25 times the maximum projected traimmgge dimension (using the
predicted scale) for location. To avoid the problem of bamdeffects in bin assignment,
each keypoint match votes for the 2 closest bins in each dilmengiving a total of 16
entries for each hypothesis and further broadening the eogge.

In most implementations of the Hough transform, a multi-gisional array is used to
represent the bins. However, many of the potential binsrethain empty, and it is dif cult
to compute the range of possible bin values due to their rhdeendence (for example,
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the dependency of location discretization on the selectetes These problems can be
avoided by using a pseudo-random hash function of the biregab insert votes into a one-
dimensional hash table, in which collisions are easily ctet#

7.4 Solution for af ne parameters

The Hough transform is used to identify all clusters withegist 3 entries in a bin. Each such
cluster is then subject to a geometric veri cation procedrwhich a least-squares solution
is performed for the best af ne projection parameters ne¢pthe training image to the new
image.

An af ne transformation correctly accounts for 3D rotatioh a planar surface under
orthographic projection, but the approximation can be foor3D rotation of non-planar
objects. A more general solution would be to solve for thedmental matrix (Luong and
Faugeras, 1996; Hartley and Zisserman, 2000). Howeverndafuental matrix solution
requires at least 7 point matches as compared to only 3 fafthe solution and in practice
requires even more matches for good stability. We would tikperform recognition with
as few as 3 feature matches, so the af ne solution providestirstarting point and we
can account for errors in the af ne approximation by allowifor large residual errors. If
we imagine placing a sphere around an object, then rotafiagheosphere by 30 degrees
will move no point within the sphere by more than 0.25 times phojected diameter of the
sphere. For the examples of typical 3D objects used in thpempan af ne solution works
well given that we allow residual errors up to 0.25 times thaximum projected dimension
of the object. A more general approach is given in (Brown aodid, 2002), in which the
initial solution is based on a similarity transform, whidieh progresses to solution for the
fundamental matrix in those cases in which a suf cient nurdfenatches are found.

The af ne transformation of a model poifit y]" to an image poinfu v]" can be written
as g #roo# " #

u - mi Mo X + tx

v ms My y ty
where the model translation &, ty]T and the af ne rotation, scale, and stretch are repre-
sented by then; parameters.

We wish to solve for the transformation parameters, so thatsan above can be rewrit-
ten to gather the unknowns into a column vector:
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3 1
0 mo 2 3
1
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i ty

2
xy 0 01
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This equation shows a single match, but any number of furtregches can be added, with
each match contributing two more rows to the rst and lastrimatAt least 3 matches are
needed to provide a solution.

We can write this linear system as

AX = Db
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Figure 12: The training images for two objects are shown enéft. These can be recognized in a
cluttered image with extensive occlusion, shown in the teidd@he results of recognition are shown
on the right. A parallelogram is drawn around each recogh@tgect showing the boundaries of the
original training image under the af ne transformationvaad for during recognition. Smaller squares
indicate the keypoints that were used for recognition.

The least-squares solution for the parametaran be determined by solving the correspond-
ing normal equations,
x =[ATA] *ATb;

which minimizes the sum of the squares of the distances fhenptojected model locations
to the corresponding image locations. This least-squameach could readily be extended
to solving for 3D pose and internal parameters of articdladad exible objects (Lowe,
1991).

Outliers can now be removed by checking for agreement betwaeh image feature and
the model. Given the more accurate least-squares solwtiemow require each match to
agree within half the error range that was used for the parmé the Hough transform
bins. If fewer than 3 points remain after discarding ousliethen the match is rejected.
As outliers are discarded, the least-squares solution-sslked with the remaining points,
and the process iterated. In addition, a top-down matchirege is used to add any further
matches that agree with the projected model position. Timegehave been missed from the
Hough transform bin due to the similarity transform appneaiion or other errors.

The nal decision to accept or reject a model hypothesis selaon a detailed probabilis-
tic model given in a previous paper (Lowe, 2001). This metlmsticomputes the expected
number of false matches to the model pose, given the projette of the model, the number
of features within the region, and the accuracy of the t. AyBsian analysis then gives the
probability that the object is present based on the actuabeu of matching features found.
We accept a model if the nal probability for a correct integfation is greater than 0.98.
For objects that project to small regions of an image, 3 featuay be suf cient for reli-
able recognition. For large objects covering most of a hgdektured image, the expected
number of false matches is higher, and as many as 10 featuchesanay be necessary.

8 Recognition examples

Figure 12 shows an example of object recognition for a dletteand occluded image con-
taining 3D objects. The training images of a toy train andag fare shown on the left.
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Figure 13: This example shows location recognition withgoeplex scene. The training images for
locations are shown at the upper left and the 640x315 pigeiteage taken from a different viewpoint
is on the upper right. The recognized regions are shown ofotier image, with keypoints shown

as squares and an outer parallelogram showing the bousddtige training images under the af ne

transform used for recognition.

The middle image (of size 600x480 pixels) contains instamé¢hese objects hidden behind
others and with extensive background clutter so that detecf the objects may not be im-
mediate even for human vision. The image on the right shoevsnidil correct identi cation
superimposed on a reduced contrast version of the imageké&ypoints that were used for
recognition are shown as squares with an extra line to itgligdentation. The sizes of the
squares correspond to the image regions used to constaudetitriptor. An outer parallel-
ogram is also drawn around each instance of recognitiom, itgitsides corresponding to the
boundaries of the training images projected under the hakaransformation determined
during recognition.

Another potential application of the approach is to pla@gaition, in which a mobile
device or vehicle could identify its location by recogniifamiliar locations. Figure 13 gives
an example of this application, in which training imagestaten of a number of locations.
As shown on the upper left, these can even be of such seeminghgistinctive items as a
wooden wall or a tree with trash bins. The test image (of sif®l§/ 315 pixels) on the upper
right was taken from a viewpoint rotated about 30 degreesrarthe scene from the original
positions, yet the training image locations are easily gated.
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All steps of the recognition process can be implementediefity, so the total time
to recognize all objects in Figures 12 or 13 is less than OcBrs#s on a 2GHz Pentium 4
processor. We have implemented these algorithms on a laptoputer with attached video
camera, and have tested them extensively over a wide ramgaditions. In general, textured
planar surfaces can be identi ed reliably over a rotationlé@pth of up to 50 degrees in any
direction and under almost any illumination conditions fhravide suf cient light and do not
produce excessive glare. For 3D objects, the range ofoatatidepth for reliable recognition
is only about 30 degrees in any direction and illuminatioargfe is more disruptive. For these
reasons, 3D object recognition is best performed by intewydeatures from multiple views,
such as with local feature view clustering (Lowe, 2001).

These keypoints have also been applied to the problem ot tobalization and map-
ping, which has been presented in detail in other paperd (®e and Little, 2001). In this
application, a trinocular stereo system is used to detex8D estimates for keypoint loca-
tions. Keypoints are used only when they appear in all 3 imagth consistent disparities,
resulting in very few outliers. As the robot moves, it lozak itself using feature matches to
the existing 3D map, and then incrementally adds featurgetmap while updating their 3D
positions using a Kalman Iter. This provides a robust andusate solution to the problem
of robot localization in unknown environments. This worlsl@so addressed the problem of
place recognition, in which a robot can be switched on andgeize its location anywhere
within a large map (Se, Lowe and Little, 2002), which is ealéwnt to a 3D implementation
of object recognition.

9 Conclusions

The SIFT keypoints described in this paper are particulaggful due to their distinctive-
ness, which enables the correct match for a keypoint to leeteel from a large database of
other keypoints. This distinctiveness is achieved by abiegha high-dimensional vector
representing the image gradients within a local region efiitiage. The keypoints have been
shown to be invariant to image rotation and scale and rolursisa a substantial range of
af ne distortion, addition of noise, and change in illumiimam. Large numbers of keypoints
can be extracted from typical images, which leads to rolasstin extracting small objects
among clutter. The fact that keypoints are detected ovenglmie range of scales means that
small local features are available for matching small agtilioccluded objects, while large
keypoints perform well for images subject to noise and blureir computation is ef cient,
so that several thousand keypoints can be extracted fropiGatymage with near real-time
performance on standard PC hardware.

This paper has also presented methods for using the keggoirtbject recognition. The
approach we have described uses approximate nearesbaeiglokup, a Hough transform
for identifying clusters that agree on object pose, legaases pose determination, and -
nal veri cation. Other potential applications include wienatching for 3D reconstruction,
motion tracking and segmentation, robot localization, gm@anorama assembly, epipolar
calibration, and any others that require identi cation cditching locations between images.

There are many directions for further research in derivitvvgiiiant and distinctive image
features. Systematic testing is needed on data sets witBDwiewpoint and illumination
changes. The features described in this paper use only agm@moe intensity image, so fur-
ther distinctiveness could be derived from including ilination-invariant color descriptors
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(Funt and Finlayson, 1995; Brown and Lowe, 2002). Similddgal texture measures appear
to play an important role in human vision and could be incomped into feature descriptors
in a more general form than the single spatial frequency bgdtie current descriptors. An
attractive aspect of the invariant local feature approacimatching is that there is no need
to select just one feature type, and the best results aig likdoe obtained by using many
different features, all of which can contribute useful nh@sand improve overall robustness.

Another direction for future research will be to individlyalearn features that are suited
to recognizing particular objects categories. This willdzeticularly important for generic
object classes that must cover a broad range of possibleapmes. The research of We-
ber, Welling, and Perona (2000) and Fergus, Perona, andrgiss (2003) has shown the
potential of this approach by learning small sets of locatdees that are suited to recogniz-
ing generic classes of objects. In the long term, feature aet likely to contain both prior
and learned features that will be used according to the ataduraining data that has been
available for various object classes.
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