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Bildmerkmale (engl. features) I

Beschreiben markante Stellen eines Bildes (so genannte
Schlüsselpunkte) und deren Umgebung

Anwendungen (Auswahl):

Bildinhalte beschreiben
Objekte in Bildern (wieder-)finden
Bilder zusammenfügen
Ähnliche Bilder suchen

Anforderungen:

Robustheit (Stabilität)
Kompaktheit (geringer Speicherbedarf)
Effizienz (geringer Zeitbedarf für Berechnung)
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Bildmerkmale II

Robustheitsgrade:

Invarianz
Quasi-Invarianz
Toleranz
Intoleranz

Robustheitsdimensionen:

Translation
Rotation
Skalierung
Allgemeine affine Transformationen
Perspektivische Transformationen
Beleuchtung
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Überblick SIFT I

SIFT: Scale-invariant Feature Transform

Bestandteile

Merkmalerkennung
Merkmalvergleich

Quasi-invariant gegenüber

Translation
Rotation
Isotroper Skalierung

Tolerant gegenüber

Perspektivischen Transformationen
Beleuchtung
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Überblick SIFT II

Ablauf Merkmalerkennung

Schlüsselpunktkandidatensuche
Schlüsselpunktkandidatenfilterung
Schlüsselpunktorientierungszuordnung
Schlüsselpunktdeskriptorerstellung

Ablauf Merkmalvergleich (von erkannten Merkmalen zweier Bilder)

Merkmalübereinstimmungen finden
Falschzuordnungen erkennen und entfernen
Verifikation und Korrektur der Zuordnung (iterativ)

Begriffsdefinitionen

Orientierung: Ausrichtung des Schlüsselpunktes (ermöglicht
Neuanordnung zur Erreichung von Quasi-Rotationsinvarianz)
Deskriptor: Merkmalvektor mit Informationen zum Schlüsselpunkt
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Einschub: Scale Space I

Motivation: Skalierungsinvarianz durch Modellierung des Scale (zu
deutsch etwa Maßstab) erreichen

Idee: Ein Bild L(x , y) in einem Scale σ entspricht einem
weichgezeichneten (mit G gefalteten) Ausgangsbild I (x , y) mit
Weichzeichnungsstärke σ

L(x , y , σ) = I (x , y) ∗ G (x , y , σ)

G ist zweidimensionales Gauß-Filter mit variablem σ

G (x , y , σ) =
1

2πσ2
e−

x2+y2

2σ2
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Einschub: Scale Space II

σ = 0 σ = 1

σ = 4 σ = 16
Quelle: Wikipedia contributors: Scale space. Wikipedia, The Free Encyclopedia http://en.wikipedia.org/wiki/Scale_space

(18.7.2014), 2014
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Schlüsselpunktkandidatensuche I

Idee: Menschliche Wahrnehmung nachahmen

Überlegung: Details/hochfrequente Anteile enthalten viel Information

Umsetzung: Difference of Gaussians (DoG) D mit k ∈ R:

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

Quellen: http://en.wikipedia.org/wiki/File:Flowers_before_difference_of_gaussians.jpg;
http://commons.wikimedia.org/wiki/File:Flowers_after_difference_of_gaussians_grayscale.jpg
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Schlüsselpunktkandidatensuche II

 Scale

 (first

 octave)

Scale

(next

octave)

Gaussian

Difference of

Gaussian (DOG)

. . .

Figure 1: For each octave of scale space, the initial image isrepeatedly 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 ofσ2∇2G produce the most stable image features compared to a range ofother
possible image functions, such as the gradient, Hessian, orHarris corner function.

The relationship betweenD andσ2∇2G can be understood from the heat diffusion equa-
tion (parameterized in terms ofσ rather than the more usualt = 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 atkσ andσ:

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 theσ2 scale normalization required for the scale-invariant

6

Quelle: Lowe, D. G.: Distinctive Image Features from Scale-Invariant Keypoints. International Journal of Computer Vision, vol.
60, no. 2, pp. 91–110, 2004.
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Schlüsselpunktkandidatensuche III

Ohne Beweis: Scale-Invarianz durch Laplacian of Gaussians (LoG)
∇2G mit zusätzlichem Faktor σ2 möglich:

∇2G =
∂2G

∂x2
+
∂2G

∂y2

→ Approximation von LoG durch DoG

Scale Space erfüllt Diffusionsgleichung:

σ∇2G =
∂G

∂σ

Diskretisierung erlaubt vereinfachte numerische Ableitung:

→ σ∇2G ≈ G (x , y , kσ)− G (x , y , σ)

kσ − σ → D(x , y , k) ≈ (k−1)σ2∇2G∗I (x , y)
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Schlüsselpunktkandidatensuche IV

Ohne Beweis: Scale-Space-Extrema (Minima und Maxima von D)
sind gute Kandidaten für Schlüsselpunkte

Scale-Invarianz als Nebeneffekt von LoG-Approximation

Diskreter Suchraum erlaubt Extremafindung durch Vergleich eines
Pixels von D mit dessen direkten Nachbarn in allen drei Dimensionen

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 thecurrent 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 ask 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 ask =

√
2.

An efficient approach to construction ofD(x, y, σ) is shown in Figure 1. The initial
image is incrementally convolved with Gaussians to produceimages separated by a constant
factork in scale space, shown stacked in the left column. We choose todivide each octave
of scale space (i.e., doubling ofσ) into an integer number,s, of intervals, sok = 21/s.
We must produces + 3 images in the stack of blurred images for each octave, so thatfinal
extrema detection covers a complete octave. Adjacent imagescales are subtracted to produce
the difference-of-Gaussian images shown on the right. Oncea complete octave has been
processed, we resample the Gaussian image that has twice theinitial value ofσ (it will be 2
images from the top of the stack) by taking every second pixelin each row and column. The
accuracy of sampling relative toσ 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 ofD(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 samplingin 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

Quelle: Lowe, D. G.: Distinctive Image Features from Scale-Invariant Keypoints. International Journal of Computer Vision, vol.
60, no. 2, pp. 91–110, 2004.
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Schlüsselpunktkandidatenfilterung

Kandidatenfilterungsprozess (ohne Details):
Kandidaten mit niedrigem Kontrast entfernen (anfällig für Rauschen)
Kandidaten entlang von Kanten entfernen (Lokalisation schwierig)
Interpolation rund um Extremum erlaubt exaktere Positionsermittlung

Adaptiert von http://commons.wikimedia.org/wiki/File:Sift_keypoints_filtering.jpg
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Schlüsselpunktorientierungszuordnung I

Beträge A und Winkel ϕ von Gradienten in Region um Schlüsselpunkt
werden durch numerische Ableitung genähert

Verwendung von L′(x , y) = L(x , y , σP) zur Beibehaltung von
Scale-Invarianz (σP ist Scale von Schlüsselpunkt P)

A(x , y) ≈
√

(L′(x + 1, y)− L′(x − 1, y))2 + (L′(x , y + 1)− L′(x , y − 1))2

ϕ(x , y) ≈ arctan

(
L′(x , y + 1)− L′(x , y − 1)

L′(x + 1, y)− L′(x − 1, y)

)

Winkel-Histogramm mit 10-Grad-Unterteilung wird erstellt

Gradientenbeträge fließen entfernungsgewichtet ein (ohne Details)

Maximum ist dominante Orientierung → Rotations(-quasi-)invarianz

Für Werte bis 80% des Maximums: Zusätzliche Schlüsselpunkte
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Schlüsselpunktorientierungszuordnung II

Bisher bestimmte Schlüsselpunkteigenschaften:

Position (für Translationsinvarianz)
Scale (für Scale-Invarianz)
Orientierung (für Rotationsinvarianz)

(a) (b)

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

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

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

D(x̂) = D +
1

2

∂D

∂x

T

x̂.

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

Figure 5 shows the effects of keypoint selection on a naturalimage. In order to avoid too
much clutter, a low-resolution 233 by 189 pixel image is usedand keypoints are shown as
vectors giving the location, scale, and orientation of eachkeypoint (orientation assignment is
described below). Figure 5 (a) shows the original image, which is shown at reduced contrast
behind the subsequent figures. Figure 5 (b) shows the 832 keypoints at all detected maxima
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Quelle: Lowe, D. G.: Distinctive Image Features from Scale-Invariant Keypoints. International Journal of Computer Vision, vol.
60, no. 2, pp. 91–110, 2004.
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Schlüsselpunktdeskriptorerstellung

4 · 4 Orientierungshistogramme mit 45-Grad-Unterteilung aus
Gradienten in 16 · 16-Region berechnen (vereinfachte Skizze)

Vektor aus Histrogrammwerten erstellen und (vereinfacht) Vektor
normalisieren (für Beleuchtungsinvarianz)

Image gradients Keypoint descriptor

Figure 7: A keypoint descriptor is created by first computingthe 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 over4x4 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 computedfrom 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 withσ 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 of1 − d for each dimension, whered is the distance of the sample from the central
value of the bin as measured in units of the histogram bin spacing.

15

Quelle: Lowe, D. G.: Distinctive Image Features from Scale-Invariant Keypoints. International Journal of Computer Vision, vol.
60, no. 2, pp. 91–110, 2004.
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Merkmalvergleich I

Schlüsselpunkte und -deskriptoren in beiden Bildern berechnen

Schlüsselpunktdeskriptoren vergleichen: Merkmalvektoren mit jeweils
kleinsten euklidischen Abständen einander zuordnen (Ausnahme: Der
zweitkleinste Abstand ist sehr nahe am kleinsten)

Quelle: Hess, R.: OpenSIFT – An Open-Source SIFT Library. http://robwhess.github.io/opensift/ (15.7.2014), 2014.
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Merkmalvergleich II

Ausschluss von unpassenden Zuordnungen

Bestimmung der Pose (relative Position, Scale und Orientierung) jedes
zugeordneten Schlüsselpunktes (mit Fehlertoleranz)
Gruppierung von Schlüsselpunkten, die in ihrer Pose übereinstimmen →
Höhere Wahrscheinlichkeit für korrekte Zuordnung (ohne Details)
Verwerfen von Zuordnungsgruppen mit weniger als drei Zuordnungen

→ Menge von Zuordnungsgruppen

Geometrische Verifikation (für jede Zuordnungsgruppe)

Vereinfachte Annahme: Zuordnungen werden durch affine
Transformation (mit Fehlertoleranz) hinreichend genau beschrieben
Unbekannte affine Transformationsmatrix aus linearem
Gleichungssystem (mit Fehlertoleranz) bestimmen (ohne Details)
Zuordnungen mit zu großem Fehler verwerfen und Zuordnungsgruppe
bei weniger als drei übrigen Zuordnungen verwerfen
Schritte bei Bedarf wiederholen (bis nichts mehr verworfen wird)
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Merkmalvergleich III

Abschließende Zuordnung: Aus verbleibenden Gruppen anhand der
Anzahl der verbleibenden Zuordnungen pro Gruppe und der Größe des
Fehlers die wahrscheinlichste Zuordnung auswählen (ohne Details)

Figure 12: The training images for two objects are shown on the left. These can be recognized in a
cluttered image with extensive occlusion, shown in the middle. The results of recognition are shown
on the right. A parallelogram is drawn around each recognized object showing the boundaries of the
original training image under the affine transformation solved for during recognition. Smaller squares
indicate the keypoints that were used for recognition.

The least-squares solution for the parametersx can be determined by solving the correspond-
ing normal equations,

x = [ATA]−1ATb,

which minimizes the sum of the squares of the distances from the projected model locations
to the corresponding image locations. This least-squares approach could readily be extended
to solving for 3D pose and internal parameters of articulated and flexible objects (Lowe,
1991).

Outliers can now be removed by checking for agreement between each image feature and
the model. Given the more accurate least-squares solution,we now require each match to
agree within half the error range that was used for the parameters in the Hough transform
bins. If fewer than 3 points remain after discarding outliers, then the match is rejected.
As outliers are discarded, the least-squares solution is re-solved with the remaining points,
and the process iterated. In addition, a top-down matching phase is used to add any further
matches that agree with the projected model position. Thesemay have been missed from the
Hough transform bin due to the similarity transform approximation or other errors.

The final decision to accept or reject a model hypothesis is based on a detailed probabilis-
tic model given in a previous paper (Lowe, 2001). This methodfirst computes the expected
number of false matches to the model pose, given the projected size of the model, the number
of features within the region, and the accuracy of the fit. A Bayesian analysis then gives the
probability that the object is present based on the actual number of matching features found.
We accept a model if the final probability for a correct interpretation is greater than 0.98.
For objects that project to small regions of an image, 3 features may be sufficient for reli-
able recognition. For large objects covering most of a heavily textured image, the expected
number of false matches is higher, and as many as 10 feature matches may be necessary.

8 Recognition examples

Figure 12 shows an example of object recognition for a cluttered and occluded image con-
taining 3D objects. The training images of a toy train and a frog are shown on the left.

23

Quelle: Lowe, D. G.: Distinctive Image Features from Scale-Invariant Keypoints. International Journal of Computer Vision, vol.
60, no. 2, pp. 91–110, 2004.
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Alternativen

Nachteile von SIFT

Nicht robust gegenüber einigen Verzerrungsarten
Relativ langsam (trotz vieler Optimierungen)
Patentrechtlich geschützt

Alternative Verfahren (Auswahl):

SURF (Speeded Up Robust Features) – ebenfalls geschützt
ORB (Oriented FAST1 and Rotated BRIEF2)
BRISK (Binary Robust Invariant Scalable Keypoints)
FREAK (Fast Retina Keypoint)
HOG (Histogram of Oriented Gradients)
Diverse Eckendetektoren (z.B. FAST und Harris)

1Features from Accelerated Segment Test
2Binary Robust Independent Elementary Features

Andreas Unterweger (FH Salzburg) Merkmalerkennung am Beispiel SIFT Wintersemester 2017/18 19 / 20



Danke für die Aufmerksamkeit!

Fragen?
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