
Lecture 04: Feature Detection and Matching I
[AIX7021] Computer Vision

Seongsik Park (s.park@dgu.edu)

AI Department, Dongguk University

mailto:s.park@dgu.edu


Feature detection and matching
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(a) (b)

(c) (d)

(e) (f)

Figure 7.1 Feature detectors and descriptors can be used to analyze, describe and match
images: (a) point-like interest operators (Brown, Szeliski, and Winder 2005) © 2005 IEEE;
(b) edges (Elder and Goldberg 2001) © 2001 IEEE; (c) straight lines (Sinha, Steedly et al.
2008) © 2008 ACM; (d) level sets (Cremers, Rousson, and Deriche 2007) © 2007 Springer;
(e) graph-based merging (Felzenszwalb and Huttenlocher 2004) © 2004 Springer; (f) mean
shift (Comaniciu and Meer 2002) © 2002 IEEE.
[TODO: Do I want to update any of these?] 1/30



Feature detection and matching

Feature detection and matching are an essential component of many
computer vision applications.

For the first pair, we may wish to align the two images so that they
can be seamlessly stitched into a composite mosaic. For the second
pair, we may wish to establish a dense set of correspondences so
that a 3D model can be constructed or an in-between view can be
generated.

In either case, what kinds of features should you detect and then
match in order to establish such an alignment or set of
correspondences?
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feature detection and matching

What is Feature?

• An interesting part of an image
• A starting point for many computer vision algorithms

Good feature to do something related to computer vision

• Repeatability: the same feature should be detected in two or
more different images of the same scene despite various
geometric and photometric transformations

• Saliency: a feature includes an “interesting” part of an image
• Locality: a feature occupies a small area in an image
• Note: Global features are sometimes useful, too
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Feature detection and matching: What is a good feature?

Invariant to view point, lighting, pose, and so on
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Feature detection and matching: What is a good feature?

The first kind of feature that you may notice are specific locations in
the images, such as mountain peaks, building corners, doorways, or
interestingly shaped patches of snow. These kinds of localized
feature are often called keypoint features or interest points (or even
corners) and are often described by the appearance of pixel patches
surrounding the point location.398 Computer Vision: Algorithms and Applications (August 18, 2020 draft)

Figure 7.2 Two pairs of images to be matched. What kinds of features might one use to
establish a set of correspondences between these images?

7.1 Points and patches

Point features can be used to find a sparse set of corresponding locations in different images,
often as a pre-cursor to computing camera pose (Chapter 11), which is a prerequisite for
computing a denser set of correspondences using stereo matching (Chapter 12). Such cor-
respondences can also be used to align different images, e.g., when stitching image mosaics
(Section 8.2) or high dynamic range images (Section 10.2), or performing video stabilization
(Section 9.2.1). They are also used extensively to perform object instance recognition (Sec-
tion 6.1). A key advantage of keypoints is that they permit matching even in the presence of
clutter (occlusion) and large scale and orientation changes.

Feature-based correspondence techniques have been used since the early days of stereo
matching (Hannah 1974; Moravec 1983; Hannah 1988) and subsequently gained popularity
for image-stitching applications (Zoghlami, Faugeras, and Deriche 1997; Brown and Lowe
2007) as well as fully automated 3D modeling (Beardsley, Torr, and Zisserman 1996; Schaf-
falitzky and Zisserman 2002; Brown and Lowe 2003; Snavely, Seitz, and Szeliski 2006).

There are two main approaches to finding feature points and their correspondences. The
first is to find features in one image that can be accurately tracked using a local search tech-
nique, such as correlation or least squares (Section 7.1.5). The second is to independently
detect features in all the images under consideration and then match features based on their
local appearance (Section 7.1.3). The former approach is more suitable when images are
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Feature detection and matching: What is a good feature?

Another class of important features are edges, e.g., the profile of
mountains against the sky. These kinds of features can be matched
based on their orientation and local appearance (edge profiles) and
can also be good indicators of object boundaries and occlusion
events in image sequences.

Edges can be grouped into longer curves and contours, which can
then be tracked. They can also be grouped into straight line
segments, which can be directly matched or analyzed to find
vanishing points and hence internal and external camera
parameters.

6/30



Feature detection and matching: What is a good feature?

7.1 Points and patches 399

Figure 7.3 Image pairs with extracted patches below. Notice how some patches can be
localized or matched with higher accuracy than others.

taken from nearby viewpoints or in rapid succession (e.g., video sequences), while the lat-
ter is more suitable when a large amount of motion or appearance change is expected, e.g.,
in stitching together panoramas (Brown and Lowe 2007), establishing correspondences in
wide baseline stereo (Schaffalitzky and Zisserman 2002), or performing object recognition
(Fergus, Perona, and Zisserman 2007).

In this section, we split the keypoint detection and matching pipeline into four separate
stages. During the feature detection (extraction) stage (Section 7.1.1), each image is searched
for locations that are likely to match well in other images. In the feature description stage
(Section 7.1.2), each region around detected keypoint locations is converted into a more com-
pact and stable (invariant) descriptor that can be matched against other descriptors. The
feature matching stage (Sections 7.1.3 and 7.1.4) efficiently searches for likely matching can-
didates in other images. The feature tracking stage (Section 7.1.5) is an alternative to the third
stage that only searches a small neighborhood around each detected feature and is therefore
more suitable for video processing.

A wonderful example of all of these stages can be found in David Lowe’s (2004) paper,
which describes the development and refinement of his Scale Invariant Feature Transform
(SIFT). Comprehensive descriptions of alternative techniques can be found in a series of sur-
vey and evaluation papers covering both feature detection (Schmid, Mohr, and Bauckhage
2000; Mikolajczyk, Tuytelaars et al. 2005; Tuytelaars and Mikolajczyk 2008) and feature de-
scriptors (Mikolajczyk and Schmid 2005; Balntas, Lenc et al. 2019). Shi and Tomasi (1994)
and Triggs (2004) also provide nice reviews of classic (pre-neural network) feature detection
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Examples of features

Examples
• Intensity
• Color
• Edge
• Line
• Corner
• Curve
• Blob
• Shape
• Texture
• Gradient
• Motion
• etc.

Other feature descriptors
• SIFT
• HOG
• LBP
• etc.
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Feature detectors



Feature detectors: aperture problem

400 Computer Vision: Algorithms and Applications (August 18, 2020 draft)
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Figure 7.4 Aperture problems for different image patches: (a) stable (“corner-like”) flow;
(b) classic aperture problem (barber-pole illusion); (c) textureless region. The two images I0
(yellow) and I1 (red) are overlaid. The red vector u indicates the displacement between the
patch centers and the w(xi) weighting function (patch window) is shown as a dark circle.

techniques.

7.1.1 Feature detectors

How can we find image locations where we can reliably find correspondences with other
images, i.e., what are good features to track (Shi and Tomasi 1994; Triggs 2004)? Look again
at the image pair shown in Figure 7.3 and at the three sample patches to see how well they
might be matched or tracked. As you may notice, textureless patches are nearly impossible
to localize. Patches with large contrast changes (gradients) are easier to localize, although
straight line segments at a single orientation suffer from the aperture problem (Horn and
Schunck 1981; Lucas and Kanade 1981; Anandan 1989), i.e., it is only possible to align
the patches along the direction normal to the edge direction (Figure 7.4b). Patches with
gradients in at least two (significantly) different orientations are the easiest to localize, as
shown schematically in Figure 7.4a.

These intuitions can be formalized by looking at the simplest possible matching criterion
for comparing two image patches, i.e., their (weighted) summed square difference,

EWSSD(u) =
∑

i

w(xi)[I1(xi + u)− I0(xi)]
2, (7.1)

where I0 and I1 are the two images being compared, u = (u, v) is the displacement vector,
w(x) is a spatially varying weighting (or window) function, and the summation i is over all
the pixels in the patch. Note that this is the same formulation we later use to estimate motion
between complete images (Section 9.1).

When performing feature detection, we do not know which other image locations the
feature will end up being matched against. Therefore, we can only compute how stable this
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Feature detectors: weighted summed square difference

These intuitions can be formalized by looking at the simplest
possible matching criterion for comparing two image patches, i.e.,
their (weighted) summed square difference,

EWSSD(u) =
∑
i

w(xi) [I1(xi + u)− I0(xi)]2 (1)

where I0 and I1 are the two images being compared, u = (u, v) is the
displacement vector, w(x) is a spatially varying weighting (or window)
function, and the summation i is over all the pixels in the patch.
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Feature detectors: auto-correlation or surface

When performing feature detection, we do not know which other
image locations the feature will end up being matched against.
Therefore, we can only compute how stable this metric is with
respect to small variations in position ∆u by comparing an image
patch against itself, which is know as an auto-correlation function or
surface

EAC(∆u) =
∑
i

w(xi) [I0(xi +∆u)− I0(xi)]2 (2)
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Feature detectors: autocorrelation surface7.1 Points and patches 401

(a)

(b) (c) (d)

Figure 7.5 Three auto-correlation surfacesEAC(∆u) shown as both grayscale images and
surface plots: (a) The original image is marked with three red crosses to denote where the
auto-correlation surfaces were computed; (b) this patch is from the flower bed (good unique
minimum); (c) this patch is from the roof edge (one-dimensional aperture problem); and (d)
this patch is from the cloud (no good peak). Each grid point in figures b–d is one value of
∆u.
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Feature detectors: autocorrelation surface

Figure 1: Original image (left), patches (top) and autocorrelation surface
EAC(∆u) (bottom).
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Feature detectors: autocorrelation matrix

Using a Taylor series expansion

EAC(∆u) =
∑
i

w(xi) [I0(xi +∆u)− I0(xi)]2 (3)

≈
∑
i

w(xi) [I0(xi) +∇I0(xi)∆u − I0(xi)]2 (4)

=
∑
i

w(xi) [∇I0(xi)∆u]2 (5)

= ∆uTA∆u (6)

where ∇I0(xi) =
(
∂I0
∂x ,

∂I0
∂y

)
xi is the image gradient at xi.
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Feature detectors: autocorrelation matrix

The classic “Harris” detector uses a [ −2 −1 0 1 2 ] filter, but more
modern variants convolve the image with horizontal and vertical derivatives
of a Gaussian (typically with σ = 1).

The auto-correlation matrix A can be written as

A = w ∗

[
I2x IxIy
IxIy I2y

]
(7)

where we have replaced the weighted summations with discrete
convolutions with the weighting kernel w.7.1 Points and patches 403

direction of the 
slowest change

direction of the 
fastest change

λ1
-1/2

λ0
-1/2

Figure 7.6 Uncertainty ellipse corresponding to an eigenvalue analysis of the auto-
correlation matrix A.

As first shown by Anandan (1984; 1989) and further discussed in Section 9.1.3 and equa-
tion (9.44), the inverse of the matrix A provides a lower bound on the uncertainty in the
location of a matching patch. It is therefore a useful indicator of which patches can be reli-
ably matched. The easiest way to visualize and reason about this uncertainty is to perform
an eigenvalue analysis of the auto-correlation matrix A, which produces two eigenvalues
(λ0, λ1) and two eigenvector directions (Figure 7.6). Since the larger uncertainty depends on
the smaller eigenvalue, i.e., λ−1/2

0 , it makes sense to find maxima in the smaller eigenvalue
to locate good features to track (Shi and Tomasi 1994).

Förstner–Harris. While Anandan and Lucas and Kanade (1981) were the first to analyze
the uncertainty structure of the auto-correlation matrix, they did so in the context of asso-
ciating certainties with optic flow measurements. Förstner (1986) and Harris and Stephens
(1988) were the first to propose using local maxima in rotationally invariant scalar measures
derived from the auto-correlation matrix to locate keypoints for the purpose of sparse feature
matching.2 Both of these techniques also proposed using a Gaussian weighting window in-
stead of the previously used square patches, which makes the detector response insensitive to
in-plane image rotations.

The minimum eigenvalue λ0 (Shi and Tomasi 1994) is not the only quantity that can be
used to find keypoints. A simpler quantity, proposed by Harris and Stephens (1988), is

det(A)− α trace(A)2 = λ0λ1 − α(λ0 + λ1)2 (7.9)

with α = 0.06. Unlike eigenvalue analysis, this quantity does not require the use of square
roots and yet is still rotationally invariant and also downweights edge-like features where

2Schmid, Mohr, and Bauckhage (2000); Triggs (2004) give more detailed historical reviews of feature detection
algorithms.
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Feature detectors: autocorrelation matrix

Figure 2: Patches (1st), gradient images (2nd and 3rd) and autocorrelation
matrix (4th). 16/30



Feature detectors: autocorrelation matrix

Figure 3: Corners and edges detection by eigenvalue analysis.
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Feature detectors: autocorrelation matrix

• Inverse of the matrix A provides a lower bound on the
uncertainty n the location of a matching patch.

• The easiest way to visualize this uncertainty is to perform an
eigenvalue analysis of the autocorrelation matrix A, which
provides two eigenvalues (λ0, λ1) and two eigenvector directions

• Since the larger uncertainty depends on the smaller eigenvalue,
i.e., λ−1/2

0

• It makes sense to find maxima in the smaller eigenvalue to
locate good features to track

• Simpler quantity than the minimum eigenvalue λ0 is

R = det(A)− αtrace(A)2 = λ0λ1 − α(λ0 + λ1)
2 (8)

with α = 0.06.
• and so on...
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Feature detectors: Harris corner detection

Figure 4: Corners and edges detection by Harris detection.
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Feature detectors: summarize

214 Computer Vision: Algorithms and Applications (September 3, 2010 draft)

Figure 4.7 Isocontours of popular keypoint detection functions (Brown, Szeliski, and
Winder 2004). Each detector looks for points where the eigenvalues λ0, λ1 of A =
w ∗ ∇I∇IT are both large.

1. Compute the horizontal and vertical derivatives of the image Ix and Iy by con-
volving the original image with derivatives of Gaussians (Section 3.2.3).

2. Compute the three images corresponding to the outer products of these gradients.
(The matrixA is symmetric, so only three entries are needed.)

3. Convolve each of these images with a larger Gaussian.

4. Compute a scalar interest measure using one of the formulas discussed above.

5. Find local maxima above a certain threshold and report them as detected feature
point locations.

Algorithm 4.1 Outline of a basic feature detection algorithm.
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Feature detectors: adaptive non-maximal suppression (ANMS)

• While most feature detectors simply look for local maxima in the
interest function, this can lead to an uneven distribution of
feature points across the image, e.g., points will be denser in
regions of higher contrast.

• Only detect features that are both local maxima and whose
response value is significantly (10%) greater than that of all of its
neighbors within a radius r

21/30



Feature detectors: adaptive non-maximal suppression (ANMS)
216 Computer Vision: Algorithms and Applications (September 3, 2010 draft)

(a) Strongest 250 (b) Strongest 500

(c) ANMS 250, r = 24 (d) ANMS 500, r = 16

Figure 4.9 Adaptive non-maximal suppression (ANMS) (Brown, Szeliski, and Winder
2005) c© 2005 IEEE: The upper two images show the strongest 250 and 500 interest points,
while the lower two images show the interest points selected with adaptive non-maximal sup-
pression, along with the corresponding suppression radius r. Note how the latter features
have a much more uniform spatial distribution across the image.

Scale invariance

In many situations, detecting features at the finest stable scale possible may not be appro-
priate. For example, when matching images with little high frequency detail (e.g., clouds),
fine-scale features may not exist.

One solution to the problem is to extract features at a variety of scales, e.g., by performing
the same operations at multiple resolutions in a pyramid and then matching features at the
same level. This kind of approach is suitable when the images being matched do not undergo
large scale changes, e.g., when matching successive aerial images taken from an airplane or
stitching panoramas taken with a fixed-focal-length camera. Figure 4.10 shows the output of
one such approach, the multi-scale, oriented patch detector of Brown, Szeliski, and Winder
(2005), for which responses at five different scales are shown.

However, for most object recognition applications, the scale of the object in the image
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Feature detectors: scale invariance

4.1 Points and patches 217

Figure 4.10 Multi-scale oriented patches (MOPS) extracted at five pyramid levels (Brown,
Szeliski, and Winder 2005) c© 2005 IEEE. The boxes show the feature orientation and the
region from which the descriptor vectors are sampled.

is unknown. Instead of extracting features at many different scales and then matching all of
them, it is more efficient to extract features that are stable in both location and scale (Lowe
2004; Mikolajczyk and Schmid 2004).

Early investigations into scale selection were performed by Lindeberg (1993; 1998b),
who first proposed using extrema in the Laplacian of Gaussian (LoG) function as interest
point locations. Based on this work, Lowe (2004) proposed computing a set of sub-octave
Difference of Gaussian filters (Figure 4.11a), looking for 3D (space+scale) maxima in the re-
sulting structure (Figure 4.11b), and then computing a sub-pixel space+scale location using a
quadratic fit (Brown and Lowe 2002). The number of sub-octave levels was determined, after
careful empirical investigation, to be three, which corresponds to a quarter-octave pyramid,
which is the same as used by Triggs (2004).

As with the Harris operator, pixels where there is strong asymmetry in the local curvature
of the indicator function (in this case, the DoG) are rejected. This is implemented by first
computing the local Hessian of the difference image D,

H =

[
Dxx Dxy

Dxy Dyy

]
, (4.12)

and then rejecting keypoints for which

Tr(H)2

Det(H)
> 10. (4.13)
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Feature detectors: scale invariance

• To extract features a t a variety of scales, e.g., by performing the
same operations at multiple resolutions in a pyramid and then
matching features a t the same level.

• This kind of approach is suitable when the images being
matched do not undergo large scale changes, e.g., when
matching successive aerial images taken form an airplane or
stitching panoramas

• For most object recognition applications, the scale of the object
in the image is unknown

• Instead of extracting features at many different scales and then
matching all of them, it is more efficient to extract features that
are stable in both location and scale
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Feature detectors: scale invariance

• Computing a set of sub-octave Difference of Gaussian filters (DoG)
• Looking for 3D (space + scale) maxima in the resulting structure
• and then computing a sub-pixel space+scale location using a quadratic
fit

• The number of sub-octave levels was determined, to be three, which
corresponds to a quarter-octave pyramid

• As with the Harris operator, pixels where there is strong asymmetry in
the local curvature of the indicator function (in this case, the DoG) are
rejected. This is implemented by first computing the local Hessian of
the difference image D,

H =

[
Dxx Dxy
Dxy Dyy

]
(9)

and then rejecting keypoints for which
Tr(H)2

Det(H)
> 10 (10)
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Feature detectors: scale invariance

Different of Gaussians on image pyramid218 Computer Vision: Algorithms and Applications (September 3, 2010 draft)
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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
to produce the difference-of-Gaussian images on the right. After each octave, the Gaussian image is
down-sampled by a factor of 2, and the process repeated.

In addition, the difference-of-Gaussian function provides a close approximation to the
scale-normalized Laplacian of Gaussian, σ2∇2G, as studied by Lindeberg (1994). Lindeberg
showed that the normalization of the Laplacian with the factor σ2 is required for true scale
invariance. In detailed experimental comparisons, Mikolajczyk (2002) found that the maxima
and minima of σ2∇2G produce the most stable image features compared to a range of other
possible image functions, such as the gradient, Hessian, or Harris corner function.

The relationship between D and σ2∇2G can be understood from the heat diffusion equa-
tion (parameterized in terms of σ rather than the more usual t = σ2):

∂G

∂σ
= σ∇2G.

From this, we see that ∇2G can be computed from the finite difference approximation to
∂G/∂σ, using the difference of nearby scales at kσ and σ:

σ∇2G =
∂G

∂σ
≈ G(x, y, kσ) −G(x, y, σ)

kσ − σ

and therefore,

G(x, y, kσ) −G(x, y, σ) ≈ (k − 1)σ2∇2G.

This shows that when the difference-of-Gaussian function has scales differing by a con-
stant factor it already incorporates the σ2 scale normalization required for the scale-invariant

6

Scale

Figure 2: Maxima and minima of the difference-of-Gaussian images are detected by comparing a
pixel (marked with X) to its 26 neighbors in 3x3 regions at the current and adjacent scales (marked
with circles).

Laplacian. The factor (k − 1) in the equation is a constant over all scales and therefore does
not influence extrema location. The approximation error will go to zero as k goes to 1, but
in practice we have found that the approximation has almost no impact on the stability of
extrema detection or localization for even significant differences in scale, such as k =

√
2.

An efficient approach to construction of D(x, y, σ) is shown in Figure 1. The initial
image is incrementally convolved with Gaussians to produce images separated by a constant
factor k in scale space, shown stacked in the left column. We choose to divide each octave
of scale space (i.e., doubling of σ) into an integer number, s, of intervals, so k = 21/s.
We must produce s + 3 images in the stack of blurred images for each octave, so that final
extrema detection covers a complete octave. Adjacent image scales are subtracted to produce
the difference-of-Gaussian images shown on the right. Once a complete octave has been
processed, we resample the Gaussian image that has twice the initial value of σ (it will be 2
images from the top of the stack) by taking every second pixel in each row and column. The
accuracy of sampling relative to σ 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 minima of D(x, y, σ), each sample point is compared
to its eight neighbors in the current image and nine neighbors in the scale above and below
(see Figure 2). It is selected only if it is larger than all of these neighbors or smaller than all
of them. The cost of this check is reasonably low due to the fact that most sample points will
be eliminated following the first few checks.

An important issue is to determine the frequency of sampling in the image and scale do-
mains that is needed to reliably detect the extrema. Unfortunately, it turns out that there is
no minimum spacing of samples that will detect all extrema, as the extrema can be arbitrar-
ily close together. This can be seen by considering a white circle on a black background,
which will have a single scale space maximum where the circular positive central region of
the difference-of-Gaussian function matches the size and location of the circle. For a very
elongated ellipse, there will be two maxima near each end of the ellipse. As the locations of
maxima are a continuous function of the image, for some ellipse with intermediate elongation
there will be a transition from a single maximum to two, with the maxima arbitrarily close to

7

(a) (b)

Figure 4.11 Scale-space feature detection using a sub-octave Difference of Gaussian pyra-
mid (Lowe 2004) c© 2004 Springer: (a) Adjacent levels of a sub-octave Gaussian pyramid
are subtracted to produce Difference of Gaussian images; (b) extrema (maxima and minima)
in the resulting 3D volume are detected by comparing a pixel to its 26 neighbors.

While Lowe’s Scale Invariant Feature Transform (SIFT) performs well in practice, it is not
based on the same theoretical foundation of maximum spatial stability as the auto-correlation-
based detectors. (In fact, its detection locations are often complementary to those produced
by such techniques and can therefore be used in conjunction with these other approaches.)
In order to add a scale selection mechanism to the Harris corner detector, Mikolajczyk and
Schmid (2004) evaluate the Laplacian of Gaussian function at each detected Harris point (in
a multi-scale pyramid) and keep only those points for which the Laplacian is extremal (larger
or smaller than both its coarser and finer-level values). An optional iterative refinement for
both scale and position is also proposed and evaluated. Additional examples of scale invariant
region detectors are discussed by Mikolajczyk, Tuytelaars, Schmid et al. (2005); Tuytelaars
and Mikolajczyk (2007).

Rotational invariance and orientation estimation

In addition to dealing with scale changes, most image matching and object recognition algo-
rithms need to deal with (at least) in-plane image rotation. One way to deal with this problem
is to design descriptors that are rotationally invariant (Schmid and Mohr 1997), but such
descriptors have poor discriminability, i.e. they map different looking patches to the same
descriptor.
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Next lecture: Feature detection and matching II
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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

Links

• https://opencv-python-
tutroals.readthedocs.io/en/latest/py_tutorials/py_feature2d/
py_matcher/py_matcher.html

• https://webnautes.tistory.com/1291
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