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L ocal Features Tutorial: Nov. 8, '04

Local Features Tutorial

References:

Matlab SIFT tutorial (from coursewebpage)

Lowe, David G. 'Distinctive Image Featuresfrom
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Local Features Tutorial

Previous week: View based models for object
recognition

- The problem: Build a model that capturesgeneal
propertiesof eye appeaancethat we canuseto identify
eyes (though the appoach is general, and does not
depend on the particular object class).

- Generalizednodel of eye appeaancebasedon PCA.
Images taken from same pose and normalized for
contrast.

- Demonstratedto be useful for classi cation, key
property: the model can nd instancesof eyesit has
neverseenbefae.
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Local Features Tutorial

Today: Local features for object recognition

- The problem: Obtain a representationthat allows
usto nd a particular object we've encounteredoefae
(,e. \nd Paco'smug" asopposedto \nd a mug").

- Local featuresbasedon the appeaanceof the object
at particular interest points.

- Features should be reasonably invaiant to
illumination changes, and ideally also to scaling,
rotation, and minar changesn viewingdirection.

- In addition, we can uselocal featuresfor matching,
this is usefulfor tracking and 3D scenereconstruction.
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Local Features Tutorial

Key propertiesof a good local feature:

- Must be highly distinctive, a good feature should
allow for coarect object identication with low
probability of mismatch. Question: How to identify
Image locations that are distinctive enough?

- Shouldbe easyto extract.

- Invariance,a good local feature shouldbe tolerant to
Imagenoise
Changean illumination
Uniform scaling
Rotation
Minor changesn viewingdirection
Question: How to oconstruct the local feature to
achieveinvariance to the alove?

- Shouldbe easyto match againsta (large) database
of local features.
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SIFT features

Scale Invaiant Feature Transfom (SIFT) is an
appoach for detecting and extracting local feature
descriptas that are reasonablyinvariant to changesan
illumination, image noise, rotation, scaling,and small
changedn viewpoint.

Detection stagesfor SIFT features:
- Scale-spacextremadetection

- Keypoint localization

- Orientation assignment

- Generationof keypoint descriptas.

In the following pageswe'll examinethese stagesin
detalil.
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Scale-space extrema detection

Interest points for SIFT featurescoarespnd to local
extrema of di erence-of-Gaussianliters at di erent
scales.

Givena Gaussian-blurredmnage

LOGy; ) =Gy ) 1(Xy);
where
2)= 2

G(xy; )= 1=(2 2exp Y

IS a variable scaleGaussianthe result of convolvingan
Imagewith a di erence-of-Gaussianiter

G y;k ) G(xy; )
IS givenby

D(x;y; )=LXy;k ) L(xy; ) (1)
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Which is just the di erence of the Gaussian-blurred
Imagesat scales andk

Difference of
Gaussian Gaussian (DOG)

Figure 1: Diagram shawing the blurred imagesat di erent
scales,and the computation of the di erence-of-Gaussiammages
(from Lowe, 2004, seeref. at the beginningof the tutorial)

The rst step toward the detection of interest points
IS the convolution of the image with Gaussianlters
at di erent scalesand the generationof di erence-of-
Gaussianmagesirom the di erence of adjacentblurred
Images.
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Scale-space extrema detection

The convolvedimages are grouped by octave (an
octavecarespndsto doublingthe valueof ), andthe
valueof k is selectedsothat we obtaina xed number
of blurred imagesper octave. This also ensuresthat
we obtain the samenumber of di erence-of-Gaussian
Imagesper octave.

Note: The dierence-of-Gaussianlter provides an
approximation to the scale-nomalized Laplacian of
Gaussian °r °G. The di erence-of-Gaussianlter is
In e ect atunable bandpasslter.
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Scale-space extrema detection
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Figure 2: Local extrema detection, the pixel marked s
compaed againstits 26 neighlorsina3 3 3 neighlorhood
that spansadjacentDoG images(from Lowe, 2004)

Interest points (called keypoints in the SIFT
framework) are identi ed as local maximaor minima
of the DoG imagesacrossscales. Each pixel in the
DoG imagesis compaed to its 8 neighlors at the
same scale, plus the 9 carespnding neighlors at
neighloring scales.If the pixel is a local maximumor
minimum, it is selectedas a candidatekeypoint.
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Scale-space extrema detection

For eachcandidatekeypoint:

- Interpolation of neaby data is usedto accurately
determineits position.

- Keypoints with low contrast are removed
- Respnsesalong edgesare eliminated
- The keypoint is assignedan orientation

To determine the keypoint orientation, a gradient
orientation histogramis computedin the neighlorhood
of the keypoint (usingthe Gaussianmageat the closest
scaleto the keypoint's scale). The contribution of each
neighloring pixelis weightedby the gradientmagnitude
and a Gaussiarwindov with a  that is 1.5 times the
scaleof the keypoint.

Peaks in the histogram coarespnd to dominant
orientations. A sepaate keypoint is created for the
direction caresppnding to the histogram maximum,
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and any other direction within 80% of the maximum
value.

All the propertiesof the keypoint are measuredelative
to the keypoint orientation, this providesinvarianceto
rotation.
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SIFT feature representation

Once a keypoint orientation has been selected, the
feature descripta is computedas a set of orientation
histograms on 4 4 pixel neighlorhoods. The
orientation histograms are relative to the keypoint
orientation, the orientation data comes from the
Gaussianmageclosestin scaleto the keypoint's scale.

Just like befare, the contribution of each pixel is
weightedby the gradientmagnitude,andby a Gaussian
with 1.5 times the scaleof the keypoint.
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Figure 3: SIFT featuredescripta (from Lowe, 2004)
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Histogramscontain 8 bins each, and each descript
containsan array of 4 histogramsaround the keypoint.
This leadsto a SIFT featurevecta with 4 4 8=
128 elements. This vecta is normalizedto enhance
Invarianceto changesn illumination.
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SIFT feature matching

- Find neaest neighlor in a databaseof SIFT features
from training images.

- For robustnessuseratio of neaest neighlor to ratio
of secondneaest neightlaor.

- Neighlor with  minimum Euclidean distance !
expensiveseach.

- Use an appoximate, fast method to nd neaest
neighlor with high probability.
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Recognition using SIFT features

- ComputeSIFT featureson the input image
- Match thesefeaturesto the SIFT feature database

- Each keypoint speci es 4 parameters: 2D location,
scale,and orientation.

- To increasearecognitionrobustness:Houghtransfam
to identify clustersof matchesthat vote for the same
object pose.

- Eachkeypoint votesfor the set of object posesthat
are consistentwith the keypoint's location, scale,and
orientation.

- Locationsin the Houghaccumulate that accumulate
at least 3 votes are selectedas candidateobject/pose
matches.

- A veri cation step matchesthe training image for
the hypothesizedobject/pose to the image using a
least-squees t to the hypothesizedlocation, scale,
and orientation of the object.
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SIFT matlab tuto rial

Gaussianblurred imagesand Di erence of Gaussian
Images
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Range: [-0.11, 0.131]
Dims: [959, 2044]

Figure 4: Gaussiarand DoG imagesgrouped by octave
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SIFT matlab tuto rial

Keypoint detection

C)

Figure 5. a) Maxima of DoG acrossscales. b) Remaining
keypoints after removal of low contrast points. C) Remaining
keypoints after removalof edgerespnses(bottom).
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SIFT matlab tuto rial

Final keypoints with selectedorientation and scale

Figure 6: Extracted keypoints, arrows indicate scale and
orientation.
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SIFT matlab tuto rial

Warped imageand extractedkeypoints

Figure 7. Warped imageand extractedkeypoints.

The houghtransfam of matchedSIFT featuresyields
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the transfamation that alignsthe original and warped
Images:

Computedaffine transformation from rotated image to
original image:
>> disp(aff);
0.7060 -0.7052 128.4230
0.7057 0.7100 -128.9491
0 0 1.0000

Actual transformation from rotated image to
original image:
>> disp(A);
0.7071 -0.7071 128.6934
0.7071 0.7071 -128.6934
0 0 1.0000
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SIFT matlab tuto rial

Matching and alignmentof di erent viewsusinglocal

Orignial View Reference View
Range: [0, 1] Range: [0, 1]
Dims: [384, 512] Dims: [384, 512]
Aligned View Reference minus Aligned View
Range: [-0.0273, 1] Range: [-0.767, 0.822]
Dims: [384, 512] Dims: [384, 512]

Figure 8: Two views of Wadham College and ane
transfamation for alignment.
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SIFT matlab tuto rial

Object recognitionwith SIFT

Image Model Location
&
juT
9
&
Range: [0, 1] Range: [0, 1] Range: [-0.986, 0.765]
Dims: [480, 640] Dims: [480, 640] Dims: [480, 640]
Image Model Location
:
&
40
%5
0
Range: [0, 1] Range: [0, 1] Range: [-1.05, 0.866]
Dims: [480, 640] Dims: [480, 640] Dims: [480, 640]
Image Model Location
i
%
Range: [0, 1] Range: [0, 1] Range: [-1.07, 1.01]
Dims: [480, 640] Dims: [480, 640] Dims: [480, 640]

Figure9: Cellphoneexamplesvith di erent posesandocclusion.
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SIFT matlab tuto rial

Object recognitionwith SIFT

Image Model Location

Range: [0, 1] Range: [0, 1] Range: [-0.991, 0.992]
Dims: [480, 640] Dims: [480, 640] Dims: [480, 640]

Image Model Location

Range: [0, 1] Range: [0, 1] Range: [-1.05, 0.963]
Dims: [480, 640] Dims: [480, 640] Dims: 480, 640]
Image Model Location
e
+ g
s
Range: [0, 1] Range: [0, 1] Range: [-0.988, 1.05]
Dims: [480, 640] Dims; [480, 640] Dims: [480, 640]

Figure10: Book example what happenswhenwe match simila
featuresoutsidethe object?
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Closing Comments

- SIFT featuresare reasonablyinvariant to rotation,
scaling,and illumination changes.

- We canusethem for matchingand objectrecognition
amongother things.

- Robustto occlusion,aslong aswe can seeat least3
featuresfrom the object we can computethe location
and pose.

- Ecient on-line matching, recognition can be
perfamedin close-to-reatime (at leastfor smallobject
databases).
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Closing Comments

Questions:

- Do local features solve the object recognition
problem?

- How about distinctivenesshow do we dealwith false
positives outside the object of interest? (see Figure
10).

- Can we lean new object models without
photographingthem under special conditions?

- How does this appoach compae to the object
recognition method proposedby Murase and Nayar?
Recall that their model consists of a PCA basis
for each object, generatedfrom imagestaken under
diverse illumination and viewing directions; and a
representationof the manifolddescriled by the training
Imagesin this eigenspacgsee the tutorial on Eigen

Eyes).
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