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edges

• connection between image recognition and segmentation

• database of human ‘ground truth’ to evaluate edge detection

Martin, Fowlkes, Tal, Malik. ICCV 2001. A Database of Human Segmented Natural Images and Its Application to Evaluating
Segmentation Algorithms and Measuring Ecological Statistics.
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derivative in one dimension

f(x)
50 100 150 200

0

0.2

0.4

0.6

0.8

1

x

f
(x

)

50 100 150 200

−2

0

2

·10−2

x

f
x
(x

)

fx(x) :=
f(x+ 1)− f(x− 1)

2
= h ∗ f, h : =

1

2
[1 0 −1]



derivative in one dimension

f(x)
50 100 150 200

0

0.2

0.4

0.6

0.8

1

x

f
(x

)

50 100 150 200

−2

0

2

·10−2

x

f
x
(x

)

fx(x) :=
f(x+ 1)− f(x− 1)

2
= h ∗ f, h : =

1

2
[1 0 −1]



derivative in two dimensions: gradient
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derivative in two dimensions: gradient
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gradient: magnitude and orientation

‖(fx, fy)‖ (fx, fy)

∇f(x) :=
(
∂f

∂x
,
∂f

∂y

)
(x) ≈ (hx ∗ f, hy ∗ f)(x) = (fx, fy)(x)



noise
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• Q: what happened to the edges?

• derivative is a high-pass filter: signal vanishes, noise remains
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smoothing

g ∗ f

d
dx (g ∗ f)

• smooth signal first

• that’s better: edges recovered



filter derivative

f

d
dx (g) ∗ f

• this is equivalent to convolution with the filter derivative

• that’s even better: filter is known in analytic form



1d Gaussian derivative
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• performs derivation and smoothing at the same time

• σ : “derivation scale”



2d Gaussian derivative
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• derivation in one direction, smoothing in both

• “derivative = convolution”



2d gradient

f ‖(fx, fy)‖

fx : = hx ∗ f fy : = hy ∗ f



2d gradient by Gaussian derivative

f ‖∇g ∗ f‖

gx ∗ f gy ∗ f



steerable filter
[Freeman and Adelson 1991]
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Figure 3: Steerable �lter system block diagram. A bank of dedicated �lters process the image. Their

outputs are multiplied by a set of gain maps which adaptively control the orientation of the synthesized

�lter.
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(a)

(b)

architecture basis sets of ∂2g
∂x2

• an orientation-selective filter that can be expressed as a linear
combination of a small basis set of filters

• the basis set can be (a) a set of rotated versions of itself, or (b) a set
of separable filters

Freeman and Adelson. PAMI 1991. The Design and Use of Steerable Filters.



second derivative in one dimension
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second derivative in one dimension
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second derivative in two dimensions: Laplacian

f fxx + fyy

fxx : = hxx ∗ f fyy : = hyy ∗ f
hxx : = 1

4 [1 −2 1] hy : =
1
4 [1 −2 1]>



Laplacian operator

• discrete approximation
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• differential operator
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1d Gaussian second derivative
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• “center-surround” operator



2d Laplacian of Gaussian (LoG)
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• rotationally symmetric

• “mexican hat”



edge detection

f L0(∇2g ∗ f)
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edge detection

L0(∇2g ∗ f)‖∇g ∗ f‖



difference of Gaussians (DoG)
[Marr and Hildreth 1980]

The raw primal sketch 

FIGURE 11. The values of certain parameters associated with difference-of-Gaussian (DOG) 

masks, with excitatory and inhibitory space constants a, and a,. (a )For various values 
of a,/u,,we show the half-sensitivity bandwidth ( + ) and the half-power bandwidth (a)of 
the filter. In  ( b )is shown its peak sensitivity in the Fourier plane. (The peak sensitivity 
of the excitatory component alone equals 100 % on this scale.) (c) The arguments in the 
appendix show that the best engineering approximation to VaG using a DOG occurs with 
ai/uearound 1.6. In figure (c), this particular Doa is shown dotted against the operator 
V20 with the appropriate a. The two profiles are very similar. 

• studied the ∇2g operator as a
model of retinal X-cells

• popularized it as a
computational theory of edge
detection

• hypothesized a biological
implementation as a difference
of Gaussians with σ1/σ2 ≈ 1.6

Marr and Hildreth. RSL 1980. Theory of Edge Detection.



feature detection



saliency and visual attention
[Itti et al. 1998]

• visual attention system, inspired by the early primate visual system

• multiple scales, multiple features, center-surround, normalization and
winner-take-all operations

Itti, Koch and Niebur. PAMI 1998. A Model of Saliency-Based Visual Attention for Rapid Scene Analysis.
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blob detection

• convolution with a circular symmetric center-surround pattern in
scale-space

• local maxima in scale-space yield positions and scales of blobs

Lindeberg. IJCV 1998. Feature Detection with Automatic Scale Selection.
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scale-space computation
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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

• incrementally convolve with Gaussian, subsample at each octave

Lowe. IJCV 2004. Distinctive Image Features From Scale-Invariant Keypoints.



scale-space local extrema

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

• local maxima among 26 neighbors selected

• accurately localized, edge responses rejected, orientation normalized

Lowe. IJCV 2004. Distinctive Image Features From Scale-Invariant Keypoints.



scale-invariant feature transform (SIFT)
[Lowe 1999]

The input image is first convolved with the Gaussian
function using � =

p
2 to give an image A. This is then

repeated a second time with a further incremental smooth-
ing of � =

p
2 to give a new image, B, which now has an

effective smoothing of � = 2. The difference of Gaussian
function is obtained by subtracting image B from A, result-
ing in a ratio of 2=

p
2 =

p
2 between the two Gaussians.

To generate the next pyramid level, we resample the al-
ready smoothed image B using bilinear interpolation with a
pixel spacing of 1.5 in each direction. While it may seem
more natural to resample with a relative scale of

p
2, the

only constraint is that sampling be frequent enough to de-
tect peaks. The 1.5 spacing means that each new sample will
be a constant linear combination of 4 adjacent pixels. This
is efficient to compute and minimizes aliasing artifacts that
would arise from changing the resampling coefficients.

Maxima and minima of this scale-space function are de-
termined by comparing each pixel in the pyramid to its
neighbours. First, a pixel is compared to its 8 neighbours at
the same level of the pyramid. If it is a maxima or minima
at this level, then the closest pixel location is calculated at
the next lowest level of the pyramid, taking account of the
1.5 times resampling. If the pixel remains higher (or lower)
than this closest pixel and its 8 neighbours, then the test is
repeated for the level above. Since most pixels will be elim-
inated within a few comparisons, the cost of this detection is
small and much lower than that of building the pyramid.

If the first level of the pyramid is sampled at the same rate
as the input image, the highest spatial frequencies will be ig-
nored. This is due to the initial smoothing, which is needed
to provide separation of peaks for robust detection. There-
fore, we expand the input image by a factor of 2, using bilin-
ear interpolation, prior to building the pyramid. This gives
on the order of 1000 key points for a typical 512�512 pixel
image, compared to only a quarter as many without the ini-
tial expansion.

3.1. SIFT key stability
To characterize the image at each key location, the smoothed
image A at each level of the pyramid is processed to extract
image gradients and orientations. At each pixel,Aij , the im-
age gradient magnitude,Mij , and orientation,R ij, are com-
puted using pixel differences:

Mij =
q

(Aij � Ai+1;j)2 + (Aij � Ai;j+1)2

R ij = atan2 (Aij � Ai+1;j; Ai;j+1 �Aij)

The pixel differences are efficient to compute and provide
sufficient accuracy due to the substantial level of previous
smoothing. The effective half-pixel shift in position is com-
pensated for when determining key location.

Robustness to illuminationchange is enhanced by thresh-
olding the gradient magnitudes at a value of 0.1 times the

Figure 1: The second image was generated from the first by
rotation, scaling, stretching, change of brightness and con-
trast, and addition of pixel noise. In spite of these changes,
78% of the keys from the first image have a closely match-
ing key in the second image. These examples show only a
subset of the keys to reduce clutter.

maximum possible gradient value. This reduces the effect
of a change in illumination direction for a surface with 3D
relief, as an illuminationchange may result in large changes
to gradient magnitude but is likely to have less influence on
gradient orientation.

Each key location is assigned a canonical orientation so
that the image descriptors are invariant to rotation. In or-
der to make this as stable as possible against lighting or con-
trast changes, the orientation is determined by the peak in a
histogram of local image gradient orientations. The orien-
tation histogram is created using a Gaussian-weighted win-
dow with � of 3 times that of the current smoothing scale.
These weights are multiplied by the thresholded gradient
values and accumulated in the histogram at locations corre-
sponding to the orientation,R ij. The histogram has 36 bins
covering the 360 degree range of rotations, and is smoothed
prior to peak selection.

The stability of the resulting keys can be tested by sub-
jecting natural images to affine projection, contrast and
brightness changes, and addition of noise. The location of
each key detected in the first image can be predicted in the
transformed image from knowledge of the transform param-
eters. This framework was used to select the various sam-
pling and smoothing parameters given above, so that max-
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maximum possible gradient value. This reduces the effect
of a change in illumination direction for a surface with 3D
relief, as an illuminationchange may result in large changes
to gradient magnitude but is likely to have less influence on
gradient orientation.

Each key location is assigned a canonical orientation so
that the image descriptors are invariant to rotation. In or-
der to make this as stable as possible against lighting or con-
trast changes, the orientation is determined by the peak in a
histogram of local image gradient orientations. The orien-
tation histogram is created using a Gaussian-weighted win-
dow with � of 3 times that of the current smoothing scale.
These weights are multiplied by the thresholded gradient
values and accumulated in the histogram at locations corre-
sponding to the orientation,R ij. The histogram has 36 bins
covering the 360 degree range of rotations, and is smoothed
prior to peak selection.

The stability of the resulting keys can be tested by sub-
jecting natural images to affine projection, contrast and
brightness changes, and addition of noise. The location of
each key detected in the first image can be predicted in the
transformed image from knowledge of the transform param-
eters. This framework was used to select the various sam-
pling and smoothing parameters given above, so that max-

• detected patches equivariant to translation, scale and rotation

Lowe. ICCV 1999. Object recognition from local scale-invariant features.



desired properties of local features

• repeatable: in a transformed image, the same feature is detected at a
transformed position

• distinctive: different image features can be discriminated by their
local appearance

• localized: relatively small regions, robust to occlusion

− elongated: edges, ridges

+ isotropic: blobs, extremal regions

+ points: corners and junctions



Harris corners
[Harris and Stevens 1988]

• if trace λ1 + λ2 is too low → flat

• if condition number λ1/λ2 is too high → edge

• response function r(µ) = detµ− k tr2 µ
Harris and Stephens AVC 1988. A Combined Corner and Edge Detector.



Harris corners (and junctions)

corners response

• response: positive on corners, negative on edges, zero otherwise

• detection: non-maxima suppression and thresholding

Harris and Stephens AVC 1988. A Combined Corner and Edge Detector.



Harris pipeline
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Harris affine & Hessian affine
[Mikolajczyk and Schmid 2004]

• multi-scale Harris or Hessian detection, Laplacian scale selection

• iterative affine shape adaptation, based on Lindeberg

• Hessian-affine de facto standard on image retrieval for several years

Mikolajczyk and Schmid IJCV 2004. Scale & Affine Invariant Interest Point Detectors.



spatial matching



dense registration
[Lucas and Kanade 1981]

• for each location in an image, find a displacement with respect to
another reference image

• appropriate for small displacements, e.g. stereopsis or optical flow

Lucas and Kanade IJCAI 1981. An Iterative Image Registration Technique With an Application to Stereo Vision.
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one dimension

f(x)

g(x)

x

• assuming g(x) = f(x+ t) and t is small,

df

dx
(x) ≈ f(x+ t)− f(x)

t
=
g(x)− f(x)

t
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two dimensions: least squares

• again, assume an image patch defined by window w; what is the error
between the patch shifted by t in reference image f and a patch at
the origin in shifted image g?

E(t) =
∑

x

w(x)(f(x+ t)− g(x))2

≈
∑

x

w(x)(f(x) + t>∇f(x)− g(x))2

• error minimized when gradient vanishes

0 =
∂E

∂t
=
∑

x

w(x)2∇f(x)(f(x) + t>∇f(x)− g(x))

• least-squares solution
(
w ∗ (∇f)(∇f)>

)
t = w ∗ ((∇f)(g − f))

Lucas and Kanade IJCAI 1981. An Iterative Image Registration Technique With an Application to Stereo Vision.
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dense optical flow

• camera follows background, two objects at opposite horizontal
directions

• motion noisy on uniform regions

Lucas and Kanade IJCAI 1981. An Iterative Image Registration Technique With an Application to Stereo Vision.
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dense optical flow

• parallax: tree closer to viewer than background

• stable on textured regions

• window size visible on edges

Lucas and Kanade IJCAI 1981. An Iterative Image Registration Technique With an Application to Stereo Vision.
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feature point tracking
[Tomasi and Kanade 1991]

• linear system can be solved reliably if matrix µ is well-conditioned:
λ1/λ2 is not too large

• detect feature points at local maxima of response min(λ1, λ2)

Tomasi and Kanade 1991. Detection and Tracking of Point Features.



feature point tracking

• uniform regions are not tracked now

• nearly same response as Harris corners

• Q: why do we need the window? what should the size be?

Tomasi and Kanade 1991. Detection and Tracking of Point Features.
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wide-baseline matching

• in dense registration, we started from a local “template matching”
process and found an efficient solution based on a Taylor
approximation

• both make sense for small displacements

• in wide-baseline matching, every part of one image may appear
anywhere in the other

• we start by pairwise matching of local descriptors without any order
and then attempt to enforce some geometric consistency according to
a rigid motion model
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wide-baseline matching

• a region in one image may appear anywhere in the other



wide-baseline matching

• features detected independently in each image



wide-baseline matching

• tentative correspondences by pairwise descriptor matching



wide-baseline matching

• subset of correspondences that are ‘inlier’ to a rigid transformation



descriptor extraction

for each detected feature in each image

• construct a local histogram of gradient orientations

• find one or more dominant orientations corresponding to peaks in the
histogram

• resample local patch at given location, scale, affine shape and
orientation

• extract one descriptor for each dominant orientation

Lowe. IJCV 2004. Distinctive Image Features From Scale-Invariant Keypoints.
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• detect features - find dominant orientation, resample patches - extract
descriptors - match pairwise
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descriptor matching

• for each descriptor in one image, find its two nearest neighbors in the
other

• if ratio of distance of first to distance of second is small, make a
correspondence

• this yields a list of tentative correspondences

Lowe. IJCV 2004. Distinctive Image Features From Scale-Invariant Keypoints.



ratio test
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Figure 11: The probability that a match is correct can be determined by taking the ratio of distance
from the closest neighbor to the distance of the second closest. Using a database of 40,000 keypoints,
the solid line shows the PDF of this ratio for correct matches, while the dotted line is for matches that
were incorrect.

second-closest neighbor. If there are multiple training images of the same object, then we
define the second-closest neighbor as being the closest neighbor that is known to come from
a different object than the first, such as by only using images known to contain different ob-
jects. This measure performs well because correct matches need to have the closest neighbor
significantly closer than the closest incorrect match to achieve reliable matching. For false
matches, there will likely be a number of other false matches within similar distances due to
the high dimensionality of the feature space. We can think of the second-closest match as
providing an estimate of the density of false matches within this portion of the feature space
and at the same time identifying specific instances of feature ambiguity.

Figure 11 shows the value of this measure for real image data. The probability density
functions for correct and incorrect matches are shown in terms of the ratio of closest to
second-closest neighbors of each keypoint. Matches for which the nearest neighbor was
a correct match have a PDF that is centered at a much lower ratio than that for incorrect
matches. For our object recognition implementation, we reject all matches in which the
distance ratio is greater than 0.8, which eliminates 90% of the false matches while discarding
less than 5% of the correct matches. This figure was generated by matching images following
random scale and orientation change, a depth rotation of 30 degrees, and addition of 2%
image noise, against a database of 40,000 keypoints.

7.2 Efficient nearest neighbor indexing

No algorithms are known that can identify the exact nearest neighbors of points in high di-
mensional spaces that are any more efficient than exhaustive search. Our keypoint descriptor
has a 128-dimensional feature vector, and the best algorithms, such as the k-d tree (Friedman
et al., 1977) provide no speedup over exhaustive search for more than about 10 dimensional
spaces. Therefore, we have used an approximate algorithm, called the Best-Bin-First (BBF)
algorithm (Beis and Lowe, 1997). This is approximate in the sense that it returns the closest

20

• ratio of first to second nearest neighbor distance can determine the
probability of a true correspondence

Lowe. IJCV 2004. Distinctive Image Features From Scale-Invariant Keypoints.



spatial matching

why is it difficult?

• should allow for a geometric transformation

• fitting the model to data (correspondences) is sensitive to outliers:
should find a subset of inliers first

• finding inliers to a transformation requires finding the transformation
in the first place

• correspondences have gross error

• inliers are typically less than 50%



geometric transformations

• two images f, f ′ are equal at points x, x′

f(x) = f ′(x′)

• x is mapped to x′

x′ = T (x)

• T is a bijection of R2 to itself:

T : R2 → R2



geometric transformations

x1

x2

x3

x′1

x′2

x′3

• translation: 2 degrees of freedom
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geometric transformations
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geometric transformations
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geometric transformations
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• affine: 6 degrees of freedom
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however

• details don’t matter; in all cases, the problem is transformed to a
linear system (why?)

Ax = b

where A,b contain coordinates of known point correspondences from
images f, f ′ respectively, and x contains our model parameters

• we need n = dd/2e correspondences, where d are the degrees of
freedom of our model

• let’s take the simplest model as an example: fit a line to two points
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least squares and gross outliers

• clean data, no outliers : least squares fit ok
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• one gross outlier : least squares fit fails
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random sample consensus (RANSAC)

• data with outliers - pick two points at random - draw line through
them - set margin on either side - count inlier points

Fischler and Bolles. CACM 1981. Random Sample Consensus: A Paradigm for Model Fitting With Applications to Image Analysis
and Automated Cartography.
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random sample consensus (RANSAC)

• repeat: pick two points at random, draw line through them, count
inlier points at fixed distance to line, keep best hypothesis so far

Fischler and Bolles. CACM 1981. Random Sample Consensus: A Paradigm for Model Fitting With Applications to Image Analysis
and Automated Cartography.
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random sample consensus (RANSAC)
[Fischler and Bolles 1981]

• X: data (tentative correspondences)

• n: minimum number of samples to fit a model

• s(x; θ): score of sample x given model parameters θ

• repeat

• hypothesis

• draw n samples H ⊂ X at random
• fit model to H, compute parameters θ

• verification

• are data consistent with hypothesis? compute score
S =

∑
x∈X s(x; θ)

• if S∗ > S, store solution θ∗ : = θ, S∗ : = S

Fischler and Bolles. CACM 1981. Random Sample Consensus: A Paradigm for Model Fitting With Applications to Image Analysis
and Automated Cartography.



issues

• inlier ratio w unknown

• too expensive when minimum number of samples is large (e.g. n > 6)
and inlier ratio is small e.g. w < 10%): 106 iterations for 1%
probability of failure

Fischler and Bolles. CACM 1981. Random Sample Consensus: A Paradigm for Model Fitting With Applications to Image Analysis
and Automated Cartography.



Hough transform
[Hough 1962]

• detect lines by a voting process in parameter space

• slope-intercept parametrization unbounded for vertical lines

Hough. US Patent 1962. Method and Means for Recognizing Complex patterns.



Eiffel tower detection

model image points

accumulator

test image points

local maxima

Ballard. PR 1981. Generalizing the Hough Transform to Detect Arbitrary shapes.
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Eiffel tower detection

model image points accumulator

detected location local maxima

Ballard. PR 1981. Generalizing the Hough Transform to Detect Arbitrary shapes.



object recognition

Figure 4: Top row shows model images for 3D objects with
outlines found by background segmentation. Bottom image
shows recognition results for 3D objects with model outlines
and image keys used for matching.

mined by solving the corresponding normal equations,

x = [AT
A]�1AT

b

which minimizes the sum of the squares of the distances
from the projected model locations to the corresponding im-
age locations. This least-squares approach could readily be
extended to solving for 3D pose and internal parameters of
articulated and flexible objects [12].

Outliers can now be removed by checking for agreement
between each image feature and the model, given the param-
eter solution. Each match must agree within 15 degrees ori-
entation,

p
2 change in scale, and 0.2 times maximum model

size in terms of location. If fewer than 3 points remain after
discarding outliers, then the match is rejected. If any outliers
are discarded, the least-squares solution is re-solved with the
remaining points.

Figure 5: Examples of 3D object recognitionwith occlusion.

7. Experiments
The affine solution provides a good approximation to per-
spective projection of planar objects, so planar models pro-
vide a good initial test of the approach. The top row of Fig-
ure 3 shows three model images of rectangular planar faces
of objects. The figure also shows a cluttered image contain-
ing the planar objects, and the same image is shown over-
layed with the models following recognition. The model
keys that are displayed are the ones used for recognition and
final least-squares solution. Since only 3 keys are needed
for robust recognition, it can be seen that the solutions are
highly redundant and would survive substantial occlusion.
Also shown are the rectangular borders of the model images,
projected using the affine transform from the least-square
solution. These closely agree with the true borders of the
planar regions in the image, except for small errors intro-
duced by the perspective projection. Similar experiments
have been performed for many images of planar objects, and
the recognition has proven to be robust to at least a 60 degree
rotation of the object in any direction away from the camera.

Although the model images and affine parameters do not
account for rotation in depth of 3D objects, they are still
sufficient to perform robust recognition of 3D objects over
about a 20 degree range of rotation in depth away from each
model view. An example of three model images is shown in
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Lowe. ICCV 1999. Object recognition from local scale-invariant features.



fast spatial matching
[Philbin et al. 2007]

Vocab Bag of
Size words Spatial
50K 0.473 0.599
100K 0.535 0.597
250K 0.598 0.633
500K 0.606 0.642
750K 0.609 0.630
1M 0.618 0.645

1.25M 0.602 0.625
0 2 4 6 8 10 12

x 10
5
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m
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P

Bag of words
Spatial

Table 5. Examining the effect of vocabulary size on performance
for the 5K dataset. Each vocabulary is trained using AKM on
all 16.7M descriptors. There is a performance peak at 1 mil-
lion words. The spatial verification consistently improves perfor-
mance.

Scaling up with AKM. We explore a number of different
vocabulary sizes for the 5K dataset in table 5. This shows a
peak in performance at 1M visual words, although for large
numbers of clusters, the performance curve appears quite
flat and we predict the performance would not significantly
degrade for moderately larger vocabularies.

We evaluate the scalability of our method on the 5K,
5K+100K and 5K+100K+1M datasets in table 4, rows (e)–
(g), using the 1M words visual vocabulary. In going from
the smallest dataset to the largest, a 226-fold increase in the
number of images, the performance falls by just over 20%.
We attribute this drop in performance to a lack of sufficient
discrimination in the quantization for the larger dataset. As
will be seen, this performance loss is ameliorated to some
extent once spatial ranking is included.

4. Spatial re-ranking
The output from performing a query on the inverted file

described previously is a ranked list of images for a sig-
nificant section of the corpus. We have until now consid-
ered the features in each image as a visual bag-of-words
and have ignored the spatial configurations of features. We
now investigate re-ranking the top-ranked results using spa-
tial constraints. The spatial verification procedure estimates
a transformation between the query region and each target
image, based on how well its feature locations are predicted
by the estimated transformation. We then re-rank target im-
ages based on the discriminability of the spatially verified
visual words.

4.1. Transformations and their estimation
As is now standard in estimation algorithms on visual

data, two types of measurement error must be considered:
errors in a detected feature’s position and shape; and errors
due to outliers from mismatched or missing features, be-
cause of detector failure, occlusion, etc. The standard solu-
tion is to use the RANSAC algorithm [12]; this involves gen-
erating transformation hypotheses using a minimal num-
ber of correspondences and then evaluating each hypothesis
based on the number of “inliers” among all features under
that hypothesis.

Transformation dof Matrix
translation +
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Table 6. (a) The three affine sub-groups compared in the spatial
re-ranking. (b) Computing H as H−1

2 H1, preserving “upness” for
the 5 dof case.

Typically, photos are taken from a restricted range of
canonical views and we can use this prior information to
speed up transformation estimation. We choose to use LO-
RANSAC [9], a variant of RANSAC. It involves generating
hypotheses of an approximate model and then iteratively re-
evaluating promising hypotheses using the full transforma-
tion. By selecting a restricted class of transformations for
the hypothesis generation stage and exploiting shape infor-
mation in the affine-invariant image regions, we are able to
generate hypotheses with only a single pair of correspond-
ing features. This greatly reduces the number of possible
hypotheses which need to be considered and significantly
speeds up the matching procedure. We therefore choose to
enumerate all such hypotheses, which removes the random-
ness from our algorithm, resulting in a deterministic proce-
dure.

We compare three affine sub-groups for hypothesis gen-
eration, with degrees of freedom ranging between 3 and 5,
that are listed in table 6(a). This is to evaluate whether or
not there is any significant performance difference between
transformation types. In each case we use a general (6 dof)
affine transformation for the iterative re-estimation step of
LO-RANSAC. The 3 dof transformation approximately cov-
ers situations such as a change in zoom or camera distance
to the scene, but not foreshortening. The 4 dof transforma-
tion approximately covers foreshortening by either a hori-
zontal or vertical scaling between views. The 5 dof trans-
formation preserves the vertical direction and allows for
anisotropic scaling and vertical shear. These three models
take advantage of the fact that images are usually displayed
on the web with the correct (upright) orientation. For this
reason, we have not allowed for in-plane image rotations.

Implementation details. The 3 dof transformation (method
(i) in the following results) is computed from a single region
correspondence using the regions’ centroids to estimate the
translation, and each region’s scale to estimate the isotropic
scale change between the query region and the target image.

For the 4 dof transformation (method (ii)) from a single
region correspondence, the scaling in the x direction is com-
puted from the ratio of the regions’ x extents (and similarly
for the y scaling).

The 5 dof transformation (method iii) is estimated from

Vocab Bag of
Size words Spatial
50K 0.473 0.599
100K 0.535 0.597
250K 0.598 0.633
500K 0.606 0.642
750K 0.609 0.630
1M 0.618 0.645
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Table 5. Examining the effect of vocabulary size on performance
for the 5K dataset. Each vocabulary is trained using AKM on
all 16.7M descriptors. There is a performance peak at 1 mil-
lion words. The spatial verification consistently improves perfor-
mance.

Scaling up with AKM. We explore a number of different
vocabulary sizes for the 5K dataset in table 5. This shows a
peak in performance at 1M visual words, although for large
numbers of clusters, the performance curve appears quite
flat and we predict the performance would not significantly
degrade for moderately larger vocabularies.

We evaluate the scalability of our method on the 5K,
5K+100K and 5K+100K+1M datasets in table 4, rows (e)–
(g), using the 1M words visual vocabulary. In going from
the smallest dataset to the largest, a 226-fold increase in the
number of images, the performance falls by just over 20%.
We attribute this drop in performance to a lack of sufficient
discrimination in the quantization for the larger dataset. As
will be seen, this performance loss is ameliorated to some
extent once spatial ranking is included.

4. Spatial re-ranking
The output from performing a query on the inverted file

described previously is a ranked list of images for a sig-
nificant section of the corpus. We have until now consid-
ered the features in each image as a visual bag-of-words
and have ignored the spatial configurations of features. We
now investigate re-ranking the top-ranked results using spa-
tial constraints. The spatial verification procedure estimates
a transformation between the query region and each target
image, based on how well its feature locations are predicted
by the estimated transformation. We then re-rank target im-
ages based on the discriminability of the spatially verified
visual words.

4.1. Transformations and their estimation
As is now standard in estimation algorithms on visual

data, two types of measurement error must be considered:
errors in a detected feature’s position and shape; and errors
due to outliers from mismatched or missing features, be-
cause of detector failure, occlusion, etc. The standard solu-
tion is to use the RANSAC algorithm [12]; this involves gen-
erating transformation hypotheses using a minimal num-
ber of correspondences and then evaluating each hypothesis
based on the number of “inliers” among all features under
that hypothesis.
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2 H1, preserving “upness” for
the 5 dof case.

Typically, photos are taken from a restricted range of
canonical views and we can use this prior information to
speed up transformation estimation. We choose to use LO-
RANSAC [9], a variant of RANSAC. It involves generating
hypotheses of an approximate model and then iteratively re-
evaluating promising hypotheses using the full transforma-
tion. By selecting a restricted class of transformations for
the hypothesis generation stage and exploiting shape infor-
mation in the affine-invariant image regions, we are able to
generate hypotheses with only a single pair of correspond-
ing features. This greatly reduces the number of possible
hypotheses which need to be considered and significantly
speeds up the matching procedure. We therefore choose to
enumerate all such hypotheses, which removes the random-
ness from our algorithm, resulting in a deterministic proce-
dure.

We compare three affine sub-groups for hypothesis gen-
eration, with degrees of freedom ranging between 3 and 5,
that are listed in table 6(a). This is to evaluate whether or
not there is any significant performance difference between
transformation types. In each case we use a general (6 dof)
affine transformation for the iterative re-estimation step of
LO-RANSAC. The 3 dof transformation approximately cov-
ers situations such as a change in zoom or camera distance
to the scene, but not foreshortening. The 4 dof transforma-
tion approximately covers foreshortening by either a hori-
zontal or vertical scaling between views. The 5 dof trans-
formation preserves the vertical direction and allows for
anisotropic scaling and vertical shear. These three models
take advantage of the fact that images are usually displayed
on the web with the correct (upright) orientation. For this
reason, we have not allowed for in-plane image rotations.

Implementation details. The 3 dof transformation (method
(i) in the following results) is computed from a single region
correspondence using the regions’ centroids to estimate the
translation, and each region’s scale to estimate the isotropic
scale change between the query region and the target image.

For the 4 dof transformation (method (ii)) from a single
region correspondence, the scaling in the x direction is com-
puted from the ratio of the regions’ x extents (and similarly
for the y scaling).

The 5 dof transformation (method iii) is estimated from

• same idea, a single feature correspondence can yield a transformation
that can be 3,4,5-dof

• but now use RANSAC where there is only one hypothesis per
correspondence; all hypotheses can be enumerated and verified

• again, 6-dof fitting on inliers in the end

• so Hough can be seen as filtering of hypotheses by agreement

Philbin, Chum, Isard, Sivic and Zisserman. CVPR 2007. Object Retrieval With Large Vocabularies and Fast Spatial Matching.



object retrieval

(a)

(b)

(c)

(d)

Figure 4. Examples of searching the 5K dataset for: (a) All Soul’s College. (b) Bridge of sighs, Hertford College. (c) Ashmolean Museum.
(d) Bodleian window. The query is shown on the left, with selected top ranked retrieved images shown to the right. All results displayed
are returned before the first false positive for each query.
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by generalized model optimization. In Proc. ACCV, 2004.

[10] C. Elkan. Using the triangle inequality to accelerate kmeans,
2003.

[11] V. Ferrari, T. Tuytelaars, and L. Van Gool. Simultaneous
object recognition and segmentation by image exploration.
In Proc. ECCV, 2004.

[12] M. A. Fischler and R. C. Bolles. Random sample consensus.
Comm. ACM, 24(6):381–395, 1981.

[13] A. Gersho and R. Gray. Vector quantization and signal com-
pression. Kluwer Academic Publishers, Boston, 1992.

[14] R. I. Hartley and A. Zisserman. Multiple View Geometry
in Computer Vision. Cambridge University Press, ISBN:
0521540518, second edition, 2004.

[15] V. Lepetit, P. Lagger, and P. Fua. Randomized trees for real-
time keypoint recognition. In Proc. CVPR, June 2005.

[16] D. Lowe. Distinctive image features from scale-invariant
keypoints. IJCV, 60(2):91–110, 2004.

[17] K. Mikolajczyk, B. Leibe, and B. Schiele. Multiple object
class detection with a generative model. In Proc. CVPR,
2006.

[18] K. Mikolajczyk and C. Schmid. Scale & affine invariant in-
terest point detectors. IJCV, 1(60):63–86, 2004.

[19] F. Moosman, B. Triggs, and F. Jurie. Randomized clustering
forests for building fast and discriminative visual vocabular-
ies. In NIPS, 2006.

[20] D. Nistér and H. Stewénius. Scalable recognition with a vo-
cabulary tree. In Proc. CVPR, 2006.
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• image retrieval based on a bag-of-words representation

• fast spatial verification performed on top-ranking images

Philbin, Chum, Isard, Sivic and Zisserman. CVPR 2007. Object Retrieval With Large Vocabularies and Fast Spatial Matching.



visual descriptors



texture descriptors
[Manjunath and Ma 1996]

• same frequency sampling scheme

• filtering and global pooling in space domain

• popularized as part of MPEG-7 standard

Manjunath and Ma. PAMI 1996. Texture Features for Browsing and Retrieval of Image Data.



global descriptors

image pre-processing

Global Semantic Classi�cation of Scenes using Power Spectrum Templates

a) b) c) d)
fx

f y

Figure 2: This �gure shows the main steps for computing the vector of 100 components used to represent an
image. a) Original image. b) Output of the pre-processing stage. The e�ect of illuminant and shadows have
been reduced. c) Power spectrum of the pre�ltered image. It is computed as the squared of the magnitude
of the Fourier Transform. d) -3dB sections of the set of gabor �lters used to sample the power spectrum.
The highest frequency is 1/3 cycles/image and the lowest one is 1/72 cycles/image.

For most images however, the shape of the power spectrum varies gradually from one of these categories to
another. For example, a �eld scene may display a vertical dominance at low-spatial frequencies corresponding
to the horizon, and a \ring" at medium and high spatial frequencies corresponding respectively to the texture
of the trees behind and the texture of the grass in front. As a consequence, the variety of natural images and
their \intertwined" distributions of orientations is at the origin of the continuity along the semantic axes
de�ned in this paper.

Instead of searching for low-level features (e.g. red and yellow) describing a speci�c semantic category
(e.g. sunset beaches), we looked for semantic categories that would naturally emerge from the �ve major
power spectrum forms. From the �ve main power spectrum forms displayed on Figure 1, we propose a
hierarchical classi�cation procedure as follows: a �rst level of classi�cation discriminates between arti�cial
vs. natural environements. The Horizontal and the Cross shapes together represent arti�cial environements
(e.g. man-made scenes), whereas the three other shapes are typical of natural scenes 2. Following this initial
classi�cation, the second level assesses natural scenes along an axis representing scenes from Open to Closed
environments (e.g. open scenes are mainly horizontally structured with depth view {beaches, �elds{ whereas
closed scenes are bounded environments, highly textured {forests, mountains. Open environments have a
vertical spectrum shape and closed environments have circular and oblique spectrum shapes). This second
level represents also arti�cial scenes along an axis revealing the vertical dominant structure of man-made
outdoor and indoor environments that we call Expanded-Enclosed axis. This axis represents a continuum
between unbroken areas of urban scenes made with tall and large buildings (horizontal spectrum shape) and
con�ned images of indoor buildings and rooms (cross spectrum shape).

4 Computational Model

4.1 Image database

We chose 700 pictures from the Corel Image database so as to cover a large variety of real-world scenes. We
imposed the constraint that images must not be pictures of isolated objects. Examples of scenes included
beaches, �elds, forests, mountain areas, deserts, waterfalls, canyons, urban areas such as shopping centers,
streets, highways, skyscrapers and di�erent kind of rooms. Out of the 700 images, 300 were classi�ed as
arti�cial environments (man-made scenes), another 300 were classi�ed as natural, and the remaining 100

2As outlined in the previous section, classi�cation must be done on continuus axes. Thus, a panoramic view with an urban
area in the background would be located between the arti�cial and the natural poles, exhibing a power spectrum form having
both a cross form and a vertical form.

Challenge of Image Retrieval, Newcastle, 1999 4

power spectrum filter bank

• sampling scheme adapted to power spectrum statistics

• filtering and global pooling in frequency domain

Oliva, Torralba, Guerin-Dugue, Herault. ICCIR 1999. Global Semantic Classification of Scenes Using Power Spectrum Templates.



global vs. local receptive fields

8 

Figure 3: Illustration of a local receptive field and a global receptive field (RF). A local RF is tuned to a 
specific orientation and spatial scale, at a particular position in the image. A global RF is tuned to a spatial 
pattern of orientations and scales across the entire image. A global RF can be generated as a combination of 
local RFs and can, in theory, be implemented from a population of local RFs like the ones found in the early 
visual areas. Larger RFs, which can be selective to global scene properties, could be found in higher cortical 
areas (V4 or IT). The global feature illustrated in this figure is tuned to images with vertical structures at the 
top part and horizontal component at the bottom part, and will reply strongly to the scene street image. 

For instance, in a forest scene picture, the shape of a leaf can be estimated by a set of 
local receptive fields (encoding oriented edges). The shape of the whole forest picture can 
be summarized by the configuration of many small oriented contours, distributed 
everywhere in the image. In the case of the forest scene, a global features encoding "fine
grained texture everywhere in the image" will provide a good summary of the texture 
qualities found in the image. In the case of a street scene, we will need a variety of global 
features encoding the perspective, the level of clutter, etc. Figure 3 illustrates a global 
receptive field which would respond maximally to scenes with vertical structures at the top 
part and horizontal components at the bottom part (as in the case of a street scene).  

Given the variability of layout and feature distribution in the visual world, and given the 
variability of viewpoints that an observer can have on any given scene, most real world 
scene structures will need to be estimated not only by one, but by a collection of global 
features. The number of global features that can be computed is quite high. The most 
effective global features will be those that reflect the global structures of the visual world. 
Several methods of image analysis can be used to learn a suitable basis of global features 
(Fei Fei & Perona, 2005; Oliva & Torralba, 2001; Vailaya et al., 1998; Vogel et al, 2004) 
which capture the statistical regularities of natural scene images. In the modeling presented 
here, we only consider global features of receptive fields measuring orientations and spatial 

• pool filter responses only locally

• next level in hierarchy can apply different spatial weights

Oliva and Torralba. VP 2006. Building the Gist of a Scene: the Role of Global Image Features in Recognition.



the gist descriptor

• apply filter bank to entire image in frequency domain

• partition image in 4× 4 cells

• average pooling of filter responses per cell

Oliva and Torralba. VP 2006. Building the Gist of a Scene: the Role of Global Image Features in Recognition.



gist pipeline
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• 3-channel RGB input → 1-channel gray-scale

• apply filters at 4 scales × 8 orientations

• average pooling on 4× 4 cells → descriptor of length 512
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scale-invariant feature transform
[Lowe 1999]

The input image is first convolved with the Gaussian
function using � =

p
2 to give an image A. This is then

repeated a second time with a further incremental smooth-
ing of � =

p
2 to give a new image, B, which now has an

effective smoothing of � = 2. The difference of Gaussian
function is obtained by subtracting image B from A, result-
ing in a ratio of 2=

p
2 =

p
2 between the two Gaussians.

To generate the next pyramid level, we resample the al-
ready smoothed image B using bilinear interpolation with a
pixel spacing of 1.5 in each direction. While it may seem
more natural to resample with a relative scale of

p
2, the

only constraint is that sampling be frequent enough to de-
tect peaks. The 1.5 spacing means that each new sample will
be a constant linear combination of 4 adjacent pixels. This
is efficient to compute and minimizes aliasing artifacts that
would arise from changing the resampling coefficients.

Maxima and minima of this scale-space function are de-
termined by comparing each pixel in the pyramid to its
neighbours. First, a pixel is compared to its 8 neighbours at
the same level of the pyramid. If it is a maxima or minima
at this level, then the closest pixel location is calculated at
the next lowest level of the pyramid, taking account of the
1.5 times resampling. If the pixel remains higher (or lower)
than this closest pixel and its 8 neighbours, then the test is
repeated for the level above. Since most pixels will be elim-
inated within a few comparisons, the cost of this detection is
small and much lower than that of building the pyramid.

If the first level of the pyramid is sampled at the same rate
as the input image, the highest spatial frequencies will be ig-
nored. This is due to the initial smoothing, which is needed
to provide separation of peaks for robust detection. There-
fore, we expand the input image by a factor of 2, using bilin-
ear interpolation, prior to building the pyramid. This gives
on the order of 1000 key points for a typical 512�512 pixel
image, compared to only a quarter as many without the ini-
tial expansion.

3.1. SIFT key stability
To characterize the image at each key location, the smoothed
image A at each level of the pyramid is processed to extract
image gradients and orientations. At each pixel,Aij , the im-
age gradient magnitude,Mij , and orientation,R ij, are com-
puted using pixel differences:

Mij =
q

(Aij � Ai+1;j)2 + (Aij � Ai;j+1)2

R ij = atan2 (Aij � Ai+1;j; Ai;j+1 �Aij)

The pixel differences are efficient to compute and provide
sufficient accuracy due to the substantial level of previous
smoothing. The effective half-pixel shift in position is com-
pensated for when determining key location.

Robustness to illuminationchange is enhanced by thresh-
olding the gradient magnitudes at a value of 0.1 times the

Figure 1: The second image was generated from the first by
rotation, scaling, stretching, change of brightness and con-
trast, and addition of pixel noise. In spite of these changes,
78% of the keys from the first image have a closely match-
ing key in the second image. These examples show only a
subset of the keys to reduce clutter.

maximum possible gradient value. This reduces the effect
of a change in illumination direction for a surface with 3D
relief, as an illuminationchange may result in large changes
to gradient magnitude but is likely to have less influence on
gradient orientation.

Each key location is assigned a canonical orientation so
that the image descriptors are invariant to rotation. In or-
der to make this as stable as possible against lighting or con-
trast changes, the orientation is determined by the peak in a
histogram of local image gradient orientations. The orien-
tation histogram is created using a Gaussian-weighted win-
dow with � of 3 times that of the current smoothing scale.
These weights are multiplied by the thresholded gradient
values and accumulated in the histogram at locations corre-
sponding to the orientation,R ij. The histogram has 36 bins
covering the 360 degree range of rotations, and is smoothed
prior to peak selection.

The stability of the resulting keys can be tested by sub-
jecting natural images to affine projection, contrast and
brightness changes, and addition of noise. The location of
each key detected in the first image can be predicted in the
transformed image from knowledge of the transform param-
eters. This framework was used to select the various sam-
pling and smoothing parameters given above, so that max-

The input image is first convolved with the Gaussian
function using � =

p
2 to give an image A. This is then

repeated a second time with a further incremental smooth-
ing of � =

p
2 to give a new image, B, which now has an

effective smoothing of � = 2. The difference of Gaussian
function is obtained by subtracting image B from A, result-
ing in a ratio of 2=

p
2 =

p
2 between the two Gaussians.

To generate the next pyramid level, we resample the al-
ready smoothed image B using bilinear interpolation with a
pixel spacing of 1.5 in each direction. While it may seem
more natural to resample with a relative scale of

p
2, the

only constraint is that sampling be frequent enough to de-
tect peaks. The 1.5 spacing means that each new sample will
be a constant linear combination of 4 adjacent pixels. This
is efficient to compute and minimizes aliasing artifacts that
would arise from changing the resampling coefficients.

Maxima and minima of this scale-space function are de-
termined by comparing each pixel in the pyramid to its
neighbours. First, a pixel is compared to its 8 neighbours at
the same level of the pyramid. If it is a maxima or minima
at this level, then the closest pixel location is calculated at
the next lowest level of the pyramid, taking account of the
1.5 times resampling. If the pixel remains higher (or lower)
than this closest pixel and its 8 neighbours, then the test is
repeated for the level above. Since most pixels will be elim-
inated within a few comparisons, the cost of this detection is
small and much lower than that of building the pyramid.

If the first level of the pyramid is sampled at the same rate
as the input image, the highest spatial frequencies will be ig-
nored. This is due to the initial smoothing, which is needed
to provide separation of peaks for robust detection. There-
fore, we expand the input image by a factor of 2, using bilin-
ear interpolation, prior to building the pyramid. This gives
on the order of 1000 key points for a typical 512�512 pixel
image, compared to only a quarter as many without the ini-
tial expansion.

3.1. SIFT key stability
To characterize the image at each key location, the smoothed
image A at each level of the pyramid is processed to extract
image gradients and orientations. At each pixel,Aij , the im-
age gradient magnitude,Mij , and orientation,R ij, are com-
puted using pixel differences:

Mij =
q

(Aij � Ai+1;j)2 + (Aij � Ai;j+1)2

R ij = atan2 (Aij � Ai+1;j; Ai;j+1 �Aij)

The pixel differences are efficient to compute and provide
sufficient accuracy due to the substantial level of previous
smoothing. The effective half-pixel shift in position is com-
pensated for when determining key location.

Robustness to illuminationchange is enhanced by thresh-
olding the gradient magnitudes at a value of 0.1 times the

Figure 1: The second image was generated from the first by
rotation, scaling, stretching, change of brightness and con-
trast, and addition of pixel noise. In spite of these changes,
78% of the keys from the first image have a closely match-
ing key in the second image. These examples show only a
subset of the keys to reduce clutter.

maximum possible gradient value. This reduces the effect
of a change in illumination direction for a surface with 3D
relief, as an illuminationchange may result in large changes
to gradient magnitude but is likely to have less influence on
gradient orientation.

Each key location is assigned a canonical orientation so
that the image descriptors are invariant to rotation. In or-
der to make this as stable as possible against lighting or con-
trast changes, the orientation is determined by the peak in a
histogram of local image gradient orientations. The orien-
tation histogram is created using a Gaussian-weighted win-
dow with � of 3 times that of the current smoothing scale.
These weights are multiplied by the thresholded gradient
values and accumulated in the histogram at locations corre-
sponding to the orientation,R ij. The histogram has 36 bins
covering the 360 degree range of rotations, and is smoothed
prior to peak selection.

The stability of the resulting keys can be tested by sub-
jecting natural images to affine projection, contrast and
brightness changes, and addition of noise. The location of
each key detected in the first image can be predicted in the
transformed image from knowledge of the transform param-
eters. This framework was used to select the various sam-
pling and smoothing parameters given above, so that max-

• detect a sparse set of “stable” features (rectangular patches),
equivariant to translation, scale and rotation

Lowe. ICCV 1999. Object recognition from local scale-invariant features.



scale-invariant feature transform

• for each patch

• normalize with respect to scale and orientation
• construct a histogram of gradient orientations

Lowe. ICCV 1999. Object recognition from local scale-invariant features.



the SIFT descriptor

Image gradients Keypoint descriptor

Figure 7: A keypoint descriptor is created by first computing the gradient magnitude and orientation
at each image sample point in a region around the keypoint location, as shown on the left. These are
weighted by a Gaussian window, indicated by the overlaid circle. These samples are then accumulated
into orientation histograms summarizing the contents over 4x4 subregions, as shown on the right, with
the length of each arrow corresponding to the sum of the gradient magnitudes near that direction within
the region. This figure shows a 2x2 descriptor array computed from an 8x8 set of samples, whereas
the experiments in this paper use 4x4 descriptors computed from a 16x16 sample array.

6.1 Descriptor representation

Figure 7 illustrates the computation of the keypoint descriptor. First the image gradient mag-
nitudes and orientations are sampled around the keypoint location, using the scale of the
keypoint to select the level of Gaussian blur for the image. In order to achieve orientation
invariance, the coordinates of the descriptor and the gradient orientations are rotated relative
to the keypoint orientation. For efficiency, the gradients are precomputed for all levels of the
pyramid as described in Section 5. These are illustrated with small arrows at each sample
location on the left side of Figure 7.

A Gaussian weighting function with σ equal to one half the width of the descriptor win-
dow is used to assign a weight to the magnitude of each sample point. This is illustrated
with a circular window on the left side of Figure 7, although, of course, the weight falls off
smoothly. The purpose of this Gaussian window is to avoid sudden changes in the descriptor
with small changes in the position of the window, and to give less emphasis to gradients that
are far from the center of the descriptor, as these are most affected by misregistration errors.

The keypoint descriptor is shown on the right side of Figure 7. It allows for significant
shift in gradient positions by creating orientation histograms over 4x4 sample regions. The
figure shows eight directions for each orientation histogram, with the length of each arrow
corresponding to the magnitude of that histogram entry. A gradient sample on the left can
shift up to 4 sample positions while still contributing to the same histogram on the right,
thereby achieving the objective of allowing for larger local positional shifts.

It is important to avoid all boundary affects in which the descriptor abruptly changes as a
sample shifts smoothly from being within one histogram to another or from one orientation
to another. Therefore, trilinear interpolation is used to distribute the value of each gradient
sample into adjacent histogram bins. In other words, each entry into a bin is multiplied by a
weight of 1 − d for each dimension, where d is the distance of the sample from the central
value of the bin as measured in units of the histogram bin spacing.
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• votes in 8-bin orientation histograms weighted by magnitude and by
Gaussian window on patch

• histograms pooled over 4× 4 cells, trilinear interpolation

• 128-dimensional descriptor, normalized, clipped at 0.2, normalized

Lowe. ICCV 1999. Object recognition from local scale-invariant features.



histogram of oriented gradients
[Dalal and Triggs 2005]

(a) (b) (c) (d) (e) (f) (g)

Figure 6. Our HOG detectors cue mainly on silhouette contours (especially the head, shoulders and feet). The most active blocks are
centred on the image background just outside the contour. (a) The average gradient image over the training examples. (b) Each “pixel”
shows the maximum positive SVM weight in the block centred on the pixel. (c) Likewise for the negative SVM weights. (d) A test image.
(e) It’s computed R-HOG descriptor. (f,g) The R-HOG descriptor weighted by respectively the positive and the negative SVM weights.

results are insensitive to ε’s value over a large range.

Centre-surround normalization. We also investigated an
alternative centre-surround style cell normalization scheme,
in which the image is tiled with a grid of cells and for
each cell the total energy in the cell and its surrounding re-
gion (summed over orientations and pooled using Gaussian
weighting) is used to normalize the cell. However as fig. 4(c)
(“window norm”) shows, this decreases performance relative
to the corresponding block based scheme (by 2% at 10−4

FPPW, for pooling with σ=1 cell widths). One reason is
that there are no longer any overlapping blocks so each cell
is coded only once in the final descriptor. Including several
normalizations for each cell based on different pooling scales
σ provides no perceptible change in performance, so it seems
that it is the existence of several pooling regions with differ-
ent spatial offsets relative to the cell that is important here,
not the pooling scale.

To clarify this point, consider the R-HOG detector with
overlapping blocks. The coefficients of the trained linear
SVM give a measure of how much weight each cell of each
block can have in the final discrimination decision. Close ex-
amination of fig. 6(b,f) shows that the most important cells
are the ones that typically contain major human contours (es-
pecially the head and shoulders and the feet), normalized
w.r.t. blocks lying outside the contour. In other words —
despite the complex, cluttered backgrounds that are com-
mon in our training set — the detector cues mainly on the
contrast of silhouette contours against the background, not
on internal edges or on silhouette contours against the fore-
ground. Patterned clothing and pose variations may make
internal regions unreliable as cues, or foreground-to-contour
transitions may be confused by smooth shading and shad-
owing effects. Similarly, fig. 6(c,g) illustrate that gradients
inside the person (especially vertical ones) typically count as
negative cues, presumably because this suppresses false pos-

itives in which long vertical lines trigger vertical head and
leg cells.

6.5 Detector Window and Context
Our 64×128 detection window includes about 16 pixels

of margin around the person on all four sides. Fig. 4(e)
shows that this border provides a significant amount of con-
text that helps detection. Decreasing it from 16 to 8 pixels
(48×112 detection window) decreases performance by 4%
at 10−4 FPPW. Keeping a 64×128 window but increasing
the person size within it (again decreasing the border) causes
a similar loss of performance, even though the resolution of
the person is actually increased.

6.6 Classifier
By default we use a soft (C=0.01) linear SVM trained

with SVMLight [10] (slightly modified to reduce memory
usage for problems with large dense descriptor vectors). Us-
ing a Gaussian kernel SVM increases performance by about
3% at 10−4 FPPW at the cost of a much higher run time.

6.7 Discussion
Overall, there are several notable findings in this work.

The fact that HOG greatly out-performs wavelets and that
any significant degree of smoothing before calculating gra-
dients damages the HOG results emphasizes that much of
the available image information is from abrupt edges at fine
scales, and that blurring this in the hope of reducing the sen-
sitivity to spatial position is a mistake. Instead, gradients
should be calculated at the finest available scale in the cur-
rent pyramid layer, rectified or used for orientation voting,
and only then blurred spatially. Given this, relatively coarse
spatial quantization suffices (6–8 pixel wide cells / one limb
width). On the other hand, at least for human detection, it
pays to sample orientation rather finely: both wavelets and
shape contexts lose out significantly here.

Secondly, strong local contrast normalization is essen-
tial for good results, and traditional centre-surround style

Proceedings of the 2005 IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR’05) 
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• applied to person detection by sliding window and SVM

• classifier learns positive and negative weights on positions and
orientations

• switch focus back to dense features for classification

Dalal and Triggs. CVPR 2005. Histograms of Oriented Gradients for Human Detection.



the HOG descriptor

• applied densely to adjacent cells of 8× 8 pixels

• no scale or orientation normalization; just single-scale

• normalized by overlapping blocks of 3× 3 cells—redundant

Dalal and Triggs. CVPR 2005. Histograms of Oriented Gradients for Human Detection.



so what is a histogram?

• consider a histogram h over integers C = {0, 1, 2, 3, 4}, computed
from the following samples:

C = { 0 1 2 3 4 }
3 → ( 0 0 0 1 0 )
2 → ( 0 0 1 0 0 )
0 → ( 1 0 0 0 0 )
3 → ( 0 0 0 1 0 )
2 → ( 0 0 1 0 0 )
2 → ( 0 0 1 0 0 ) +

h = ( 1 0 3 2 0 ) / 6

• each sample is encoded (hard-assigned) into a vector in R5; all such
vectors are pooled (averaged) into one vector h ∈ R5

• encoding is always nonlinear and pooling is orderless

• C is a codebook or vocabulary
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SIFT (HOG) pipeline
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• 3-channel patch (image) RGB input → 1-channel gray-scale

• compute gradient magnitude & orientation

• encode into b = 8 (9) orientation bins

• average pooling on c = 4× 4 (bw/8c × bh/8c) cells

• descriptor of length c× b = 128 (block-normalize → c× (3× 3)× b)
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bag of words (BoW)
[Sivic and Zisserman 2003]

document) in which the word occurs.
A text is retrieved by computing its vector of word

frequencies and returning the documents with the closest
(measured by angles) vectors. In addition the match on the
ordering and separation of the words may be used to rank
the returned documents.

Paper outline: Here we explore visual analogies of each
of these steps. Section 2 describes the visual descriptors
used. Section 3 then describes their vector quantization
into visual ‘words’, and section 4 weighting and indexing
for the vector model. These ideas are then evaluated on a
ground truth set of frames in section 5. Finally, a stop list
and ranking (by a match on spatial layout) are introduced in
section 6, and used to evaluate object retrieval throughout
two feature films: ‘Run Lola Run’ (‘Lola Rennt’) [Tykwer,
1999], and ‘Groundhog Day’ [Ramis, 1993].
Although previous work has borrowed ideas from the

text retrieval literature for image retrieval from databases
(e.g. [15] used the weighting and inverted file schemes) to
the best of our knowledge this is the first systematic appli-
cation of these ideas to object retrieval in videos.

2. Viewpoint invariant description
Two types of viewpoint covariant regions are computed for
each frame. The first is constructed by elliptical shape adap-
tation about an interest point. The method involves itera-
tively determining the ellipse centre, scale and shape. The
scale is determined by the local extremum (across scale) of
a Laplacian, and the shape by maximizing intensity gradient
isotropy over the elliptical region [2, 4]. The implementa-
tion details are given in [8, 13]. This region type is referred
to as Shape Adapted (SA).
The second type of region is constructed by selecting ar-

eas from an intensity watershed image segmentation. The
regions are those for which the area is approximately sta-
tionary as the intensity threshold is varied. The implemen-
tation details are given in [7]. This region type is referred to
as Maximally Stable (MS).
Two types of regions are employed because they detect

different image areas and thus provide complementary rep-
resentations of a frame. The SA regions tend to be centered
on corner like features, and the MS regions correspond to
blobs of high contrast with respect to their surroundings
such as a dark window on a gray wall. Both types of re-
gions are represented by ellipses. These are computed at
twice the originally detected region size in order for the im-
age appearance to be more discriminating. For a 720 � 576
pixel video frame the number of regions computed is typi-
cally 1600. An example is shown in Figure 1.
Each elliptical affine invariant region is represented by

a 128-dimensional vector using the SIFT descriptor devel-

Figure 1: Top row: Two frames showing the same scene from
very different camera viewpoints (from the film ‘Run Lola Run’).
Middle row: frames with detected affine invariant regions super-
imposed. ‘Maximally Stable’ (MS) regions are in yellow. ‘Shape
Adapted’ (SA) regions are in cyan. Bottom row: Final matched
regions after indexing and spatial consensus. Note that the corre-
spondences define the scene overlap between the two frames.

oped by Lowe [5]. In [9] this descriptor was shown to be su-
perior to others used in the literature, such as the response of
a set of steerable filters [8] or orthogonal filters [13], and we
have also found SIFT to be superior (by comparing scene
retrieval results against ground truth as in section 5.1). The
reason for this superior performance is that SIFT, unlike the
other descriptors, is designed to be invariant to a shift of a
few pixels in the region position, and this localization er-
ror is one that often occurs. Combining the SIFT descriptor
with affine covariant regions gives region description vec-
tors which are invariant to affine transformations of the im-
age. Note, both region detection and the description is com-
puted on monochrome versions of the frames, colour infor-
mation is not currently used in this work.

To reduce noise and reject unstable regions, information
is aggregated over a sequence of frames. The regions de-
tected in each frame of the video are tracked using a simple
constant velocity dynamical model and correlation. Any re-
gion which does not survive for more than three frames is
rejected. Each region of the track can be regarded as an

2
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• two types of sparse features detected

• SIFT descriptors extracted from a dataset of video frames

Sivic and Zisserman. ICCV 2003. Video Google: A Text Retrieval Approach to Object Matching in videos.



bag of words: retrieval
[Sivic and Zisserman 2003]

independent measurement of a common scene region (the
pre-image of the detected region), and the estimate of the
descriptor for this scene region is computed by averaging
the descriptors throughout the track. This gives a measur-
able improvement in the signal to noise of the descriptors
(which again has been demonstrated using the ground truth
tests of section 5.1).

3. Building a visual vocabulary
The objective here is to vector quantize the descriptors into
clusters which will be the visual ‘words’ for text retrieval.
Then when a new frame of the movie is observed each de-
scriptor of the frame is assigned to the nearest cluster, and
this immediately generates matches for all frames through-
out the movie. The vocabulary is constructed from a sub-
part of the movie, and its matching accuracy and expressive
power are evaluated on the remainder of the movie, as de-
scribed in the following sections.
The vector quantization is carried out here by K-means

clustering, though other methods (K-medoids, histogram
binning, etc) are certainly possible.

3.1. Implementation
Regions are tracked through contiguous frames, and a mean
vector descriptor x̄i computed for each of the i regions. To
reject unstable regions the 10% of tracks with the largest
diagonal covariance matrix are rejected. This generates an
average of about 1000 regions per frame.
Each descriptor is a 128-vector, and to simultaneously

cluster all the descriptors of the movie would be a gargan-
tuan task. Instead a subset of 48 shots is selected (these
shots are discussed in more detail in section 5.1) cover-
ing about 10k frames which represent about 10% of all the
frames in the movie. Even with this reduction there are still
200K averaged track descriptors that must be clustered.
To determine the distance function for clustering the Ma-

halanobis distance is computed as follows: it is assumed
that the covariance Σ is the same for all tracks, and this
is computed by estimating from all the available data, i.e.
all descriptors for all tracks in the 48 shots. The Maha-
lanobis distance enables the more noisy components of the
128–vector to be weighted down, and also decorrelates the
components. Empirically there is a small degree of correla-
tion. The distance function between two descriptors (repre-
sented by their mean track descriptors) x̄1, x̄2, is then given
by d

�
x̄1 � x̄2 � � � �

x̄1 � x̄2 � � � � 1 �
x̄1 � x̄2 � . As is standard,

the descriptor space is affine transformed by the square root
of Σ so that Euclidean distance may be used.
About 6k clusters are used for Shape Adapted regions,

and about 10k clusters for Maximally Stable regions. The
ratio of the number of clusters for each type is chosen to be
approximately the same as the ratio of detected descriptors

(a)

(b)

Figure 2: Samples from the clusters corresponding to a single vi-
sual word. (a) Two examples of clusters of Shape Adapted regions.
(b) Two examples of clusters of Maximally Stable regions.

of each type. The number of clusters is chosen empirically
to maximize retrieval results on the ground truth set of sec-
tion 5.1. The K-means algorithm is run several times with
random initial assignments of points as cluster centres, and
the best result used.
Figure 2 shows examples of regions belonging to par-

ticular clusters, i.e. which will be treated as the same vi-
sual word. The clustered regions reflect the properties of
the SIFT descriptors which penalize variations amongst re-
gions less than cross-correlation. This is because SIFT em-
phasizes orientation of gradients, rather than the position of
a particular intensity within the region.
The reason that SA and MS regions are clustered sepa-

rately is that they cover different and largely independent
regions of the scene. Consequently, they may be thought
of as different vocabularies for describing the same scene,
and thus should have their own word sets, in the same way
as one vocabulary might describe architectural features and
another the state of repair of a building.

4. Visual indexing using text retrieval
methods

In text retrieval each document is represented by a vector of
word frequencies. However, it is usual to apply a weighting
to the components of this vector [1], rather than use the fre-
quency vector directly for indexing. Here we describe the
standard weighting that is employed, and then the visual
analogy of document retrieval to frame retrieval.

3

Proceedings of the Ninth IEEE International Conference on Computer Vision (ICCV’03) 
0-7695-1950-4/03 $ 17.00 © 2003 IEEE 

independent measurement of a common scene region (the
pre-image of the detected region), and the estimate of the
descriptor for this scene region is computed by averaging
the descriptors throughout the track. This gives a measur-
able improvement in the signal to noise of the descriptors
(which again has been demonstrated using the ground truth
tests of section 5.1).

3. Building a visual vocabulary
The objective here is to vector quantize the descriptors into
clusters which will be the visual ‘words’ for text retrieval.
Then when a new frame of the movie is observed each de-
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vector descriptor x̄i computed for each of the i regions. To
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diagonal covariance matrix are rejected. This generates an
average of about 1000 regions per frame.
Each descriptor is a 128-vector, and to simultaneously
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ing about 10k frames which represent about 10% of all the
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To determine the distance function for clustering the Ma-
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lanobis distance enables the more noisy components of the
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of each type. The number of clusters is chosen empirically
to maximize retrieval results on the ground truth set of sec-
tion 5.1. The K-means algorithm is run several times with
random initial assignments of points as cluster centres, and
the best result used.
Figure 2 shows examples of regions belonging to par-

ticular clusters, i.e. which will be treated as the same vi-
sual word. The clustered regions reflect the properties of
the SIFT descriptors which penalize variations amongst re-
gions less than cross-correlation. This is because SIFT em-
phasizes orientation of gradients, rather than the position of
a particular intensity within the region.
The reason that SA and MS regions are clustered sepa-

rately is that they cover different and largely independent
regions of the scene. Consequently, they may be thought
of as different vocabularies for describing the same scene,
and thus should have their own word sets, in the same way
as one vocabulary might describe architectural features and
another the state of repair of a building.

4. Visual indexing using text retrieval
methods

In text retrieval each document is represented by a vector of
word frequencies. However, it is usual to apply a weighting
to the components of this vector [1], rather than use the fre-
quency vector directly for indexing. Here we describe the
standard weighting that is employed, and then the visual
analogy of document retrieval to frame retrieval.
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Harris affine maximally stable
6k words 10k words

• “visual words” defined as clusters of SIFT descriptors learned from the
dataset

• images described by visual word histograms

• matching is reduced to sparse dot product → fast retrieval

Sivic and Zisserman. ICCV 2003. Video Google: A Text Retrieval Approach to Object Matching in videos.



bag of words: classification
[Csurka et al. 2004]

features visual words

 

Fig. 7.  Images where background clutter is in a higher percentage than interest points on the 
object. 

Fig. 8 shows some images from the database where objects from other categories 
were also present in the image and the first 3 ranked categories for each of them. 
These images were not considered as multiple labels but labeled by the main object in 
the image.  

 

   
phones, books, cars bikes, buildings, cars buildings, cars, faces 

Fig. 8.  Images where multiple objects were present and the first three ranked labels. 

Finally, Fig. 9 shows some false alarm with the first label and the true label with its 
rank. 

 

  
face(1)… book(2) trees(1)…face(5) phones(1)…cars(2) 

Fig. 9.  Examples of incorrectly ranked images. The correct label’s rank is also shown.  

 
 

3.2 SVM Results 
 
Results from applying the SVM are given in Table 2.  

• same representation, k = 1000 words, naive bayes or SVM classifier

• features soon to be replaced dense multiscale HOG or SIFT

Csurka, Dance, Fan, Willamowski and Bray. SLCV 2004. Visual Categorization With Bags of Keypoints.
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vector of locally aggregated descriptors (VLAD)
[Jégou et al. 2010]
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Figure 1. Images and corresponding VLAD descriptors, for k=16 centroids (D=16×128). The components of the descriptor are represented
like SIFT, with negative components (see Equation 1) in red.

words k: we consider values ranging from k=16 to k=256.
Figure 1 depicts the VLAD representations associated

with a few images, when aggregating 128-dimensional
SIFT descriptors. The components of our descriptor map
to components of SIFT descriptors. Therefore we adopt the
usual 4× 4 spatial grid representation of oriented gradients
for each vi=1..k. We have accumulated the descriptors in 16
of them, one per visual word. In contrast to SIFT descrip-
tors, a component may be positive or negative, due to the
difference in Equation 1.

One can observe that the descriptors are relatively sparse
(few values have a significant energy) and very structured:
most high descriptor values are located in the same cluster,
and the geometrical structure of SIFT descriptors is observ-
able. Intuitively and as shown later, a principal component
analysis is likely to capture this structure. For sufficiently
similar images, the closeness of the descriptors is obvious.

3. From vectors to codes
This section addresses the problem of coding an image

vector. Given a D-dimensional input vector, we want to
produce a code of B bits encoding the image representa-
tion, such that the nearest neighbors of a (non-encoded)
query vector can be efficiently searched in a set of n en-
coded database vectors.

We handle this problem in two steps, that must be opti-
mized jointly: 1) a projection that reduces the dimension-
ality of the vector and 2) a quantization used to index the

resulting vectors. For this purpose, we consider the recent
approximate nearest neighbor search method of [7], which
is briefly described in the next section. We will show the
importance of the joint optimization by measuring the mean
squared Euclidean error generated by each step.

3.1. Approximate nearest neighbor

Approximate nearest neighbors search methods [4, 11,
15, 24, 27] are required to handle large databases in com-
puter vision applications [22]. One of the most popu-
lar techniques is Euclidean Locality-Sensitive Hashing [4],
which has been extended in [11] to arbitrary metrics. How-
ever, these approaches and the one of [15] are memory con-
suming, as several hash tables or trees are required. The
method of [27], which embeds the vector into a binary
space, better satisfies the memory constraint. It is, how-
ever, significantly outperformed in terms of the trade-off
between memory and accuracy by the product quantization-
based approximate search method of [7]. In the following,
we use this method, as it offers better accuracy and because
the search algorithm provides an explicit approximation of
the indexed vectors. This allows us to compare the vector
approximations introduced by the dimensionality reduction
and the quantization. We use the asymmetric distance com-
putation (ADC) variant of this approach, which only en-
codes the vectors of the database, but not the query vector.
This method is summarized in the following.

• encoding yields a vector per visual word, rather than a scalar frequency

• this vector is 128-dimensional like SIFT descriptors

Jégou, Douze, Schmid and Pérez. CVPR 2010. Aggregating Local Descriptors Into a Compact Image Representation.



VLAD definition

• input vectors: X = {x1, . . . , xn} ⊂ Rd

• vector quantizer: q : Rd → C ⊂ Rd, C = {c1, . . . , ck}

q(x) = arg min
c∈C
‖x− c‖2

• residual vector
r(x) = x− q(x)

• residual pooling per cell

Vc(X) =
∑

x∈X
q(x)=c

r(x) =
∑

x∈X
q(x)=c

x− q(x)

• VLAD vector (up to normalization)

V(X) = [Vc1(X), . . . , Vck(X)]
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VLAD geometry

• input vectors – codebook – residuals – pooling
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Jégou, Douze, Schmid and Pérez. CVPR 2010. Aggregating Local Descriptors Into a Compact Image Representation.



VLAD pipeline

h

w

1

→
SIFT









128

→
enc









128× k

→
pool 128× k

• 3-channel RGB input → 1-channel gray-scale

• set of ∼ 1000 features × 128-dim SIFT descriptors

• element-wise encoding (hard assignment) on k ∼ 16 visual words

• encoding now yields a residual vector rather than a scalar vote

• global sum pooling, `2 normalization
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probabilistic interpretation

• if p(X|C) is the likelihood of i.i.d observations X under a uniform
isotropic Gaussian mixture model with component means C

p(X|C) ∝
∏

x∈X
e−

1
2
‖x−q(x)‖2

• then the VLAD vector is proportional the gradient of ln p(X|C) with
respect to the model parameters C

V(X) ∝ ∇C ln p(X|C) = [∇c1 ln p(X|C), . . . ,∇ck ln p(X|C)]

• if we were to optimize C to fit the data X, then V̂(X) would be the
direction in which to modify C
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Fisher kernel

• the Fisher kernel generalizes to a non-uniform diagonal Gaussian
mixture model

order statistics parameter model

0 mixing coefficient π BoW
1 means µ VLAD
2 standard deviations σ Fisher

Perronnin and Dance CVPR 2006. Fisher Kernels on Visual Vocabularies for Image Categorization.



embeddings in general
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improvements
[Mutch and Lowe 2006]

C2 Layer [r1 r2 ... rd]
d feature
responses

global max

S2 Layer [r1 r2 ... rd]
d feature
responses
per location

2222

9

× d features

C1 Layer [ ]
4 orientations
per location

2525

9

local max

S1 Layer [ ]
4 orientations
per location

130
130

10

× 4 filters

Image

Layer

1 pixel
per location

140
140

10

Figure 1. Overview of the base model. Each layer has units cover-
ing three spatial dimensions (x/y/scale), and at each 3D location,
an additional dimension of feature type. The image layer has only
one type (pixels), layers S1 and C1 have 4 types, and the upper
layers have d (many) types per location. Each layer is computed
from the previous via convolution with template matching or max
pooling filters. Image size can vary and is shown for illustration.

both position and scale. Due to the pyramidal structure of
S1, we are able to use the same size filter for all scales.
The resulting C1 layer is smaller in spatial extent and has
the same number of feature types (orientations) as S1; see
figure 1. This layer provides a model for V1 complex cells.

Intermediate feature (S2) layer. At every position and
scale in the C1 layer, we perform template matches between
the patch of C1 units centered at that position/scale and each
of d prototype patches. These prototype patches represent
the intermediate-level features of the model.

The prototypes themselves are randomly sampled from
the C1 layers of the training images in an initial feature-
learning stage. (For the Caltech 101 dataset, we use d =
4,075 for comparison with [23].) Prototype patches are like
fuzzy templates, consisting of a grid of simpler features that
are all slightly position and scale invariant.

During the feature learning stage, sampling is performed
by centering a patch of size 4x4, 8x8, 12x12, or 16x16 (x
1 scale) at a random position and scale in the C1 layer of
a random training image. The values of all C1 units within
the patch are read out and stored as a prototype. For a 4x4
patch, this means 16 different positions, but for each posi-
tion, there are units representing each of 4 orientations (see
the “dense” prototype in figure 2). Thus a 4x4 patch actu-
ally contains 4x4x4 = 64 C1 unit values.

Preliminary tests seemed to confirm that multiple fea-
ture sizes worked somewhat better than any single size.
Smaller (4x4) features can be seen as encoding shape, while
larger features are probably more useful for texture. Since
we learn the prototype patches randomly from unsegmented
images, many will not actually represent the object of inter-
est, and others may not be useful for the classification task.
The weighting of features is left for the later SVM step. It
should be noted that while each S2 prototype is learned by
sampling from a specific image of a single category, the re-
sulting dictionary of features is shared, i.e. all features are
used by all categories.

During normal operation (after feature learning) each of
these prototypes can be seen as just another convolution fil-
ter which is run over C1. We generate an S2 pyramid with
roughly the same number of positions/scales as C1, but hav-
ing d types of units at each position/scale, each represent-
ing the response of the corresponding C1 patch to a specific
prototype patch; see figure 1. The S2 layer is intended to
correspond to cortical area V4 or posterior IT.

The response of a patch of C1 units X to a particular S2
feature/prototype P , of size n × n, is given by a Gaussian
radial basis function:

R(X, P ) = exp

(
−‖X − P‖2

2σ2α

)
(3)

Both X and P have dimensionality n × n × 4, where n ∈

• image pyramid

• S1 inhibition: non-maxima
suppression over orientations

• strided C1 max pooling (50%
overlap)

• C1 sparsification: dominant
orientations kept

Mutch and Lowe. CVPR 2006. Multiclass Object Recognition With Sparse, Localized features.



Conclusion

Derivatives, features detection, spatial matching
Visual descriptors: SIFT, HOG...
Embeddings: BOW, VLAD, Fisher.


