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I. S TEP 1: D IFFERENCE

OF

G AUSSIAN

AND

SIFT

FEATURE EXTRACTION

In this section, we will present some interesting aspects of the DoG detector and SIFT descriptor.

A. Detection and description of features
The first step of the exercise was to use Difference
of Gaussians algorithm to detect and SIFT to describe
features from a set of images with different point of view
and different scale.
1) Scale change: Figure 1(a) and 1(b) are two pictures of the same object. The point of view of both
pictures is the same. The only different between both
images is a scale change. Figure 1(b) is a zoom in of
figure 1(a).
Between two different images where only scale
change, features detected and described are mainly the
same. Some features can disappear or appear due to an
occlusion of a part of the image after the scale change
as shown 2. The red rectangular on figure 2(a) and 2(b)
represents the same part of the building. However, some
features are detected on figure 2(b) and are not existing
on figure 2(a) due at an occlusion.
However, figure 3 presents two views were feature
where boundaries red present the same features between
both images.
2) Viewpoint change: Figure 4(a) and 4(b) are two
pictures of the same object. However, point of view of
the object changes between both images. Figure 4(a) is
a rotation and traslation of figure 4(b).
Features detected and described on both different
images are different. Figure 5 shows a zoom in on the
same part of the object of the two images. Position
of some features can be the same. However, descriptor
which describes each feature are different from one
image to another as shown in figure 5.

II. M ATCHING

FEATURES

In this part, we will present the matching algorithm
to find correspondences between two images. In the
first part, we will present an approximation by a dot
product used in Matlab. In a second part, we will present
the original matching describe in the literature using
Euclidean distance [1].
A. Cross product approximation
In order to perform the algorithm faster in Matlab,
Lowe decided to approximate the Euclidean distance
computation by dot products between unit vectors.
1) Scale change: In the previous part, we note that
several features are the same between two pictures where
only the scale change. The dot product is computed to
match features of the first image with features of the
second. The threshold allowing to reject outliers has a
value of 0.6. After running the algorithm, 1064 correspondences are found between both images. Graphical
result are shown on figure 6.
The computation time to find correspondences is 19.65
seconds. The matching does not present a lot of outliers.
2) Viewpoint change: In first part, we note that
features are different between both images. Hence, no
correspondences should be found between features of
both images. The threshold allowing to reject outliers
has a value of 0.6. After running the algorithm, 2 correspondences are found between both images. Graphical
result are shown on figure 7.
The computation time to find correspondences is 16.94
seconds. One on the two correspondences is an outlier.
3) Threshold values: In the two previous parts, the
value of the threshold allowing to reject outliers was
fixed at 0.6. In this part, we will try to find the best
value allowing to obtain the maximum of inliers and a
minimum of outliers. We will define the value empirically. First, we will evaluate results obtained for a value
of the threshold comprised between 0.6 and 0.7. Results
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Figure 7.

Matching between two images with a viewpoint change

Figure 8.

Matching for a threshold comprised between 0.6 and 0.7

on figure 8 present a low number of outliers compared
to the number of inliers.

1) Scale change: In the previous part, we note that
several features are the same between two pictures where
only the scale change. The threshold allowing to reject
outliers has a value of 0.6. After running the algorithm,
1055 correspondences are found between both images.
Graphical result are shown on figure 10.

Then, we will evaluate results obtained for a value of
the threshold comprised between 0.7 and 0.75. Results
on figure 9 presents more outliers. The value of the
threshold allows to find a maximum of inliers and a
minimum of outliers is 0.7.

The computation time to find correspondences is 78.89
seconds. The matching does not present a lot of outliers.
2) Viewpoint change: In first part, we note that
features are different between both images. Hence, no
correspondences should be found between features of
both images. The threshold allowing to reject outliers
has a value of 0.6. After running the algorithm, 2 cor-

B. Euclidean distance
The original paper [1] use Euclidean distance to reject
outliers.
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Figure 9.

Matching for a threshold comprised between 0.7 and 0.75

Figure 10.

Matching between two images with a scale changement

respondences are found between both images. Graphical
result are shown on figure 11.
The computation time to find correspondences is 75.34
seconds. One on the two correspondences is an outlier.

Then, we will evaluate results obtained for a value of
the threshold comprised between 0.7 and 0.75. Results
on figure 13 presents more outliers. The value of the
threshold allows to find a maximum of inliers and a
minimum of outliers is 0.7.

3) Threshold values: In the two previous parts, the
value of the threshold allowing to reject outliers was
fixed at 0.6. In this part, we will try to find the best
value allowing to obtain the maximum of inliers and a
minimum of outliers. We will define the value empirically. First, we will evaluate results obtained for a value
of the threshold comprised between 0.6 and 0.7. Results
on figure 12 present a low number of outliers compared
to the number of inliers.

4) Rejection outliers: To validate a match, the original version compares the first and the second neighbours. If these neighbours are not so closed, a match
is validated. This approach is preferable to the other
approach that consists to compare the nearest neighbour
with a simple threshold. In fact, the original method
allows to remove outliers. Graphical results of a simple
threshold are shown on figure 14. Graphical results using
the comparison of the first and second neighbour are
5

Figure 11.

Matching between two images with a viewpoint change

Figure 12.

Matching for a threshold comprised between 0.6 and 0.7

shown on figure 10. For an identical number matches
found, number of outliers is more important on figure
14 than on figure 10.

D. Other results
In this part, we will try to find matches between two
different objects to see the robustness of SIFT. Figure 15
is a graphical result of a matching between two different
objects.

C. Comparison of methods

For this example, the number of outliers found is not
important but 7 matches between two different objects
are found.

Lowe explains that dot product is an approximation of
the Euclidean distance which improves the computation
time for the Matlab implementation. With this approximation, the algorithm performs 4 times faster. However,
more matches are detected with this approximation and
these features can be outliers because dot product operation is less accurate than the computation of Euclidean
distance.

III. S TEP 2: S CALE / AFFINE

INVARIANT FEATURE

EXTRACTION

In this part, we will present different combinations of
detectors and descriptors.
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Figure 13.

Matching for a threshold comprised between 0.7 and 0.75

Figure 14.

Matching using Euclidean distance and simple threshold

A. Detectors
In this part, we will present results running different
detectors on the same image than in the first part where
we used the difference of Gaussians (DoG). In the
previous part, DoG detected 3282 keypoints detected in
4.91 seconds
1) Harris-Laplace detector: Harris-Laplace detector
find 2446 features in 8.64 seconds. Results are shown
on Figure 16.
2) Hessian-Laplace detector: Hessian-Laplace detector finds 1736 features in 6.02 seconds. Results are
shown on Figure 17.

Figure 16.
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Harris-Laplace detector

Figure 15.

Outliers found during a matching between two different objects

Figure 17.

Hessian-Laplace detector
Figure 18.

Harris-Affine detector

Figure 19.

Hessian-Affine detector

3) Harris-Affine detector: Harris-Affine detector finds
2601 features in 10.82 seconds. Results are shown on
Figure 18.
4) Hessian-Affine detector: Hessian-Affine detector
finds 1807 features in 7.56 seconds. Results are shown
on Figure 19.
5) Harris-Hessian-Laplace detector: Harris-HessianLaplace detector finds 4182 features in 14.00 seconds.
Results are shown on Figure 20.

B. Affine invariant detector
In this part, we will use Hessian-Affine detector. We
will repeat the same manipulation than in the part I-A.
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(a) First view of the object
Figure 21.

(b) Second view of the object

Scale change of an object between two images

Figure 23.
changes

Repeatability of features between different viewpoint

of features. However, figure 23 give some information
regarding viewpoint change.
Figure 20.

The Hessian-Affine detector is represented by the
yellow line on the figure 23. We can see that only thirty
percent of features are repeated between two viewpoint
angle change of 60 ◦. Regarding figure 22(a) and 22(b),
the viewpoint angle is more important than 60 degrees.
Hence, the number of features that are on both images
is weak.

Harris-Hessian-Laplace detector

1) Scale change: Results of the detection using
Hessian-Affine detector are shown on figure 21.
In the original view, figure 21(a), 1807 features are
detected while on the second view, figure 21(b), 1813
features are detected. Give an interpretation of these
results are complicated due to the important number of
features. However, this detector should be invariant to
scale change. Points detected on the first are detected on
the second view, with the same characteristic describing
the region. Like with the DoG detector, some features
detected on the first view are not detected on the second
view due to the occlusion of some regions.

C. Matching features
In this part, we will use the Euclidean distance between descriptors of features of each image to find
correspondences. We will try the best value for the
parameter using to reject outliers.
We will see the influence of the parameter on the two
different changes: scale and viewpoint.

2) Viewpoint change: Results of the detection using
Hessian-Affine detector are shown on figure 22.

1) Scale change: To find the threshold, we will plot
the correspondences found between a ranges. Figure
24 presents correspondences for a value of a threshold
between 0.75 and 0.8 while figure 25 presents correspondences for a value of a threshold between 0.8 and
0.85.

In the original view, figure 21(a), 1807 features are
detected while on the second view, figure 22(a), 1768
features are detected. Give an interpretation of these
results are complicated due to the important number
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(a) First view of the object

(b) Second view of the object

Figure 22.

Viewpoint change of an object between two images

Figure 24.

Correspondences found for a value included between 0.75 and 0.8

Figure 25.

Correspondences found for a value included between 0.8 and 0.85
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The best value is 0.8 because it is the value that avoid
the important number of outliers shown in figure 25.
With this threshold, the number of matches is equal to
330. The results is shown on figure 26.

1) Simple detector: sec1) The simple way to construct the database is for each different buildings and
views, running a detector combined with a descritpors
to obtained features characteristics of each image. For
instance, the first step that we did is to run for each
image, DoG detector combined with SIFT descriptors
and we saved the features found inside the database
annotated to know the which object we treated.

2) Viewpoint change: For a value of the threshold
between 0.6 and 0.62, the number of correspondences
is null. If the value increase, the number of correspondences increase but all these correspondences are outliers
as shown on the figure 27. Hence, the best threshold in
this case is 0.62. If the value of the threshold is equal
to the value found in the previous part, the number of
outlier is equal to 25 as shown on figure 27.

2) Combination of detectors: In order to have the
more complete database as possible, one way is to run
all different detectors saw previously to construct the
database. Hence, for all different object, we have a
collection of features. These features can be combined
because all points detected by the different descriptors
are described by the same descriptor: SIFT.

D. Comparaison Hessian-Affine/SIFT and DoG/SIFT

B. Online component

The number of correspondences on the same set
of images is less important with Harris-Affine/SIFT
than DoG/SIFT with a ratio inliers/outliers about equal.
Hence, we can assume that DoG/SIFT is a better combination detector and descriptor than Hessian-Affine/SIFT.
The other method will not detect more features and the
number of correspondences will not be better. However,
a combination of Hessian/Harris detector increase the
number of features detected and increase the number
of correspondences compared to the simple Harris or
Hessian detector. However, on the same test of images,
the number of correspondences found with Harris/Hessian (732 matches) is inferior to the number found with
DoG/SIFT (1215 matches) for a ratio inliers/outliers
about equal.

IV. S TEP 3: A

In this part, we have to classify an object in one of
the class defined in the database in the previous part.
1) Simple detector: In this case, we have to use the
same detector that we used the database exposed in the
section ??. The basic is to carry out the same detection,
description than in the part where we construct the
database. We obtained some features desbribing the new
object. The second work is to compare these features
with the features of each objects stored in the database.
We try to find correspondences between each collection
of features, and the objects in the database that have the
bigger number of correspondences is the class where we
will classify query object. The problem of this method is
that it can be not enough robust depending of the detector
used. In fact, if only laplacian detectors are used, affine
tranformation cannot be identify. Hence, two different
way are possible to resolve this problem. The first one
is to apply an affine invariant detector and the second
one is to combine different detectors to have a lot of
features allowing to improve the robustness.

VERY SIMPLE BUILDING RECOGNITION
SCHEME

In this part, we want to construct a simple classifier
based on local features. The aim is to classify a new
object inside a collection of objects previously learning.
To implement this classifier, an offline component and
an online component need to be construct.

2) Combination of detectors: Simple detector and
combination of detectors work similarly. The only difference is that we computed a database using different
detectors. Thus, we want to describe the query object, we
have to run all detectors used when we built the database.
The collection of features obtained will be compared to
the one of each object of the database and we will try
to find correspondences between objects in the database
and the query object. The objects that have the most
correspondences with the query object will be the class
of the query object. The main problem of this method is
the computation time. Several days are needed to classify
only fifteen images.

A. Offline component
The offline component is a stage where we will construct a database of information regarding the different
object that we want to detect. In this assignment, the goal
is to classify different building. A set of images defined
the buildings is given to construct the database.
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Figure 26.

Correspondences found for a value of 0.8

Figure 27.

Correspondences found for a value of 0.8

C. Results

V. C ONCLUSION
In this assignment, we saw different basic idea regarding detectors and descriptors. We presented first an
introduction to DoG detector and SIFT descriptors. Then,
we studied different detectors as Harris-Hessian/LaplaceAffine detector. Finally, we present an implementation of
an very simple recognition scheme allowing to classify
different type of builings using a database previously
constructed.

We implemented two different methods: simple detector based and combination of detectors method.
1) Simple detector: In this part, we will present the
results obtained for DoG detector combined with SIFT
descriptor. Figure 28, 29 and 30 presents correspondence
object found for each query image.
2) Combination of detectors: In this part, we will
present the results obtained using all detectors and SIFT
descriptors. Figure 31, 32 and 33 presents correspondence object found for each query image.
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(a) Query Image

(b) Class object - 165 matches found

(c) Query Image

(d) Class object - 723 matches found

(e) Query Image

(f) Class object - 76 matches found
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(g) Query Image

(h) Class object - 176 matches found

(a) Query Image

(b) Class object - 162 matches found

(c) Query Image

(d) Class object - 111 matches found

(e) Query Image

(f) Class object - 248 matches found
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(g) Query Image

(h) Class object - 220 matches found

Figure 30.

(a) Query Image

(b) Class object - 312 matches found

(c) Query Image

(d) Class object - 84 matches found

(e) Query Image

(f) Class object - 759 matches found

Classification query image using DoG and SIFT
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(a) Query Image

(b) Class object - 513 matches found

(c) Query Image

(d) Class object - 2374 matches found

(e) Query Image

(f) Class object - 209 matches found
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(g) Query Image

(h) Class object - 427 matches found

(a) Query Image

(b) Class object - 432 matches found

(c) Query Image

(d) Class object - 229 matches found

(e) Query Image

(f) Class object - 749 matches found
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(g) Query Image

(h) Class object - 536 matches found

Figure 33.

(a) Query Image

(b) Class object - 782 matches found

(c) Query Image

(d) Class object - 157 matches found

(e) Query Image

(f) Class object - 3190 matches found

Classification query image all detectors and SIFT
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