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Structure-from-Motion Revisited

Johannes L. Schoénberger, Jan-Michael Frahm

CVPR 2016

Code available at:
https://github.com/colmap/colma
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A COMBINED CORNER AND EDGE DETECTOR

Chris Harris & Mike Stephens

Plessey Research Roke Manor, United Kingdom
© The Plessey Company plc. 1988

Consistency of image edge filtering is of prime importance

for 3D interpretation of image sequences using feature
tracking algorithms. To cater for image regions containing
texture and isolated features, a combined corner and edge
detector based on the local auto-correlation function is
utilised, and it is shown to perform with good consistency
on natural imagery.

they are discrete, reliable and meaningful?. However, the
lack of connectivity of feature-points is a major limitation
in our obtaining higher level descriptions, such as surfaces
and objects. We need the richer information that is
available from edges3.
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Alvey Vision Conference 1988
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Im = cv2.imread('parliament.jpg’, cv2.IMREAD_GRA Harrjsl% s
Im = Im.astype(float)/255.0 $§/ﬂ”§§/\
sigma=>5 |
g = cv2.getGaussianKernel(2*sigma*3+1, sigma)

IX = cv2.Sobel(im, -1, dx=1, dy=0)
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ly2 = cv2.filter2D(ly**2, -1, g, cv2.BORDER_REFLECT)
IXy = cv2.filter2D(Ix*ly, -1, g, cv2.BORDER_REFLECT)

k=0.04 #k s between 0.04 and 0.06
# ---r = Det(M) — k -Trace(M)"2 ---
r = (IxX2*ly2 - Ixy**2) - kK*(Ix2 + ly2)**?2

# --- find local maxima and threshold ---
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# --- r = Det(M) — k -Trace(M)"2 ---
r=(IX2*ly2 - Ixy**2) - k*(Ix2 + ly2)**

# --- find local maxima and threshold ---
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k = # k is between 0.04 and 0.06
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r=(IX2*ly2 - Ixy**2) - k*(Ix2 + ly2)**
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IX2 = cv2.filter2D(Ix**2, -1, g, cv2.BORDER_REFLECT)
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Im = cv2.imread( cv2.IMREAD GRAYSCALE)
Im = im.astype(float)/

sigma =5 ,\
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Ix2 = cv2 filter2D(Ix**2, -1, g, cv2.BORDER_REFLECT)
ly2 = cv2 filter2D(ly**2, -1, g, cv2.BORDER_REFLECT)
Ixy = cv2.filter2D(Ix*ly, -1, g, cv2.BORDER_REFLECT)

k= # k is between 0.04 and 0.06
# --- r = Det(M) — k -Trace(M)"2 ---
r=(IX2*ly2 - Ixy**2) - k*(Ix2 + ly2)**

# --- find local maxima and threshold ---

T S e~ — = O



Im = cv2.imread('parliament.jpg’, cv2.IMREAD GRAYSCALE) |

im = im.astype(float)/ /
sigma =

g = cv2.getGaussianKernel(2*sigma*3+1, sigma)

IX = cv2.Sobel(im, -1, dx=1, dy=0)
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k= # k Is between 0.04 and 0.06
# ---r = Det(M) — k -Trace(M)"2 ---
r = (IxX2*ly2 - Ixy**2) - k*(Ix2 + ly2)**

# --- find local maxima and threshold ---
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Ix2 = cv2.filter2D(Ix**2, -1, g, cv2.BORDER_REFLECT)
ly2 = cv2 filter2D(ly**2, -1, g, cv2.BORDER_REFLECT)
Ixy = cv2.filter2D(Ix*ly, -1, g, cv2.BORDER_REFLECT)
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Ix2 = cv2.filter2D(Ix**2, -1, g, cv2.BORDER_REFLECT)
ly2 = cv2 filter2D(ly**2, -1, g, cv2.BORDER_REFLECT)
Ixy = cv2.filter2D(Ix*ly, -1, g, cv2.BORDER_REFLECT)
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Im = cv2.imread('parliament.jpg’, cv2.IMREAD GRAYSCALE)
Im = im.astype(float)/255.0

sigma=>5
g = cv2.getGaussianKernel(2*sigma*3+1, sigma)
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k=0.04 #Kk is between 0.04 and 0.06
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# --- find local maxima and threshold ---
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Object Recognition from Local Scale-Invariant Features

David G. Lowe

Computer Science Department
University of British Columbia
Vancouver, B.C., V6T 174, Canada
lowe@cs.ubc.ca

Abstract translation, scaling, and rotation, and partially invariant to
illumination changes and affine or 3D projection. Previous
approaches to local feature generation lacked invariance to
scale and were more sensitive to projective distortion and
illumination change. The SIFT features share a number of
properties in common with the responses of neurons in infe-

An object recognition system has been developed that uses a
new class of local image features. The features are invariant
to image scaling, translation, and rotation, and partially in-
variant to illumination changes and affine or 3D projection.
These features share similar properties with neurons in in-
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and the paper was published at ICCV 1999, but just
as a poster.”
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Distinctive Image Features from Scale-Invariant Keypoints

DAVID G. LOWE
Computer Science Department, University of British Columbia, Vancouver, B.C., Canada
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Abstract. This paper presents a method for extracting distinctive invariant features from images that can be used
to perform reliable matching between different views of an object or scene. The features are invariant to image scale
and rotation, and are shown to provide robust matching across a substantial range of affine distortion, change in
3D viewpoint, addition of noise, and change in illumination. The features are highly distinctive. in the gence that a
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Introduction to SIFT (Scale-Invariant Feature Transform)

Goal

In this chapter,

« We will learn about the concepts of SIFT algorithm
« \We will learn to find SIFT Keypoints and Descriptors.

Theory

In last couple of chapters, we saw some comer detectors like Harris etc. They are rotation-invariant, which means, even if the image is rotated, we can find
the same comers. It is obvious because comners remain corners in rotated image also. But what about scaling? A comer may not be a corner if the image is
scaled. For example, check a simple image below. A comner in a small image within a small window is flat when it is zoomed in the same window. So Harris

corner is not scale invarant.

In 2004, D.Lowe, University of British Columbia, came up with a new algorithm, Scale Invariant Feature Transform (SIFT) in his paper, Distinctive Image
Features from Scale-Invariant Keypoints, which extract keypoints and compute its descriptors. *(This paper is easy to understand and considered to be
best material available on SIFT. This explanation is just a short summary of this paper)*.

There are mainly four steps involved in SIFT algorithm. We will see them one-by-one.

1. Scale-space Extrema Detection

From the image above, it is obvious that we can't use the same window to detect keypoints with different scale. It is OK with small corner. But to detect larger
corners we need larger windows. For this, scale-space filtering is used. In it, Laplacian of Gaussian is found for the image with various o values. LoG acts as
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Introduction to SIFT (Scale-Invariant Feature Transform)

Goal

In this chapter,

« We will learn about the concepts of SIFT algorithm
« \We will learn to find SIFT Keypoints and Descriptors.

Theory

In last couple of chapters, we saw some comer detectors like Harris etc. They are rotation-invariant, which means, even if the image is rotated, we can find
the same comers. It is obvious because comners remain corners in rotated image also. But what about scaling? A comer may not be a corner if the image is
scaled. For example, check a simple image below. A comer in a small image within a small window is flat when it is zoomed in the same window. So Harris

corner is not scale invanant.

In 2004, D.Lowe, University of British Columbia, came up with a new algorithm, Scale Invariant Feature Transform (SIFT) in his paper, Distinctive Image
Features from Scale-Invariant Keypoints, which extract keypoints and compute its descriptors. *(This paper is easy to understand and considered to be
best material available on SIFT. This explanation is just a short summary of this paper)*.

There are mainly four steps involved in SIFT algorithm. We will see them one-by-one.

1. Scale-space Extrema Detection

From the image above, it is obvious that we can't use the same window to detect keypoints with different scale. It is OK with small corner. But to detect larger
corners we need larger windows. For this, scale-space filtering is used. In it, Laplacian of Gaussian is found for the image with various o values. LoG acts as
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LIFT: Learned Invariant Feature Transform

Kwang Moo Yi*!, Eduard Trulls*!, Vincent Lepetit?, Pascal Fua'

!Computer Vision Laboratory, Ecole Polytechnique Fédérale de Lausanne (EPFL)
%Institute for Computer Graphics and Vision, Graz University of Technology
{kwang.yi, eduard.trulls, pascal.fua}@epfl.ch, lepetit@icg.tugraz.at

Abstract. We introduce a novel Deep Network architecture that imple-
ments the full feature point handling pipeline, that is, detection, orienta-
tion estimation, and feature description. While previous works have suc-
cessfully tackled each one of these problems individually, we show how to
learn to do all three in a unified manner while preserving end-to-end dif-
ferentiability. We then demonstrate that our Deep pipeline outperforms
state-of-the-art methods on a number of benchmark datasets, without

the need of retraining.
European Conference on Computer Vision (ECCV ) 2016



Matching features on ‘DTU’, sequence #19.
Correct matches shown with green lines.
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Matches: 6 /500 - ’ .

SIFT. Average: 34.1 matches
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Matches: 42 /500 == — WO

LIFT (Ours). Average: 98.5 matches
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