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SIFT: overview
Scale Invariant Feature Transform (SIFT) is an image descriptor for
image-based matching and recognition developed by David Lowe
(1999, 2004). This descriptor as well as related image descriptors are
used for a large number of purposes in computer vision, e.g., point
matching between different views of a 3-D scene and view-based
recognition. The SIFT descriptor is invariant to
• translations
• rotations
• scaling transformations
in the image domain and robust to moderate perspective
transformations and illumination variations. It has been proven to
be very useful in practice for image matching and object recognition
under real-world conditions.
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SIFT: overview

Publication
• D. G. Lowe, “Object recognition from local scale-invariant
features,” in Proceedings of the Seventh IEEE International
Conference on Computer Vision (ICCV), pp. 1150–1157, 1999. [doi]
• D. G. Lowe, “Distinctive Image Features from Scale-Invariant
Keypoints,” International Journal of Computer Vision, no. 60, vol.
2, pp. 91–110, 2004.
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SIFT: overview

The SIFT descriptor comprised a method for detecting interesting
points from a grey-level image at which statistics of local gradient
directions of image intensities were accumulated to give a
summarizing description of the local image structures in a local
neighbourhood around each interest point, with the intention that
this descriptor should be used for matching corresponding interest
points between different images.
Later, the SIFT descriptor has also been applied at dense grid which
have ben shown to lead to better performance for tasks such as
object categorization, texture classification, image alignment, and
biometrics.
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SIFT: overview

Idea of SIFT
 Image content is transformed into local feature
coordinates that are invariant to translation, rotation,
scale, and other imaging parameters

SIFT Features
4/15/2011
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SIFT: overview

Claimed Advantages of SIFT


Locality: features are local, so robust to occlusion
and clutter (no prior segmentation)



Distinctiveness: individual features can be
matched to a large database of objects



Quantity: many features can be generated for even
small objects



Efficiency: close to real-time performance



Extensibility: can easily be extended to wide range
of differing feature types, with each adding
robustness

4/15/2011
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SIFT: overview

1. Scale-space extrema detection: search over multiple scales and
image locations
2. Keypoint localization: fit a model to determine location and
scale
3. Orientation assignment: compute best orientation(s) for each
keypoint region
4. Keypoint description: use local image gradients at selected
scale and rotation to describe each keypoint region
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SIFT: overview

1. Interest point detection
1.1 Scale-invariant interest points from scale-space extrema
1.2 Interpolation
1.3 Suppression of interest point responses along edges

2. Image descriptor
2.1 Scale and orientation normalization
2.2 Weighted position-dependent histogram of local gradient
directions
2.3 ...
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Interest point detection

Scale-invariant interest points from scale-space extrema
The original SIFT descriptor was computed from the image
intensities around interesting locations in the image domain which
can be referred to as interest points, alternatively key points. These
interest points are obtained from scale-space extrema
differences-of-Gaussians (DoG) within a difference-of-Gaussian
pyramid.
A Gaussian pyramid is constructed from the input image by repeated
smoothing and subsampling, and a difference-of-Gaussians pyramid
is computed from the differences between the adjacent levels in the
Gaussian pyramid. Then, interest points are obtained from the
points at which the difference-of-Gaussians values assume extrema
with respect to both the spatial coordinates in the image domain
and the scale level in the pyramid.
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The original SIFT descriptor (Lowe 1999, 2004) was computed from the image intensities around interesting
locations in the image domain which can be referred to as interest points, alternatively key points. These interest

Scale-invariant
interest
points
from scale-space
extrema
points are obtained from
scale-space extrema
of differences-of-Gaussians
(DoG) within a difference-ofGaussians pyramid. The concept of difference-of-Gaussian bandpass pyramids was originally proposed by Burt
and Adelson (1983) and by Crowley and Stern (1984).
A Gaussian pyramid is constructed from the input image by repeated smoothing and subsampling, and a

difference-of-Gaussians pyramid is computed from the differences between the adjacent levels in the Gaussian
pyramid. Then, interest points are obtained from the points at which the difference-of-Gaussians values assume
extrema with respect to both the spatial coordinates in the image domain and the scale level in the pyramid.

Figure 1: Scale-invariant interest points detected from a grey-level image using scale-space extrema of the
Laplacian. The radii of the circles illustrate the selected detection scales of the interest points. Red circles

2
2
indicate bright image features with ∇ L < 0, whereas blue circles indicate dark image features with ∇ L > 0 .
http://www.scholarpedia.org/article/Scale_Invariant_Feature_Transform
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Scale-invariant interest points from scale-space extrema
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Scale-invariant interest points from scale-space extrema
This method for detecting interest points in the SIFT operator can be
seen as a variation of a scale-adaptive blob detection method,
where blobs with associated scale levels are detected from
scale-space extrema of the scale-normalized Laplacian. The
scale-normalized Laplacian is normalized with respect to the scale
level in scale-space and is defined as
( 2
)
∂ L ∂2L
∇2norm L(x, y; s) = s(Lxx + Lyy ) = s
+
= s∇2 (G(x, y; s) ∗ f(x, y))
∂x2
∂y2
(1)
from smoothed image values L(x, y; s) compute from the input image
f(x, y) by convolution with Gaussian kernels
G(x, y; s) =

( x2 + y 2 )
1
exp −
2πs
2s

(2)

of different width s = σ 2 .
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Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Example: Laplacian
Ixx

Iyy

Ixx+Iyy
∇2I(x,y)
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Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Effect of LoG Operator
Original

LoG-filtered

Band-Pass Filter (suppresses both high and low frequencies)

Why? Easier to explain in a moment.
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Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Zero-Crossings as an Edge Detector
Raw zero-crossings (no contrast thresholding)

LoG sigma = 2, zero-crossing
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Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Zero-Crossings as an Edge Detector
Raw zero-crossings (no contrast thresholding)

LoG sigma = 4, zero-crossing

15/38

Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Zero-Crossings as an Edge Detector
Raw zero-crossings (no contrast thresholding)

LoG sigma = 8, zero-crossing
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Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Other uses of LoG:
Blob Detection

Lindeberg: ``Feature detection with automatic
scale selection''. International Journal of
Computer Vision, vol 30, number 2, pp. 77-116, 1998.
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Scale-invariant interest points from scale-space extrema
Different
of Gaussians
on image pyramid
218
Computer Vision: Algorithms and Applications (September 3, 2010 draft)
...
Scale
(next
octave)

Scale
(first
octave)

Scale

Difference of
Gaussian (DOG)

Gaussian

Figure 1: For each octave of scale space, the initial image is repeatedly convolved with Gaussians to
produce the set of scale space images shown on the left. Adjacent Gaussian images are subtracted
Figure 2: Maxima and minima of the difference-of-Gaussian images are detected by comparing a
to produce the difference-of-Gaussian images on the right. After each octave, the Gaussian image is
pixel (marked with X) to its 26 neighbors in 3x3 regions at the current and adjacent scales (marked
down-sampled by a factor of 2, and the process repeated.

(a)

(b)

Figure 4.11 Scale-space feature
sub-octave Difference of Gaussian pyraIn addition, the difference-of-Gaussian function provides a close approximation to the
mid
(Lowe 2004) c 2004 Springer: (a) Adjacent
levels
of a sub-octave Gaussian pyramid
scale-normalized Laplacian of Gaussian, σ 2 ∇2 G, as studied byLaplacian.
Lindeberg (1994).
Lindeberg
The
factor
(k − 1) in the equation is a constant over all scales and therefore does
showed
that the normalization
of the Laplacian
with theof
factor
σ 2 is required
for true scale extrema (maxima and minima)
are
subtracted
to produce
Difference
Gaussian
images;
not influence
extrema (b)
location. The approximation error will go to zero as k goes to 1, but
invariance. In detailed experimental comparisons, Mikolajczyk (2002) found that the maxima
in
practice
we
have
found
thatits
the26
approximation
2
2
inandthe
resulting
volume
bycompared
comparing
neighbors.has almost no impact on the stability
minima
of σ ∇ G3D
produce
the mostare
stabledetected
image features
to a rangeaofpixel
other to
√ of
withusing
circles).a
detection

extrema
possible image functions, such as the gradient, Hessian, or Harris
corner detection
function. or localization for even significant differences in scale, such as k = 2.
The relationship between D and σ 2 ∇2 G can be understood from
theefficient
heat diffusion
equa- to construction of D(x, y, σ) is shown in Figure 1. The initial
An
approach
tion (parameterized in terms of σ rather than the more usual t =
σ 2 ): is incrementally convolved with Gaussians to produce images separated by a constant
image

While Lowe’s Scale Invariant
Feature factor
Transform
(SIFT)
performs
well
in left
practice,
is choose
not to divide each octave
k in scale
space, shown
stacked
in the
column. itWe
∂G
= σ∇2 G.
of maximum
scale space (i.e.,
doubling
of σ) into
an integer
number, s, of intervals, so k = 2 1/s .
∂σ foundation of
based on the same 2theoretical
spatial
stability
as the
auto-correlationmust produce
s + 3toimages in the stack of blurred images for each octave, so18/38
that final
From this, we see that ∇ G can be computed from the finiteWe
difference
approximation
based
(Inoffact,
detection
are often
complementary
thoseimage
produced
∂G/∂σ,detectors.
using the difference
nearbyits
scales
at kσ and σ: locations
extrema detection
covers
a complete octave. to
Adjacent
scales are subtracted to produce

Scale-invariant interest points from scale-space extrema

Lowe’s Pyramid Scheme

s+2 filters
σs+1=2(s+1)/sσ0
.
.
σi=2i/sσ0
.
.
σ2=22/sσ0
σ1=21/sσ0
σ0
4/15/2011

s+3
images
including
original
The parameter s determines the number of images per octave.

s+2
difference
images
21
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Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

convolve
with LoG

Observe and Generalize
result

maxima
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Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Observe and Generalize
LoG

Looks like dark blob
on light background

Derivative of Gaussian

Looks like vertical and
horizontal step edges

Recall: Convolution (and cross correlation) with a
filter can be viewed as comparing a little “picture” of
what you want to find against all local regions in the
mage.
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Scale-invariant interest points from scale-space extrema
Then, the scale-space extrema are detected from the points (x, y; s)
in scale-space at which the scale-normalized Laplacian assumes
local extrema with respect to space and scale. In a discrete setting,
such comparisons are usually made in relation to all neighbours of a
point in a 3 × 3 × 3 neighbourhood over space and scale. The
difference-of-Gaussian operator constitutes an approximation of the
Laplacian operator
∆s 2
DOG(x, y; s) = L(x, y; s + ∆s) − L(x, y; s) ≈
∇ L(x, y; s)
(3)
2
which by the implicit normalization of the differences-of-Gaussian
responses, as obtained by a self-similar distribution of scale level
σi+1 = kσi used by Lowe, also constitutes an approximation of the
scale-normalized Laplacian with
∆s∇2 L = (k2 − 1)t∇2L = (k2 − 1)∇2norm L, thus implying
DOG(x, y; s) ≈

(k2 − 1) 2
∇norm L(x, y; s)
2

(4)
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Interpolation

Both the difference-of-Gaussians approach by Lowe and the
Laplacian approach by Lindeberg and Bretzner involve the fitting of a
quadratic polynomial to the magnitude values around each
scale-space extremum to localize the scale-space extremum with a
resolution higher than the sampling density over space and scale.
This post-processing stage is in particular important to increase the
accuracy of the scale estimates for the purpose of scale
normalization.
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Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Efficient Implementation
Approximating LoG with DoG

LoG can be approximate by a Difference of two
Gaussians (DoG) at different scales

1D example

M.Hebert, CMU

24/38

Scale-invariant interest points from scale-space extrema
Robert Collins
CSE486

Back to Blob Detection

Lindeberg: blobs are detected
as local extrema in space and
scale, within the LoG (or DoG)
scale-space volume.
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Suppression of interest point responses along edges

Key point localization





Detect maxima and
minima of difference-ofGaussian in scale space
Each point is compared
to its 8 neighbors in the
current image and 9
neighbors each in the
scales above and below

4/15/2011

s+2 difference images.
top and bottom ignored.
s planes searched.

Resample
Blur
Subtract

For each max or min found,
output is the location and
the scale.

22
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Suppression of interest point responses along edges
Scale-space extrema detection: experimental results over 32 images
that were synthetically transformed and noise added.
% detected

average no. detected

% correctly matched
average no. matched

Stability


Expense

Sampling in scale for efficiency


How many scales should be used per octave? S=?





4/15/2011

More scales evaluated, more keypoints found
S < 3, stable keypoints increased too
S > 3, stable keypoints decreased
S = 3, maximum stable keypoints found
23
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Suppression of interest point responses along edges

Eliminating the Edge Response


Reject flats:
< 0.03





Reject edges:
Let α be the eigenvalue with
larger magnitude and β the smaller.

Let r = α/β.
So α = rβ


4/15/2011

r < 10

(r+1)2/r is at a
min when the
2 eigenvalues
are equal.

25
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Suppression of interest point responses along edges
In addition to responding to blob-like and corner-like image
structures, the Laplacian operator may also lead to strong responses
along edges. To suppress such points, which will be less useful for
matching, Lowe (1999, 2004) formulated a criterion in terms of the
ratio between the eigenvalues of the Hessian matrix
[
]
Lxx Lxy
HL =
(5)
Lxy Lyy
computed at the position and the scale of the interest point, which
can be reformulated in terms of the trace and the determinant of the
Hessian matrix to allow for more efficient computations
Lxx Lyy − L2xy
det(HL)
r
=
≥
2
2
(Lxx + Lyy )
(r + 1)2
trace (HL)

(6)

where r ≥ 1 denotes an upper limit on the permitted ratio between
the larger and the smaller eigenvalues. To suppress image features
with low contrast, the interest points are usually also thresholded on
the magnitude of the response.
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Image descriptor

Image descriptor

At each interest point as obtained above, an image descriptor is
computed. The SIFT descriptor proposed by Lowe (1999, 2004) can be
seen as a position-dependent histogram of local gradient directions
around the interest point. To obtain scale invariance of the
descriptor, the size of this local neighbourhood needs to be
normalized in a scale-invariant manner. To obtain rotational
invariance of the descriptor, a dominant orientation in this
neighbourhood is determined from the orientations of the gradient
vectors in this neighbourhood and is used for orienting the grid over
which the position-dependent histogram is computed with respect
to this dominant orientation to achieve rotational invariance.
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Scale and orientation normalization
In the SIFT descriptor, the size estimate of an area around the
interest point is determined as a constant times the detection scale
s of the interest point.
To determine a preferred orientation estimate for the interest point,
a local histogram of gradient directions is accumulated over a
neighborhood around the interest point with (i) the gradient
directions computed from gradient vector ∇L(x, y; s) at the detection
scale s of the interest point and (ii) the area of the accumulation
window proportional to the detection scale s. To find the dominant
orientation, peaks are detected in this orientation histogram. To
handle situations where there may be more than one dominant
orientation around the interest point, multiple peaks are accepted if
the height of secondary peaks is above 80% of the height of the
highest peak. In the case of multiple peaks, each peak is used for
computing a new image descriptor for the corresponding orientation
estimate.
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Weighted position-dependent histogram of local gradient directions
Given these scale and orientation estimate for an interest point, a
rectangular grid is laid out in the image domain, centered at the
interest point, with its orientation determined by the main peak(s) in
the histogram and with the spacing proportional to the detection
scale of the interest point. From experiments, Lowe (1999, 2004)
found that a 4 × 4 grid is often a good choice. For each point on this
grid, a local histogram of local gradient directions at the scale of the
interest point
∠∇L = atan2(Ly, Lx)
|∇L| =

√

Lx2 + L2y

(7)

(8)
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weighted by the gradient magnitude

‾
L‾‾‾‾‾‾
Weighted
position-dependent
histogram of local gradient direc+ L‾
|∇L| = √
tions at each grid point to give stronger weights to image points where the gradient estimates can be expected to be
2
x

2
y

more reliable. To give stronger weights to gradient orientations near the interest point, the entries in the
histogram are also weighed by a Gaussian window function centered at the interest point and with its size
proportional to the detection scale of the interest point. Taken together, the local histograms computed at all the
4 × 4 grid points and with 8 quantized directions lead to an image descriptor with 4 × 4 × 8 = 128 dimensions
for each interest point. This resulting image descriptor is referred to as the SIFT descriptor.

Figure 2: Illustration of how the SIFT descriptor is computed from sampled values of the gradient orientation
and the gradient magnitude over a locally adapted grid around each interest point, with the scale factor
determined from the detection scales of the interest point and the orientation determined from the dominant
peak in a gradient orientation histogram around the interest point. This figure shows an image descriptor
computed over a 2 × 2 whereas the SIFT descriptor is usually computed over a 4 × 4 grid.

http://www.scholarpedia.org/article/Scale_Invariant_Feature_Transform
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Suppression of interest point responses along edges

Keypoint localization with orientation

233x189

832
initial keypoints

729
keypoints after
gradient threshold

4/15/2011

536
keypoints after
ratio threshold

27
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Suppression of interest point responses along edges

Lowe’s Keypoint Descriptor
(shown with 2 X 2 descriptors over 8 X 8)
gradient magnitude and
orientation at each point
weighted by a Gaussian

orientation histograms:
sum of gradient magnitude
at each direction

In experiments, 4x4 arrays of 8 bin histogram is used,
a total of 128 features for one keypoint
4/15/2011
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Appendix

Reference and further reading
Textbook
• “Chap 4: Feature detection and matching” of R. Szeliski, Computer
Vision: Algorithms and Applications
• “Chap 5” of Forsyth and Ponce, Computer Vision: A Modern Approach
Publication
• D. G. Lowe, “Object recognition from local scale-invariant features,” in
Proceedings of the Seventh IEEE International Conference on Computer
Vision (ICCV), pp. 1150–1157, 1999. [doi]
• D. G. Lowe, “Distinctive Image Features from Scale-Invariant Keypoints,”
International Journal of Computer Vision, no. 60, vol. 2, pp. 91–110, 2004.
• T. Lindeberg, ”Scale invariant feature transform,” 2012. [doi]

36/38

Reference and further reading

Link
• M. Shah, UCF CRCV Video Lectures | Lecture 05 - Scale-invariant
Feature Transform (SIFT) (youtube)
• CSE576 Course Slide, University of Washington (2011)
• R. Collins, CSE486 | Lecture 11: LoG and DoG Filters, Penn State
University
• https://www.vlfeat.org/overview/sift.html
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HW: 도전과제

Due: 10월 9일 (금요일) 오후 1시 30분까지
• 숙제는 필수가 아니며, 제출은 이메일 s.park@dgu.edu로 합니다.
• 제출한 코드는 모든 수강생에게 공유되며, 보강시간에 별도로
본인이 직접 구현한 원리를 설명합니다.
• 제대로 구현이 되어 있고 교수와 수강생이 이를 모두 납득하는
경우, 묻지도 따지지도 않고 모든 숙제 만점 드립니다.
• python으로 SIFT를 직접 구현하여 cv2 library의 sift.detect와
동일한 key point를 추출하는 것을 보여주세요.
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