Viewpoint Invariant
Region Detection
a review by Erik Murphy-Chutorian
“Scale & Affine Invariant Interest Point Detectors”
(Mikolajczyk & Schmid)
and
“Features for Recognition: Viewpoint Invariance for Non-Planar Scenes”
(Vedaldi & Soatto)

Invariance to View
The 2D projection of a 3D scene differs
greatly in appearance due to the position and
orientation of the camera
Cannot assume all transformations are
uniform scaling or rotation.
Important for Object Recognition and Widebaseline stereo.
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Harris Corners
Easy-to-compute interest
operator with excellent
stability
Not invariant to scale or
affine changes
Finds corners, and regions
with high texture in both
horizontal and vertical
directions.

http://www.ien.it/is/rec3d/corresp.html
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is often used for feature detection or for describing local
image structures. This matrix must be adapted to scale
changes to make it independent of the image resolution.
The scale-adapted second moment matrix is defined by:

Second Moment Matrix
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where σ I is the integration scale, σ D is the differencan be
usedand
as aLmeasure
of a region’s anisotropy
tiation
scale
a is the derivative computed in the
a direction.
matrix useful
describes
the gradient
can be usedThe
to compute
statistics,
including distribution
in a local
Multi-scale
Harrisneighborhood of a point. The local
derivatives are computed with Gaussian kernels of the
size determined by the local scale σ D (differentiation

ow of size σ I (integration scale). The eigenvalues
is matrix represent two principal signal changes
e neighborhood of a point. This property enables
xtraction of points, for which both curvatures are
ficant, that is the signal change is significant in the
Harris operator
is
gonal directions
i.e. corners,
junctions etc. Such
applied
to a variety
of conditions and are
s are stable
in arbitrary
lighting
different
integration
sentative
of an image.
One ofand
the most reliable inscales detector (Harris and
t point differentiation
detectors, the Harris
hens, 1988),
is based
onchanges
this principle. The Harris
Corner
position
ure combines
the trace
the determinant of the
as a function
ofand
scale
nd moment matrix:

Multi-Scale Harris

cornerness = det(µ(x, σI , σD ))

− αtrace 2 (µ(x, σI , σD ))

(2)

attains maxima over scales in a scale-space representation. If too few interest points are detected, the image
content is not reliably represented. Furthermore, the
experiments showed that Laplacian-of-Gaussians finds
the highest percentage of correct characteristic scales

a maximum over scale. We propose two algorithms.
The first one is an iterative algorithm which detects
simultaneously the location and the scale of characteristic regions. The second one is a simplified algorithm,
which is less accurate but more efficient.

Characteristic Scales

Figure 1. Example of characteristic scales. The top row shows two images taken with different focal lengths. The bottom row shows the
response Fnorm (x, σn ) over scales where Fnorm is the normalized LoG (cf. Eq. (3)). The characteristic scales are 10.1 and 3.89 for the left and
right image, respectively. The ratio of scales corresponds to the scale factor (2.5) between the two images. The radius of displayed regions in
the top row is equal to 3 times the characteristic scale.

A characteristic scale corresponds to a local
extremum in scale-space.

to be found.
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Harris-Laplace

2. Scale invariant interest point detection: (Top) Initial multi-scale Harris points (selected manually) corresponding to one local struc
m) Interest points selected with the simplified Harris-Laplace approach.
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Affine Invariance
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More general Perspective
transformations can be
locally approximated by
affine transformations

Figure 3. Scale invariant interest point detection in affine transformed images: (Top) Initial interest points detected with the
detector and their characteristic scales selected by Laplacian scale peak (in black—Harris-Laplace). (Bottom) Characteristic p
Harris-Laplace (in black) and the corresponding point from the other image projected with the affine transformation (in white

More common than uniform
scale variation
to determine the anisotropic shape of a point neighbor-
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Affine Scale-Space
The integration and differentiation 2-D
Gaussian kernels (∑I and ∑D) can have nondiagonal covariance matrices.
Unpractical to compute
Can be simplified by setting the ∑I = s∑D for
scalar s (still unpractical to compute)
Instead, we can iterate to a solution by
seeking a isotropic image patch.

Figure 3. Scale invariant interest point detection in affine transformed images: (Top) Initial interest points detected
detector and their characteristic scales selected by Laplacian scale peak (in black—Harris-Laplace). (Bottom) Charac
Harris-Laplace (in black) and the corresponding point from the other image projected with the affine transformation
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Scale & Affine Invariant Interest Point Detectors
to determine the anisotropic shape of a point neighborpoint x L is then transformed71in th
hood.
T
where the scalars
σ I and
σ D are moment
the integration
and
In affine scale-space
the
second
matrix
µ,
µ(x
,
!
,
!
)
=
A
µ(
L
I,L
D,L
differentiation
scales respectively.
We can
derive
ed images: (Top) Initial
interest points
detected with
thethen
multi-scale
Harris
at a given point
x is defined
the following
relation: by:
= A T µ(Ax , A! A T ,

ak (in black—Harris-Laplace). (Bottom) Characteristic point detected with
!
"
image projected with the affine
(inL−1white).
" I,R =transformation
A" I,L A T = σ I AM
AT
= σ I (A−T M L A−1 )−1 = σ I M R−1
det (! D ) g(!T I ) ! −1 T "
" D,R = A" D,L A = σ D AM L A

µ(x, ! I , ! D ) =
(8)
T
point x L is then∗transformed
−1 ) ) way:
−1the
((∇=L)(x,
(4)
σ D (A−T!
M LDin
A)(∇
)−1L)(x,
=following
σ D M!
D
R

This shows that imposing the conditions, defined in

L

I,L

If we denote the corresponding m
µ(x L , ! I,L , ! D,L ) = M L

µ(x R

µ(x L ,Eq.
! I,L
, ! D,L
) relations
= A T µ(x
! assumption
R ,the
I,R , ! D,R )A
(7) leads
to the
8, under
these matrices are then related by
where ! I and
!
are
the
covariance
matrices
which
that
the
points
are
related
by
an
affine
transformation
D
T
T
T
=
A
µ(Ax
,
A!
A
,
A!
A
)A
(5)
L
I,L
D,L
and
the
matrices
are
computed
for
corresponding
scales
determine the integration and differentiation Gaussian
σ I and σ D . We can now invert the problem and suppose
ML = AT M R A M R =
kernels. Clearly,
is two
unpractical
compute
the ma-Figure 4. Diagram illustrating the affine normalization based on the
that weithave
points related to
by an
unknown affine
If we
denote
the corresponding
by:
transformation.
If we estimateofmatrices
the
matricesparameters.
"
R and
second moment matrices. Image coordinates are transformed with
trix
for all
possible
combinations
kernel
this
the differentiation
" L such that the matrices verify conditions 7 and 8,
matrices M Inand
M case
. The transformed
images are related by an
With little loss
generality
weThis
canproperty
limitenables
the number
an orthogonal transformation.
thenof
relation
6 will be true.
the
are transformed by:
transformation
parameters
to
be
expressed
directly
by
µ(x
,
!
,
!
)
=
M
µ(x
,
!
,
!
)
=
M
L
I,L
D,L by setting
L
I,RD , where
D,R s is R
of degrees
of freedom
! IR= s!
the matrix components. The affine transformation can
a scalar. Hence,
the
differentiation
and the integrationloss of generality we suppose that a local
anisotropic
then be
defined
by:
!
= A! L A
R
structure
is
an
affine
transformed
isotropic
structure.
these matrices
then
kernels
will differare
only
in related
size−1/2
andby:
not
in shape.
1/2
To compensate for the affine deformation, we have to
−1/2
L

T

A = MR

R ML

−T

−1

−1/2
R

find the transformation that projects the anisotropic pat-

Let us suppose that the matrix M

Harris-Affine
Initialize with Multi-scale Harris and circular window.
Normalize window by shape adaptation matrix
Integration scale selected by extremum over scale of the
normalized Laplacian
differentiation scale is selected at the maximum of
normalized isotropy
Spatial Localization with Harris detector
Update shape adaptation matrix with second moment
matrix to force an isotropic image patch

Harris Affine Iterations
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Iterative detection of an affine invariant interest point in the presence of an affine transformation (top and bottom rows). T
hows the points used for initialization. The consecutive columns shows the points and regions after iterations 1, 2, 3 and 4. N

Harris-Affine Convergence
Scale & Affine Invariant Interest Point Detectors
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Figure 6. Affine invariant interest point detection: (a) Initial interest points detected with the multi-scale Harris detector and their characteristic
scale selected by the Laplacian scale peak (in black—Harris-Laplace). (b) Affine regions detected for the Harris-Laplace points (in black) and
the regions projected from the corresponding image (in white). (c) Points and corresponding affine regions obtained with the iterative algorithm
applied to the initial multi-scale Harris points. Note that points corresponding to the same structure converge to the same solution. (d) Selected
average affine points (in black) and its corresponding projected points (in white). (e) Point neighborhoods normalized with the estimated matrices
to remove stretch and skew.

points. The repeatability score is also influenced by rotation and illumination changes as well as the camera
noise. The repeatability of the non-adapted Harris detector is acceptable only for scale changes up to a factor
of 1.4. As we might expect LoG and DoG give similar
results. The slightly better results for the LoG are due
to the artifacts and inaccuracy introduced by sampling
of pyramid levels in the DoG approach (Lowe, 1999).
The scale invariant detectors perform better than the

Harris-Affine Performance

Figure 7. Repeatability of interest point detectors with respect to
scale changes. The regions extracted by the detectors are different,
therefore the detectors are complementary.
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Figure 10. Repeatability of detectors: Harris-Affine—approach
proposed in this paper, Harris-AffineRegions—Harris-Laplace detector with affine normalization of the point neighborhood,
Harris-Laplace—multi-scale Harris detector with characteristic scale

sufficient corresponding features. The accuracy of the
feature localization and shape is critical for local descriptors, for example, differential descriptors fail if
this error is significant (Mikolajczyk and Schmid,
2003a). The improvement is with respect to localization
as well as region intersection (Fig. 11). These results
clearly show that the location of the maximum of the
Harris measure and the extremum over scale are sig-

an important issue in particular when applying the detectors to image sequences or large image databases.
Table 1 shows a comparison of the computation time
required by the detectors. Here, each detector is applied to an image of size 800 × 640 (displayed in
Fig. 12). Detection is done on a Pentium II 500 MHz.
The first column lists the detectors and the second column shows the main operations required for detecting
the initial points. The points are detected at 12 scale
levels. Note that to obtain the Hessian or the second

Harris-Affine Performance

Figure 11. Detection error of corresponding points extracted with affine invariant detectors: (a) relative location (the same for Harris-Laplace
and Harris-AffineRegions) and (b) surface intersection ! S .

Harris-Affine Examples

Figure 12. Robust matching: Harris-Laplace detects 190 and 213 points in the left and right images, respectively (a). 58 points are initially
matched (b). There are 32 inliers to the estimated homography (c), all of which are correct. The estimated scale factor is 4.9 and the estimated
rotation angle is 19 degrees.

Harris-Affine Failure
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Figure 15. Example of an image pair, for which our matching approach fails. However, there are correctly detected corresponding points which
we have manually selected. The failure is therefore due to descriptors.

similarity measure, we obtain 53 matches (29 correct
and 24 incorrect). Next, we apply the additional verification based on the cross-correlation of affine normal-

ometric consistency (Dufournaud et al., 2000; Pritchett
and Zisserman, 1998; Tell and Carlsson, 2002).
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Viewpoint Invariance for
Non-Planar Scenes
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Viewpoint Invariant Features
I1 = h(ξ1 , e)
I2 = h(ξ2 , e)

φ
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Invariance by Canonization
Transform each equivalence class into a
canonical representative.
Process is not obvious for general class of
shapes.
Explicit procedure provided for 3-D corners

3-D corner canonization I.
if all sectors are less than 90°, normalize all
sections to equal angles

60°

60°
60°

3-D corner canonization II.
if one sector is wider than 180°, make this
sector 270°‚ and fit the others in the
remaining 90°.
45°
45°
270°

3-D corner canonization III.
if one sector is exactly 180° (T-junctions) we
delete one edge an reduce to the former
case

90°
270°

Corner Canonization

Affine Failures

Figure 2. Affine-invariant descriptors fail to cap-

Figur

Comparison of Approaches
Harris-Affine Matching:

Figure 2. Affine-invariant descriptors fail to capCanonization
Matching:
ture 3-D
non-planar
structures: (top)
two images of the
same scene with detected regions; (middle and bottom) correspondence established using affine invariant signatures on the planar (middle) and non-planar
(bottom) regions of the scene. While several nonplanar regions are detected, they are mismatched because of the large discrepancy in the corresponding
descriptor, caused by the non-planar structure of the
scene.
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More Corner Matching

3-D Canonization Failures
Lambertian Assumption does not hold
highly non-planar surfaces

Conclusion
Brute Force methods do not present a viable solution
Viewpoint Invariance
We require invariant features, but full-projective
transformation invariant features have not been
found
Affine-invariance can be achieved with Harris-Affine
detector.
Viewpoint-invariance can be achieved for 3-D
corners under strict lighting and shape assumptions.
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