
Image Descriptors

• SIFT 
• RANSAC 
• Sparse descriptors 
• Dense descriptors



Recall: Harris interest points
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Alternative: blob-based interest points

 Scale
 (first
 octave)

Scale
(next
octave)

Gaussian
Difference of
Gaussian (DOG)

. . .

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 betweenD 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 fi nite 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
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Pope and Lowe (2000) used features based on the hierarchical grouping of image contours,
which are particularly useful for objects lacking detailed texture.

The history of research on visual recognition contains work on a diverse set of other
image properties that can be used as feature measurements. Carneiro and Jepson (2002)
describe phase-based local features that represent the phase rather than the magnitude of local
spatial frequencies, which is likely to provide improved invariance to illumination. Schiele
and Crowley (2000) have proposed the use of multidimensional histograms summarizing the
distribution of measurements within image regions. This type of feature may be particularly
useful for recognition of textured objects with deformable shapes. Basri and Jacobs (1997)
have demonstrated the value of extracting local region boundaries for recognition. Other
useful properties to incorporate include color, motion, fi gure-ground discrimination, region
shape descriptors, and stereo depth cues. The local feature approach can easily incorporate
novel feature types because extra features contribute to robustness when they provide correct
matches, but otherwise do little harm other than their cost of computation. Therefore, future
systems are likely to combine many feature types.

3 Detection of scale-space extrema

As described in the introduction, we will detect keypoints using a cascade fi ltering approach
that uses effi cient algorithms to identify candidate locations that are then examined in further
detail. The fi rst stage of keypoint detection is to identify locations and scales that can be
repeatably assigned under differing views of the same object. Detecting locations that are
invariant to scale change of the image can be accomplished by searching for stable features
across all possible scales, using a continuous function of scale known as scale space (Witkin,
1983).

It has been shown by Koenderink (1984) and Lindeberg (1994) that under a variety of
reasonable assumptions the only possible scale-space kernel is the Gaussian function. There-
fore, the scale space of an image is defi ned as a function, L(x, y,σ), that is produced from
the convolution of a variable-scale Gaussian, G(x, y,σ), with an input image, I(x, y):

L(x, y,σ) = G(x, y,σ) ∗ I(x, y),

where ∗ is the convolution operation in x and y, and

G(x, y,σ) =
1

2πσ2
e−(x2+y2)/2σ2

.

To effi ciently detect stable keypoint locations in scale space, we have proposed (Lowe, 1999)
using scale-space extrema in the difference-of-Gaussian function convolved with the image,
D(x, y,σ), which can be computed from the difference of two nearby scales separated by a
constant multiplicative factor k:

D(x, y,σ) = (G(x, y, kσ) − G(x, y,σ)) ∗ I(x, y)
= L(x, y, kσ) − L(x, y,σ). (1)

There are a number of reasons for choosing this function. First, it is a particularly effi cient
function to compute, as the smoothed images, L, need to be computed in any case for scale
space feature description, and D can therefore be computed by simple image subtraction.
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k = 2
1
s where s = # levels in an octave

https://en.wikipedia.org/wiki/Scale-invariant_feature_transform

https://en.wikipedia.org/wiki/Scale-invariant_feature_transform
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Look for “blob detections” that are 

locally maximal, high confidence, and localizeable

 
Added benefit of Hessian: use second-order taylor expansion to get “subpixel” accuracy

https://en.wikipedia.org/wiki/Scale-invariant_feature_transform
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Coordinate frames

Represent each patch in a canonical scale and orientation (or general affine coordinate frame)



Find dominant orientation

Compute gradients for all pixels in patch. Histogram (bin) gradients by orientation

0 2π

(I prefer this because you can look for multiple peaks)



Appearance descriptors

Represent each patch in a canonical scale and orientation (or general affine coordinate frame)
 



Conflicting criteria

Discriminative: d(p1,p2) should be high when points p1 and p2 do not correspond

Repeatable: d(p1,p2) should be low when p1 and p2 correspond (but are different 
viewpoints, illumunations,… of same point)

Speed: Fast to compute p’s

Storage: Low dimensional (easy to store p’s)



point and oriented along the orientation selected in the
previous section. The size of this window is 20s. Examples
of such square regions are illustrated in figure 11.

Fig. 11. Detail of the Gra�ti scene showing the size of the oriented
descriptor window at di↵erent scales.

The region is split up regularly into smaller 4⇥ 4 square
sub-regions. This preserves important spatial information.
For each sub-region, we compute Haar wavelet responses
at 5⇥5 regularly spaced sample points. For reasons of sim-
plicity, we call d

x

the Haar wavelet response in horizontal
direction and d

y

the Haar wavelet response in vertical di-
rection (filter size 2s), see figure 9 again. “Horizontal” and
“vertical” here is defined in relation to the selected inter-
est point orientation (see figure 12). 1 To increase the ro-
bustness towards geometric deformations and localisation
errors, the responses d

x

and d

y

are first weighted with a
Gaussian (� = 3.3s) centred at the interest point.

Fig. 12. To build the descriptor, an oriented quadratic grid with
4⇥4 square sub-regions is laid over the interest point (left). For each
square, the wavelet responses are computed. The 2⇥ 2 sub-divisions
of each square correspond to the actual fields of the descriptor.
These are the sums dx, |dx|, dy, and |dy|, computed relatively to the
orientation of the grid (right).

Then, the wavelet responses d

x

and d

y

are summed
up over each sub-region and form a first set of entries

1 For e�ciency reasons, the Haar wavelets are calculated in the
unrotated image and the responses are then interpolated, instead of
actually rotating the image.

in the feature vector. In order to bring in information
about the polarity of the intensity changes, we also ex-
tract the sum of the absolute values of the responses, |d

x

|
and |d

y

|. Hence, each sub-region has a four-dimensional
descriptor vector v for its underlying intensity structure
v = (

P
d

x

,

P
d

y

,

P |d
x

|, P |d
y

|). Concatenating this for
all 4 ⇥ 4 sub-regions, this results in a descriptor vector of
length 64. The wavelet responses are invariant to a bias in
illumination (o↵set). Invariance to contrast (a scale factor)
is achieved by turning the descriptor into a unit vector.

Fig. 13. The descriptor entries of a sub-region represent the nature
of the underlying intensity pattern. Left: In case of a homogeneous
region, all values are relatively low. Middle: In presence of frequencies
in x direction, the value of

P
|d

x

| is high, but all others remain low.
If the intensity is gradually increasing in x direction, both valuesP

d

x

and
P

|d
x

| are high.

Figure 13 shows the properties of the descriptor for three
distinctively di↵erent image intensity patterns within a
sub-region. One can imagine combinations of such local in-
tensity patterns, resulting in a distinctive descriptor.

SURF is, up to some point, similar in concept as SIFT,
in that they both focus on the spatial distribution of gradi-
ent information. Nevertheless, SURF outperforms SIFT in
practically all cases, as shown in Section 5. We believe this
is due to the fact that SURF integrates the gradient infor-
mation within a subpatch, whereas SIFT depends on the
orientations of the individual gradients. This makes SURF
less sensitive to noise, as illustrated in the example of Fig-
ure 14.

Fig. 14. Due to the global integration of SURF’s descriptor, it stays
more robust to various image perturbations than the more locally
operating SIFT descriptor.

In order to arrive at these SURF descriptors, we exper-
imented with fewer and more wavelet features, second or-
der derivatives, higher-order wavelets, PCA, median val-
ues, average values, etc. From a thorough evaluation, the
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Computing the SIFT Descriptor
Histograms of gradient directions over spatial regions

\



SIFT Descriptor - Details
Assume that we bin “o” orientations over “kxk” cells, where each cell is “sxs” pixels 

What’s final dimensionality of descriptor?

 Common visualizations: o=8, k=2, s=4 
Common implementations: o=8, k=4, s=4



Analogy with spatial pyramids and bag-of-words

1. Use a pre-defined dictionairy of 8 oriented edges

2. Pixels that closely match their dictionairy element get a larger vote

“sparse” reconstructions rather than binary ones!



Post-processing

1. Rescale 128-dim vector to have unit norm

2. Clip high values

“invariant to linear scalings of intensity”

x =
x

||x|| , x 2 R

128

approximate binarization allows for for flat 
patches with small gradients to remain stable

x := min(x, .2)

x :=
x

||x||



Evaluation
Historic problem in computer vision: 

“wide-baseline matching” 



SIFT
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Figure 8: This graph shows the percent of keypoints giving the correct match to a database of 40,000
keypoints as a function of width of the n × n keypoint descriptor and the number of orientations in
each histogram. The graph is computed for images with affine viewpoint change of 50 degrees and
addition of 4% noise.

6.3 Sensitivity to affine change

The sensitivity of the descriptor to affine change is examined in Figure 9. The graph shows
the reliability of keypoint location and scale selection, orientation assignment, and nearest-
neighbor matching to a database as a function of rotation in depth of a plane away from a
viewer. It can be seen that each stage of computation has reduced repeatability with increas-
ing affine distortion, but that the final matching accuracy remains above 50% out to a 50
degree change in viewpoint.

To achieve reliable matching over a wider viewpoint angle, one of the affine-invariant
detectors could be used to select and resample image regions, as discussed in Section 2. As
mentioned there, none of these approaches is truly affine-invariant, as they all start from initial
feature locations determined in a non-affine-invariant manner. In what appears to be the most
affine-invariant method, Mikolajczyk (2002) has proposed and run detailed experiments with
the Harris-affine detector. He found that its keypoint repeatability is below that given here out
to about a 50 degree viewpoint angle, but that it then retains close to 40% repeatability out to
an angle of 70 degrees, which provides better performance for extreme affine changes. The
disadvantages are a much higher computational cost, a reduction in the number of keypoints,
and poorer stability for small affine changes due to errors in assigning a consistent affine
frame under noise. In practice, the allowable range of rotation for 3D objects is considerably
less than for planar surfaces, so affine invariance is usually not the limiting factor in the
ability to match across viewpoint change. If a wide range of affine invariance is desired, such
as for a surface that is known to be planar, then a simple solution is to adopt the approach of
Pritchard and Heidrich (2003) in which additional SIFT features are generated from 4 affine-
transformed versions of the training image corresponding to 60 degree viewpoint changes.
This allows for the use of standard SIFT features with no additional cost when processing
the image to be recognized, but results in an increase in the size of the feature database by a
factor of 3.
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What made this work? Exhaustive evaluation of hyper-parameters on annotated dataset

k

(a) (b)

(c) (d)
Figure 5: This figure shows the stages of keypoint selection. (a) The 233x189 pixel original image.
(b) The initial 832 keypoints locations at maxima and minima of the difference-of-Gaussian function.
Keypoints are displayed as vectors indicating scale, orientation, and location. (c) After applying
a threshold on minimum contrast, 729 keypoints remain. (d) The final 536 keypoints that remain
following an additional threshold on ratio of principal curvatures.

As suggested by Brown, the Hessian and derivative of D are approximated by using dif-
ferences of neighboring sample points. The resulting 3x3 linear system can be solved with
minimal cost. If the offset x̂ is larger than 0.5 in any dimension, then it means that the ex-
tremum lies closer to a different sample point. In this case, the sample point is changed and
the interpolation performed instead about that point. The final offset x̂ is added to the location
of its sample point to get the interpolated estimate for the location of the extremum.

The function value at the extremum, D(x̂), is useful for rejecting unstable extrema with
low contrast. This can be obtained by substituting equation (3) into (2), giving

D(x̂) = D +
1

2

∂D

∂x

T

x̂.

For the experiments in this paper, all extrema with a value of |D(x̂)| less than 0.03 were
discarded (as before, we assume image pixel values in the range [0,1]).

Figure 5 shows the effects of keypoint selection on a natural image. In order to avoid too
much clutter, a low-resolution 233 by 189 pixel image is used and keypoints are shown as
vectors giving the location, scale, and orientation of each keypoint (orientation assignment is
described below). Figure 5 (a) shows the original image, which is shown at reduced contrast
behind the subsequent figures. Figure 5 (b) shows the 832 keypoints at all detected maxima
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SIFT

(a) (b)

(c) (d)
Figure 5: This figure shows the stages of keypoint selection. (a) The 233x189 pixel original image.
(b) The initial 832 keypoints locations at maxima and minima of the difference-of-Gaussian function.
Keypoints are displayed as vectors indicating scale, orientation, and location. (c) After applying
a threshold on minimum contrast, 729 keypoints remain. (d) The final 536 keypoints that remain
following an additional threshold on ratio of principal curvatures.

As suggested by Brown, the Hessian and derivative of D are approximated by using dif-
ferences of neighboring sample points. The resulting 3x3 linear system can be solved with
minimal cost. If the offset x̂ is larger than 0.5 in any dimension, then it means that the ex-
tremum lies closer to a different sample point. In this case, the sample point is changed and
the interpolation performed instead about that point. The final offset x̂ is added to the location
of its sample point to get the interpolated estimate for the location of the extremum.

The function value at the extremum, D(x̂), is useful for rejecting unstable extrema with
low contrast. This can be obtained by substituting equation (3) into (2), giving

D(x̂) = D +
1

2

∂D

∂x

T

x̂.

For the experiments in this paper, all extrema with a value of |D(x̂)| less than 0.03 were
discarded (as before, we assume image pixel values in the range [0,1]).

Figure 5 shows the effects of keypoint selection on a natural image. In order to avoid too
much clutter, a low-resolution 233 by 189 pixel image is used and keypoints are shown as
vectors giving the location, scale, and orientation of each keypoint (orientation assignment is
described below). Figure 5 (a) shows the original image, which is shown at reduced contrast
behind the subsequent figures. Figure 5 (b) shows the 832 keypoints at all detected maxima

11

Where does scale, translation, and rotation invariance for the 
“Scale-Invariant Feature Transform” come from?



Image Descriptors

• SIFT 
• RANSAC 
• Sparse descriptors 
• Dense descriptors



Feature matching
• Exhaustive search 

• for each feature in one image, look at all the other features in 
the other image(s)

How do we remove bad matches?

Repeated textures (like windows) are notoriously challenging!



Feature-space outlier rejection
Let’s not match all features, but only these that have 

“similar enough” matches? 
How can we do it?  

• Distance(SIFT(patch1),SIFT(patch2)) < threshold 
• Clean way to set threshold?



Rejecting unstable matches

[Lowe, 1999]: 
• 1-NN: SSD of the closest match 
• 2-NN: SSD of the second-closest match 
• Look at how much better 1-NN is than 2-NN, e.g. 1-NN/2-NN

“Look for patches that have a good match. If there’s a good alternative match, don’t trust it!” 



Matching features

We hope “second-best” thresholding gets rid of red matches

In general, we’ll have lots of bad matches.



RANSAC
https://en.wikipedia.org/wiki/Random_sample_consensus

Incredibly impactful procedure for fitting models under noise

How would we fit a line to this data?



RANSAC
https://en.wikipedia.org/wiki/Random_sample_consensus

Least squares

∑ =
−+=
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2)(

Formalize least squares vs robust 
statistics (ransac.pdf)




Least squares: Robustness to noise
Least squares fit with an outlier:

Problem: squared error heavily penalizes outliers
Slide: S. Lazebnik



RANSAC for line fitting
Repeat N times: 
• Draw s points uniformly at random 
• Fit line to these s points 
• Find inliers to this line among the remaining 

points (i.e., points whose distance from the 
line is less than t) 

• If there are d or more inliers, accept the line 
and refit using all inliers

Source: M. Pollefeys



Ransac parameters
https://en.wikipedia.org/wiki/RANSAC

p: prob that RANSAC returns a good model 
w: fraction of inliers in data 
n: number of points used to estimate model 
k: number of random trials 

1- wn :prob that at least 1 out of n points is an outlier
(1- wn)k: prob that RANSAC fails across all k trials

(1-p) = (1- wn)k

Goal: given a target ‘p’, compute number of needed trials ‘k’

w

p = {.99,.999,.9999}
n = 7

https://en.wikipedia.org/wiki/RANSAC


Example 
from 
Lowe2004



Panorama Stitching using SIFT

[Autopano]

Image 1 Image 2

Match SIFT Interest Points



Panorama Stitching using SIFT

[Autopano]

Transform/Warp one or both images so that corresponding SIFT 
points in images are aligned.



Image Descriptors

• SIFT 
• RANSAC 
• (Other) sparse descriptors 
• Dense descriptors



SURF (SIFT++)  
(Speeded Up Robust Features)

• Replace Gaussians with box-filters

tude. Meanwhile, Grabner et al. [14] also used integral im-
ages to approximate SIFT. Their detection step is based on
di↵erence-of-mean (without interpolation), their descrip-
tion step on integral histograms. They achieve about the
same speed as we do (though the description step is con-
stant in speed), but at the cost of reduced quality com-
pared to SIFT. Generally, the high dimensionality of the
descriptor is a drawback of SIFT at the matching step. For
on-line applications relying only on a regular PC, each one
of the three steps (detection, description, matching) has to
be fast.

An entire body of work is available on speeding up the
matching step. All of them come at the expense of getting
an approximative matching. Methods include the best-bin-
first proposed by Lowe [24], balltrees [35], vocabulary trees
[34], locality sensitive hashing [9], or redundant bit vectors
[13]. Complementary to this, we suggest the use of the Hes-
sian matrix’s trace to significantly increase the matching
speed. Together with the descriptor’s low dimensionality,
any matching algorithm is bound to perform faster.

3. Interest Point Detection

Our approach for interest point detection uses a very
basic Hessian-matrix approximation. This lends itself to
the use of integral images as made popular by Viola and
Jones [41], which reduces the computation time drastically.
Integral images fit in the more general framework of boxlets,
as proposed by Simard et al. [38].

3.1. Integral Images

In order to make the article more self-contained, we
briefly discuss the concept of integral images. They allow
for fast computation of box type convolution filters. The
entry of an integral image I

⌃

(x) at a location x = (x, y)>
represents the sum of all pixels in the input image I within
a rectangular region formed by the origin and x.

I

⌃

(x) =
ixX

i=0

jyX

j=0

I(i, j) (1)

Once the integral image has been computed, it takes
three additions to calculate the sum of the intensities over
any upright, rectangular area (see figure 1). Hence, the cal-
culation time is independent of its size. This is important
in our approach, as we use big filter sizes.

3.2. Hessian Matrix Based Interest Points

We base our detector on the Hessian matrix because of
its good performance in accuracy. More precisely, we detect
blob-like structures at locations where the determinant is
maximum. In contrast to the Hessian-Laplace detector by
Mikolajczyk and Schmid [26], we rely on the determinant

Fig. 1. Using integral images, it takes only three additions and four
memory accesses to calculate the sum of intensities inside a rectan-
gular region of any size.

of the Hessian also for the scale selection, as done by Lin-
deberg [21].

Given a point x = (x, y) in an image I, the Hessian
matrix H(x, �) in x at scale � is defined as follows

H(x, �) =

2

4 L

xx

(x, �) L

xy

(x, �)

L

xy

(x, �) L

yy

(x, �)

3

5
, (2)

where L

xx

(x, �) is the convolution of the Gaussian second
order derivative @

2

@x

2 g(�) with the image I in point x, and
similarly for L

xy

(x, �) and L

yy

(x, �).
Gaussians are optimal for scale-space analysis [19,20],

but in practice they have to be discretised and cropped (fig-
ure 2 left half). This leads to a loss in repeatability under
image rotations around odd multiples of ⇡

4

. This weakness
holds for Hessian-based detectors in general. Figure 3 shows
the repeatability rate of two detectors based on the Hessian
matrix for pure image rotation. The repeatability attains a
maximum around multiples of ⇡

2

. This is due to the square
shape of the filter. Nevertheless, the detectors still perform
well, and the slight decrease in performance does not out-
weigh the advantage of fast convolutions brought by the
discretisation and cropping. As real filters are non-ideal in
any case, and given Lowe’s success with his LoG approxi-
mations, we push the approximation for the Hessian matrix
even further with box filters (in the right half of figure 2).
These approximate second order Gaussian derivatives and
can be evaluated at a very low computational cost using
integral images. The calculation time therefore is indepen-
dent of the filter size. As shown in the results section and
figure 3, the performance is comparable or better than with
the discretised and cropped Gaussians.

Fig. 2. Left to right: the (discretised and cropped) Gaussian sec-
ond order partial derivative in y- (L

yy

) and xy-direction (L
xy

), re-
spectively; our approximation for the second order Gaussian partial
derivative in y- (D

yy

) and xy-direction (D
xy

). The grey regions are
equal to zero.

3

Fast approximation of first and second derivaties

Make use of integral images for (filter) size-indepdenant filtering



SURF

The 9⇥ 9 box filters in figure 2 are approximations of a
Gaussian with � = 1.2 and represent the lowest scale (i.e.
highest spatial resolution) for computing the blob response
maps. We will denote them by D

xx

, D

yy

, and D

xy

. The
weights applied to the rectangular regions are kept simple
for computational e�ciency. This yields

det(H
approx

) = D

xx

D

yy

� (wD

xy

)2. (3)

The relative weight w of the filter responses is used to bal-
ance the expression for the Hessian’s determinant. This is
needed for the energy conservation between the Gaussian
kernels and the approximated Gaussian kernels,

w =
|L

xy

(1.2)|
F

|D
yy

(9)|
F

|L
yy

(1.2)|
F

|D
xy

(9)|
F

= 0.912... ' 0.9, (4)

where |x|
F

is the Frobenius norm. Notice that for theoret-
ical correctness, the weighting changes depending on the
scale. In practice, we keep this factor constant, as this did
not have a significant impact on the results in our experi-
ments.

Furthermore, the filter responses are normalised with re-
spect to their size. This guarantees a constant Frobenius
norm for any filter size, an important aspect for the scale
space analysis as discussed in the next section.

The approximated determinant of the Hessian represents
the blob response in the image at location x. These re-
sponses are stored in a blob response map over di↵erent
scales, and local maxima are detected as explained in sec-
tion 3.4.
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Fast−Hessian
Hessian−Laplace

Fig. 3. Top: Repeatability score for image rotation of up to 180
degrees. Hessian-based detectors have in general a lower repeatability
score for angles around uneven multiples of ⇡

4 . Bottom: Sample
images from the Van Gogh sequence that was used. Fast-Hessian is
the more accurate version of our detector (FH-15), as explained in
section 3.3.

3.3. Scale Space Representation

Interest points need to be found at di↵erent scales, not
least because the search of correspondences often requires

their comparison in images where they are seen at di↵erent
scales. Scale spaces are usually implemented as an image
pyramid. The images are repeatedly smoothed with a Gaus-
sian and then sub-sampled in order to achieve a higher level
of the pyramid. Lowe [24] subtracts these pyramid layers
in order to get the DoG (Di↵erence of Gaussians) images
where edges and blobs can be found.

Due to the use of box filters and integral images, we do
not have to iteratively apply the same filter to the output
of a previously filtered layer, but instead can apply box fil-
ters of any size at exactly the same speed directly on the
original image and even in parallel (although the latter is
not exploited here). Therefore, the scale space is analysed
by up-scaling the filter size rather than iteratively reducing
the image size, figure 4. The output of the 9 ⇥ 9 filter, in-
troduced in the previous section, is considered as the initial
scale layer, to which we will refer as scale s = 1.2 (approx-
imating Gaussian derivatives with � = 1.2). The following
layers are obtained by filtering the image with gradually
bigger masks, taking into account the discrete nature of in-
tegral images and the specific structure of our filters.

Note that our main motivation for this type of sampling
is its computational e�ciency. Furthermore, as we do not
have to downsample the image, there is no aliasing. On the
downside, box filters preserve high-frequency components
that can get lost in zoomed-out variants of the same scene,
which can limit scale-invariance. This was however not no-
ticeable in our experiments.

Fig. 4. Instead of iteratively reducing the image size (left), the use
of integral images allows the up-scaling of the filter at constant cost
(right).

The scale space is divided into octaves. An octave repre-
sents a series of filter response maps obtained by convolv-
ing the same input image with a filter of increasing size. In
total, an octave encompasses a scaling factor of 2 (which
implies that one needs to more than double the filter size,
see below). Each octave is subdivided into a constant num-
ber of scale levels. Due to the discrete nature of integral im-
ages, the minimum scale di↵erence between 2 subsequent
scales depends on the length l

0

of the positive or negative
lobes of the partial second order derivative in the direction
of derivation (x or y), which is set to a third of the filter
size length. For the 9⇥ 9 filter, this length l

0

is 3. For two
successive levels, we must increase this size by a minimum
of 2 pixels (one pixel on every side) in order to keep the size
uneven and thus ensure the presence of the central pixel.
This results in a total increase of the mask size by 6 pix-
els (see figure 5). Note that for dimensions di↵erent from

4

every octave is relatively large. Figure 8 shows an exam-
ple of the detected interest points using our ‘Fast-Hessian’
detector.

Fig. 8. Detected interest points for a Sunflower field. This kind of
scenes shows the nature of the features obtained using Hessian-based
detectors.

4. Interest Point Description and Matching

Our descriptor describes the distribution of the intensity
content within the interest point neighbourhood, similar
to the gradient information extracted by SIFT [24] and its
variants. We build on the distribution of first order Haar
wavelet responses in x and y direction rather than the gra-
dient, exploit integral images for speed, and use only 64
dimensions. This reduces the time for feature computation
and matching, and has proven to simultaneously increase
the robustness. Furthermore, we present a new indexing
step based on the sign of the Laplacian, which increases not
only the robustness of the descriptor, but also the match-
ing speed (by a factor of two in the best case). We refer
to our detector-descriptor scheme as SURF – Speeded-Up
Robust Features.

The first step consists of fixing a reproducible orientation
based on information from a circular region around the
interest point. Then, we construct a square region aligned
to the selected orientation and extract the SURF descriptor
from it. Finally, features are matched between two images.
These three steps are explained in the following.

4.1. Orientation Assignment

In order to be invariant to image rotation, we identify
a reproducible orientation for the interest points. For that
purpose, we first calculate the Haar wavelet responses in x

and y direction within a circular neighbourhood of radius
6s around the interest point, with s the scale at which
the interest point was detected.The sampling step is scale
dependent and chosen to be s. In keeping with the rest,
also the size of the wavelets are scale dependent and set
to a side length of 4s. Therefore, we can again use integral
images for fast filtering. The used filters are shown in figure

9. Only six operations are needed to compute the response
in x or y direction at any scale.

Fig. 9. Haar wavelet filters to compute the responses in x (left) and
y direction (right). The dark parts have the weight �1 and the light
parts +1.

Once the wavelet responses are calculated and weighted
with a Gaussian (� = 2s) centred at the interest point, the
responses are represented as points in a space with the hor-
izontal response strength along the abscissa and the ver-
tical response strength along the ordinate. The dominant
orientation is estimated by calculating the sum of all re-
sponses within a sliding orientation window of size ⇡

3

, see
figure 10. The horizontal and vertical responses within the
window are summed. The two summed responses then yield
a local orientation vector. The longest such vector over all
windows defines the orientation of the interest point. The
size of the sliding window is a parameter which had to be
chosen carefully. Small sizes fire on single dominating gra-
dients, large sizes tend to yield maxima in vector length
that are not outspoken. Both result in a misorientation of
the interest point.

Fig. 10. Orientation assignment: A sliding orientation window of size
⇡

3 detects the dominant orientation of the Gaussian weighted Haar
wavelet responses at every sample point within a circular neighbour-
hood around the interest point.

Note that for many applications, rotation invariance is
not necessary. Experiments of using the upright version
of SURF (U-SURF, for short) for object detection can be
found in [3,4]. U-SURF is faster to compute and can in-
crease distinctivity, while maintaining a robustness to ro-
tation of about +/� 15�.

4.2. Descriptor based on Sum of Haar Wavelet Responses

For the extraction of the descriptor, the first step consists
of constructing a square region centred around the interest

6



Recuced histograms

point and oriented along the orientation selected in the
previous section. The size of this window is 20s. Examples
of such square regions are illustrated in figure 11.

Fig. 11. Detail of the Gra�ti scene showing the size of the oriented
descriptor window at di↵erent scales.

The region is split up regularly into smaller 4⇥ 4 square
sub-regions. This preserves important spatial information.
For each sub-region, we compute Haar wavelet responses
at 5⇥5 regularly spaced sample points. For reasons of sim-
plicity, we call d

x

the Haar wavelet response in horizontal
direction and d

y

the Haar wavelet response in vertical di-
rection (filter size 2s), see figure 9 again. “Horizontal” and
“vertical” here is defined in relation to the selected inter-
est point orientation (see figure 12). 1 To increase the ro-
bustness towards geometric deformations and localisation
errors, the responses d

x

and d

y

are first weighted with a
Gaussian (� = 3.3s) centred at the interest point.

Fig. 12. To build the descriptor, an oriented quadratic grid with
4⇥4 square sub-regions is laid over the interest point (left). For each
square, the wavelet responses are computed. The 2⇥ 2 sub-divisions
of each square correspond to the actual fields of the descriptor.
These are the sums dx, |dx|, dy, and |dy|, computed relatively to the
orientation of the grid (right).

Then, the wavelet responses d

x

and d

y

are summed
up over each sub-region and form a first set of entries

1 For e�ciency reasons, the Haar wavelets are calculated in the
unrotated image and the responses are then interpolated, instead of
actually rotating the image.

in the feature vector. In order to bring in information
about the polarity of the intensity changes, we also ex-
tract the sum of the absolute values of the responses, |d

x

|
and |d

y

|. Hence, each sub-region has a four-dimensional
descriptor vector v for its underlying intensity structure
v = (

P
d

x

,

P
d

y

,

P |d
x

|, P |d
y

|). Concatenating this for
all 4 ⇥ 4 sub-regions, this results in a descriptor vector of
length 64. The wavelet responses are invariant to a bias in
illumination (o↵set). Invariance to contrast (a scale factor)
is achieved by turning the descriptor into a unit vector.

Fig. 13. The descriptor entries of a sub-region represent the nature
of the underlying intensity pattern. Left: In case of a homogeneous
region, all values are relatively low. Middle: In presence of frequencies
in x direction, the value of

P
|d

x

| is high, but all others remain low.
If the intensity is gradually increasing in x direction, both valuesP

d

x

and
P

|d
x

| are high.

Figure 13 shows the properties of the descriptor for three
distinctively di↵erent image intensity patterns within a
sub-region. One can imagine combinations of such local in-
tensity patterns, resulting in a distinctive descriptor.

SURF is, up to some point, similar in concept as SIFT,
in that they both focus on the spatial distribution of gradi-
ent information. Nevertheless, SURF outperforms SIFT in
practically all cases, as shown in Section 5. We believe this
is due to the fact that SURF integrates the gradient infor-
mation within a subpatch, whereas SIFT depends on the
orientations of the individual gradients. This makes SURF
less sensitive to noise, as illustrated in the example of Fig-
ure 14.

Fig. 14. Due to the global integration of SURF’s descriptor, it stays
more robust to various image perturbations than the more locally
operating SIFT descriptor.

In order to arrive at these SURF descriptors, we exper-
imented with fewer and more wavelet features, second or-
der derivatives, higher-order wavelets, PCA, median val-
ues, average values, etc. From a thorough evaluation, the
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Instead of recording histograms of 8 orientation 
inside each 4x4 block, record 4 marginal statistics

Final descriptor = 4x4x4 = 64 dim





Image Descriptors

• SIFT 
• RANSAC 
• (Other) sparse descriptors (SIFT++, rank, region) 

• Dense descriptors



Alternate family of approaches: 
 rank-based representations

 

   

   

     

 

 

   

   

   

 

 

Order: 
6,3,2,9,1,5,4,7,8

Order: 
6,3,2,9,1,5,7,4,8

Posiiive: rank ordering is invariant to monotonic transformations of intensity 
(not just linear!)

Dinkar N. Bhat and Shree K. Nayar. 
Ordinal Measures for Image Correspondence. PAMI Vol. 20, No. 4, April 1998

Negative: comparing two different ranks is expensive



Alternate approach: binary patterns

 
   
   
     

 

Convert rank-order vector into a N2  binary matrix of relative comparisons

Is pixel i > pixel j ?

1. Create a descriptor that is a random projection of the vectorized matrix

Ho, Tin (1995) "Random Decision Forests" Int'l Conf. Document Analysis and Recognition 
Breiman, Leo (2001) "Random Forests" Machine Learning 
Amit, Y. & Geman, D. (1997). Shape quantization and recognition with randomized trees. Neural Computation, 1997

0 1 0 0 0 1 1 1 0
0 0 0 1 0 1 0 0 0
0 1 1 1 0 0 1 0 1
0 1 0 0 0 1 1 1 0
0 0 0 1 0 1 0 0 0
0 1 0 0 0 1 1 1 0
0 0 0 1 0 1 0 0 0
0 1 1 1 0 1 0 0 0
0 1 0 0 0 0 0 1 0

2. Compare two descriptors by # of matching bits (Hamming distance with bitwise operations)



BRIEF:  
Binary Robust Independent Elementary Features

• Randomly select pairs p and p’ for comparison 
• Design choice: How to sample p,p’?

 



Sampling strategies
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Fig. 1. Each group of 10 bars represents the recognition rates in one specific stereo pair
for increasing levels of Gaussian smoothing. Especially for the hard-to-match pairs,
which are those on the right side of the plot, smoothing is essential in slowing down
the rate at which the recognition rate decreases.

Fig. 2. Different approaches to choosing the test locations. All except the righmost one
are selected by random sampling. Showing 128 tests in every image.

II) (X,Y) ∼ i.i.d. Gaussian(0, 1

25
S2): The tests are sampled from an isotropic

Gaussian distribution. Experimentally we found s

2
= 5

2
σ ⇔ σ2 = 1

25
S2 to

give best results in terms of recognition rate.

III) X ∼ i.i.d. Gaussian(0, 1

25
S2) , Y ∼ i.i.d. Gaussian(xi,

1

100
S2) : The sampling

involves two steps. The first location xi is sampled from a Gaussian centered
around the origin while the second location is sampled from another Gaussian
centered on xi. This forces the tests to be more local. Test locations outside
the patch are clamped to the edge of the patch. Again, experimentally we
found S

4
= 5

2
σ ⇔ σ2 = 1

100
S2 for the second Gaussian performing best.

IV) The (xi,yi) are randomly sampled from discrete locations of a coarse polar
grid introducing a spatial quantization.

p1,p2 ~ uniform(x,y)
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Fig. 2. Different approaches to choosing the test locations. All except the righmost one
are selected by random sampling. Showing 128 tests in every image.

II) (X,Y) ∼ i.i.d. Gaussian(0, 1

25
S2): The tests are sampled from an isotropic

Gaussian distribution. Experimentally we found s

2
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2
σ ⇔ σ2 = 1
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S2 to

give best results in terms of recognition rate.

III) X ∼ i.i.d. Gaussian(0, 1

25
S2) , Y ∼ i.i.d. Gaussian(xi,

1

100
S2) : The sampling

involves two steps. The first location xi is sampled from a Gaussian centered
around the origin while the second location is sampled from another Gaussian
centered on xi. This forces the tests to be more local. Test locations outside
the patch are clamped to the edge of the patch. Again, experimentally we
found S

4
= 5

2
σ ⇔ σ2 = 1

100
S2 for the second Gaussian performing best.

IV) The (xi,yi) are randomly sampled from discrete locations of a coarse polar
grid introducing a spatial quantization.

p1,p2 ~ N(0,sigma)
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II) (X,Y) ∼ i.i.d. Gaussian(0, 1
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S2): The tests are sampled from an isotropic

Gaussian distribution. Experimentally we found s
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give best results in terms of recognition rate.

III) X ∼ i.i.d. Gaussian(0, 1

25
S2) , Y ∼ i.i.d. Gaussian(xi,

1

100
S2) : The sampling

involves two steps. The first location xi is sampled from a Gaussian centered
around the origin while the second location is sampled from another Gaussian
centered on xi. This forces the tests to be more local. Test locations outside
the patch are clamped to the edge of the patch. Again, experimentally we
found S

4
= 5

2
σ ⇔ σ2 = 1

100
S2 for the second Gaussian performing best.

IV) The (xi,yi) are randomly sampled from discrete locations of a coarse polar
grid introducing a spatial quantization.

p1 ~ N(0,sigma)  
p2 ~N(p1,sigma2)
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Fig. 2. Different approaches to choosing the test locations. All except the righmost one
are selected by random sampling. Showing 128 tests in every image.

II) (X,Y) ∼ i.i.d. Gaussian(0, 1

25
S2): The tests are sampled from an isotropic

Gaussian distribution. Experimentally we found s

2
= 5

2
σ ⇔ σ2 = 1

25
S2 to

give best results in terms of recognition rate.

III) X ∼ i.i.d. Gaussian(0, 1

25
S2) , Y ∼ i.i.d. Gaussian(xi,

1

100
S2) : The sampling

involves two steps. The first location xi is sampled from a Gaussian centered
around the origin while the second location is sampled from another Gaussian
centered on xi. This forces the tests to be more local. Test locations outside
the patch are clamped to the edge of the patch. Again, experimentally we
found S

4
= 5

2
σ ⇔ σ2 = 1

100
S2 for the second Gaussian performing best.

IV) The (xi,yi) are randomly sampled from discrete locations of a coarse polar
grid introducing a spatial quantization.

p1,p2 ~ uniform(r,theta)
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Fig. 2. Different approaches to choosing the test locations. All except the righmost one
are selected by random sampling. Showing 128 tests in every image.
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S2): The tests are sampled from an isotropic

Gaussian distribution. Experimentally we found s
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give best results in terms of recognition rate.

III) X ∼ i.i.d. Gaussian(0, 1

25
S2) , Y ∼ i.i.d. Gaussian(xi,

1

100
S2) : The sampling

involves two steps. The first location xi is sampled from a Gaussian centered
around the origin while the second location is sampled from another Gaussian
centered on xi. This forces the tests to be more local. Test locations outside
the patch are clamped to the edge of the patch. Again, experimentally we
found S

4
= 5

2
σ ⇔ σ2 = 1

100
S2 for the second Gaussian performing best.

IV) The (xi,yi) are randomly sampled from discrete locations of a coarse polar
grid introducing a spatial quantization.

p1 = 0 
p2 =  grid(r,theta)



BRISK: Binary Robust Invariant Scalable Keypoints

• Many variations on the BRIEF-like descriptors 
• Example BRISK: 

– 60 sample points regularly spaced in log-polar space  
– Intensity smoothed by Gaussian proportional to distance to interest point 
– Binary code computed over the 512 pairs of closely points such that:

||p1 � p2|| < 9.75�



LBP: Local Binary Patterns
• Special case: always compare with center pixel 
• Originally used for texture classification 
• Now standard descriptor for vision tasks 
• Simplest form: record binary comparions of central 

pixel with its (8) neighbors 
– Represent 3x3 patch with 8-bit binary vector

 

p

p’



LBPP,R
P = Number of 
sample points

R = Radius

Multiscale LBPs



Image Descriptors

• SIFT 
• RANSAC 
• (Other) sparse descriptors (SIFT++, rank, region) 

• Dense descriptors



Regions instead of points
MSER Construction (1)

intensity image                                        shown as a surface function

Maximally Stable Extremal Regions (MSER)

Extremal region Ri : Set of connected pixels such that the intensity values 
inside Ri are greater (or lower) than those at the boundary of Ri



Sweeping image threhsolds

From white to black

From black to white

• Apply a series of thresholds – one for each grayscale level.
• Threshold the image at each level to create a series of black and white images.
• One extreme will be all white, the other all black. In between, blobs grow and merge.

Sweeping image threhsolds

From white to black

From black to white

• Apply a series of thresholds – one for each grayscale level.
• Threshold the image at each level to create a series of black and white images.
• One extreme will be all white, the other all black. In between, blobs grow and merge.

Stable region: connected region of pixels with stable size for different thresholds

(|Ri+1|- |Ri|)/ |Ri|

R1 R2 …



From MSER to SIFT

Find extremal region Fit ellipse 
Eigenthings of:

Rotate + scale to 
 canonical patch

Compute 128-dim SIFT 
vector



Examples from image matching

Example from Matas et al. BMCV 2002



Image Descriptors

• SIFT 
• RANSAC 
• (Other) sparse descriptors (SIFT++, rank, region) 

• Dense descriptors



Dense sampling
• So far: Descriptors of patches centered at sparse 

interest points 
• But we can use the descriptors at any point 
• Common case:  

– Regularly sampled grid of points 
– Dense SIFT (or LBP, or…)

 
128-dim 
SIFT 
feature

Visual words 
from clusters in 
128-dim space



HOG
Compute SIFT descriptors on a grid equal to size of individual “cell”

In practice, re-optimize hyper-parameters (2x2 grid of cells, with each cell of 8x8 pixels)



Common visualization
Image features - 

histograms of gradients 

•Our implementation of DalalTriggs HOG features

Histogram of Gradient (HOG) Features

• Image is partitioned into 8x8 pixel blocks

• In each block we compute a histogram of gradient orientations

- Invariant to changes in lighting, small deformations, etc.

• We compute features at different resolutions (pyramid)

Histogram of Gradient (HOG) Features

• Image is partitioned into 8x8 pixel blocks

• In each block we compute a histogram of gradient orientations

- Invariant to changes in lighting, small deformations, etc.

• We compute features at different resolutions (pyramid)

Image features - 
histograms of gradients 

•Our implementation of DalalTriggs HOG features

Histogram of Gradient (HOG) Features

• Image is partitioned into 8x8 pixel blocks

• In each block we compute a histogram of gradient orientations

- Invariant to changes in lighting, small deformations, etc.

• We compute features at different resolutions (pyramid)

Histogram of Gradient (HOG) Features

• Image is partitioned into 8x8 pixel blocks

• In each block we compute a histogram of gradient orientations
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Alternative global desciptor: Gist

     8   orientations 
     4   scales 
x 16   spatial bins 
 512   dimensions

Oliva and Torralba, 2001

1.Compute frequency energy (magnitude) at each 
spatial (x,y) location with gabor filters 

2. Average energy over 4x4 spatial grids



Common visualization

Global features (I) ~ global features (I’) Oliva & Torralba (2001)



Example: Image matching

Query:

Matches:



• BRIEF, (D-BRIEF, binboost, LBGM, …): 
– Michael Calonder, Vincent Lepetit, Christoph Strecha, and Pascal Fua . 

BRIEF: Binary Robust Independent Elementary Features, Proc. ECCV 
2010. 

– http://cvlabwww.epfl.ch/~lepetit/ 
• BRISK: 

– Stefan Leutenegger, Margarita Chli and Roland Y. Siegwart. 
BRISK: Binary Robust Invariant Scalable Keypoints. Proc. ICCV 
2011. 

• GIST: 
– Aude Oliva, Antonio Torralba. Modeling the shape of the scene: a 

holistic representation of the spatial envelope. International Journal of 
Computer Vision, Vol. 42(3): 145-175, 2001. 

– http://people.csail.mit.edu/torralba/code/spatialenvelope/ 

• K. Mikolajczyk, T. Tuytelaars, C. Schmid, A. Zisserman, T. Kadir and L. Van 
Gool, A Comparison of Affine Region Detectors; International Journal of 
Computer Vision (IJCV), Volume 65, Number 1, 2005. 

• Major resource for all the features (Vision Lab Features Library (VLFeat)): 
http://www.vlfeat.org/api/index.html



• SIFT: 
– David G. Lowe. Distinctive Image Features from Scale-Invariant Keypoints. 

IJCV (International Journal of Computer Vision), 2004. 
– http://www.cs.ubc.ca/~lowe/keypoints/ 

• MSER: 
– P-E. Forssen, P-E. and D. Lowe, Shape Descriptors for Maximally Stable 

Extremal Regions International Conference on Computer Vision (ICCV), 2007. 
• SURF:  

– Herbert Bay, Andreas Ess, Tinne Tuytelaars, Luc Van Gool, SURF: Speeded Up 
Robust Features, Computer Vision and Image Understanding (CVIU), Vol. 110, 
No. 3, 2008. 

– http://www.vision.ee.ethz.ch/~surf/ 
– DAISY: Engin Tola, Vincent Lepetit, Pascal Fua, DAISY: An Efficient Dense 

Descriptor Applied to Wide-Baseline Stereo, IEEE Transactions on Pattern 
Analysis and Machine Intelligence (PAMI), 2010.  

• LBP: 
– Timo Ojala, Matti Pietikainen,  and Topi Maenpa. Multiresolution Gray-Scale 

and Rotation Invariant Texture Classification with Local Binary Patterns, IEEE 
Transactions on Pattern Analysis and Machine Intelligence (PAMI), Vol. 24, 
No. 7, July 2002 

– http://www.cse.oulu.fi/CMV/Research/LBP
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