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Abstract. Image matching is a fundamental problem in computer vi-
sion. One of the well-known techniques is SIFT (scale-invariant feature
transform). SIFT searches for and extracts robust features in hierarchi-
cal image scale spaces for object identification. However it often lacks
efficiency as it identifies many insignificant features such as tree leaves
and grass tips in a natural building image. We introduce a content adap-
tive image matching approach by preprocessing the image with a color-
entropy based segmentation and harmonic inpainting. Natural structures
such as tree leaves have both high entropy and distinguished color, and
so such a combined measure can be both discriminative and robust. The
harmonic inpainting smoothly interpolates the image functions over the
tree regions and so blurrs and reduces the features and their unnecessary
matching there. Numerical experiments on building images show around
10% improvement of the SIFT matching rate with 20% to 30% saving of
the total CPU time.

Keywords: Content Adaptivity, Color-Entropy Segmentation, Inpaint-
ing, Image Matching.

1 Introduction

Image matching is a fundamental aspect of numerous tasks in computer vision,
such as object and scene recognition, 3D structure reconstruction from multiple
planar images, stereo correspondence, and motion tracking. Two key ingredi-
ents are critical to matching accuracy and efficiency. One is the selection of
image features that are distinctive between different image classes yet invariant
to unimportant attributes of the images (e.g. scaling and rotation), and par-
tially invariant to change in illumination and camera viewpoint. The other is
the design of a reliable matching criterion that quantifies feature similarity. A
successful technique is Lowe’s scale-invariant feature transform (SIFT, [5]). SIFT
extracts from an image a collection of feature vectors (feature point descriptors),
each of which is invariant to image translation, scaling, and rotation, partially
invariant to illumination changes and robust to local geometric distortion. Such
invariant features have proven useful in the context of image registration and
object recognition. SIFT assigns location, scale, and orientation to each feature
point. The location is defined as extrema of Difference of Gaussian functions
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applied in scale-space to a series of smoothed and re-sampled images. Due to the
large numbers of extrema, there could be up to thousands of detected feature
points in an image, see Fig. [l Yet many of the SIFT feature points are often
found to be insignificant as they may well fall on uninteresting part of an image.
As in Fig. [l a building is typically surrounded by a natural landscape consist-
ing of trees, lawns or bushes which can attract a large number of SIFT feature
points. In the image of the left panel of Fig. M there are 4692 SIFT feature
points. Almost half of them are on trees and lawns. Clearly, the feature points
on the building are more important and reliable (less sensitive to weather and
season) for building identification.

In this paper, we propose a content adaptive measure to exclude the uninterest-
ing feature points, so subsequent image matching focuses more on the man-made
corner-like features on the buildings. The adaptive measure combines color and
entropy information of the image pixels. We shall locate the tree like natural re-
gions by a combined measure of color and entropy, and apply image inpainting
technique to blur and smooth out features in the tree regions. SIFT then acts on
the inpainted image where regions of no interest have been weakened. Matching
of feature points follows that of [5]. In brief, a descriptor (a multi-dimensional vec-
tor) is assigned to each feature point. A match p’ in image A for a feature point
p in image B is found by identifying the nearest neighbor of p from the feature
points in image A. The nearest neighbor is defined as the feature point with mini-
mum Euclidean distance in terms of the associated descriptor vectors. In [6], Lowe
proposed a more robust matching criterion which we shall discuss later.

The paper is organized as follows. In section 2, we discuss the identification of
tree like natural structures by a combined color and entropy measure. In section
3, we present an image inpainting method based on solving the Laplace equation
on irregular domains to blur out the trees regions. In section 4, we discuss feature
points matching criterion, and present experimental matching results on building
images. The conclusion and remarks on future work are in section 5.

2 Color and Entropy Based Segmentation

Let us consider to match a building image to a similar image of the same scene.
The images may contain background of trees, bushes, lawns, and sky. The goal
is to locate the trees (or other vegetation) in an automatic fashion. A straight-
forward way is to use the colors. It is known that L*a*b color model is a better
choice for images of natural scenes than RGB color space. The L*a*b* color
space is derived from the CIE XYZ tristimulus values [4]. The L*a*b* space
consists of a luminosity layer ‘L*’, chromaticity-layer ‘a*” indicating where color
falls along the red-green axis, and chromaticity-layer ‘b*’ indicating where the
color falls along the blue-yellow axis. All of the color information is in the ‘a*’
and ‘b*” layers. L*a*b color is designed to approximate human vision. It aspires
to perceptual uniformity, and its L* component closely matches human percep-
tion of lightness. Therefore we propose to segment colors in the L*a*b* color
space with K-means clustering method. We first convert image from RGB color
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Fig. 1. There are 2280 SIFT feature points in the image, many of them fall on tree,
lawn or bush areas

space to L*a*b* color space. Then we classify the colors in ‘a*b*’ space using
K-means clustering. For example, three colors are used to segment the image
into 3 images consisting of trees, building and sky. The segmented tree/lawn
region is shown in the right panel of Fig. [2l Colors alone suffice for the segmen-
tation in this example. In general, identification of tree like objects solely based
on color is not enough. Some man-made structures could have nearly the same
color as trees. Additional information is necessary. We observe that tree leaves
and branches appear as rough or fractal, and so the entropy of image patches is
helpful for their separation from uniform, and smoothly varying object surfaces.
To compute the entropy of the gray-level images, let Vi,ax be the maximum value
in an image patch, the patch entropy is defined as

Vmax
E=- Z hz IOg(h,) 5 (21)
=0

where h; = n;/N is the i—th histogram count n; divided by the total number
of pixels (V) in the image patch. Image patches in the tree regions in general
have larger entropy than those in the uniform or regularly shaped objects such
as buildings and sky. Measure of entropy proves to be rotation-invariant, and
can serve as an indication of tree regions. However, other objects such as walls
of building in the image may also have high entropy. Fig. [3 shows the white
high entropy regions in an image, it can be seen that some parts of the building
have large entropy too. This example suggests that a combination of color and
entropy produces a better segmentation criterion. The idea is to first segment
the image via colors, then compute the entropy of each segmented region. The
part with high entropy will be recognized as belonging to trees. Now with the
tree regions detected, we smooth and blur the image function in the tree regions
by the Laplacian inpainting technique.
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Fig. 2. The left panel is the original image. The right panel is the color segmented
image consisting of trees and lawn.
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Fig. 3. Left panel: the white regions have high entropy. Right panel: the inpainting
set-up. The domain {2 may have highly irregular boundaries in real-world images.

3 Harmonic In-Painting

Inpainting aims to restore a damaged or corrupted image. The goal of inpainting
algorithm varies from making the restored parts of the image consistent with
the rest of the image, to making it as close as possible to the original image. We
consider the former, and hope to interpolate the values of the image function in
the tree regions smoothly by outside values. This way, the image functions are
blurred in the tree regions and so feature points will be sharply reduced there.
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Fig.4. SIFT features detected from the original image (left) and the preprocessed
image (right). There are 4692 SIFT feature points detected from the original image. In
contrast, there are 2097 SIFT feature points in the pre-processed image.

As a result, feature points are more focused on buildings or other man-made
objects in the inpainted image. Since the original work of Bertalmio et al. [IJ,
automatic inpainting algorithms have appeared in recent years. Inpainting is an
interpolation problem: Given a rectangular image ug known outside a hole {2
(see Fig. Bl), we want to find an image u, an inpainting of ug, that matches wug
outside the hole and has meaningful content inside the hole (2. Broadly speaking,
probabilistic [3] and variational [II2] approaches are available for inpainting. We
shall use the latter which has two representative prototypes: the harmonic and
total variation (TV) models [2]. They amount to minimizing the square and
absolute value of the gradient of the image, or solving the variational problems:

Harmonic : min / |Vu|>dx (3.1)
u€An Jo

and TV : minye 4., [, |Vu|dz. The admissibility sets are Ay = {u € WH2(£2) :
u = ug on 2} and Ary = {u € BV(§;R) : u = ug on §2}. Here W12 is
Sobolev space of square integrable functions and square integrable gradients,
BV is the function space of bounded variations. The minimizers can be found
by solving the Euler-Lagrange partial differential equation: Au = 0 on 2, u =
ug on 012, for (31 and div(‘g—z‘) = 0on 2, u = ug on 9N for the TV case.
Harmonic inpainting gives a desired smoother inpainted image than TV inpaint-
ing which preserves the intensity jumps or edges better. Harmonic inpainting is
also much faster to compute. A five point stencil finite differencing discretizes
the Laplace equation to a linear algebra problem Awu = b, where b stores the
known values of the image function at the boundary of {2, A is a banded ma-
trix with irregular off-diagonal entries reflecting the irregular 92. The harmonic
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inpainting blurs the background regions (trees and grass). The right panel of
Fig. M shows the effects of our proposed content adaptive pre-processing, after
which more than half of the un-interesting SIFT feature points are removed for
more efficient SIFT building matching. We remark that though the simple strat-
egy of turning the tree regions blank also removes the unimportant features, it
can introduce new feature points and cause mis-matches at the boundaries of tree
regions which tend to be irregular. Our numerical tests suggest that inpainting
is a better solution.

4 Feature Matching and Test Results

4.1 Matching

Matching of feature points is carried out as in SIFT which is an Euclidean-
distance nearest neighbor approach in the descriptor space. A pair of feature
points is considered matched if the distance ratio between the nearest neighbor
distance and a second nearest neighbor distance is below T,

d s
(p7p1 t) <7
d(p, p2nd)

where p € R" is the descriptor to be matched and dis: and da,q are the near-
est and second nearest descriptors respectively, with d denoting the Euclidean
distance. The 7 = 0.8 is suggested in [6]. This measure performs well because
correct matches need to have the nearest neighbor significantly closer than the
nearest 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 descriptor space. We can think of the second nearest
match as providing an estimate of the density of false matches within this por-
tion of the feature space and at the same time identifying specific instances of
feature ambiguity.

4.2 Examples of Image Matching

Here we show two experiments with images containing buildings and trees. Each
of the tested images contains 800 x 600 pixels. In the first experiment, we match
two near views of the same scene in Fig. @l In Fig. Bl the left plot shows the
matching of the SIFT feature points of the two original images, the right plot is
the SIFT matching of reduced features in the pre-processed images. Computation
is performed on a Dell laptop with 6G RAM and 1.6 GHz i7 CPU. The cpu time
for the left plot is 47.16 seconds, and it is 39.09 seconds for the right plot. The
the cpu time reported here and below included preprocessing. The matching
rate for the left plot is 53.80 % (333 correct matches, 286 false matches), it is
67.08 % for the right plot (218 correct matches, 107 false matches). In the second
experiment, we compare SIF'T feature matching on two images with and without
preprocessing, where one image is a near view of a farm house, and the other
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Fig. 5. Image matching of SIFT features with and without preprocessing. Left panel
is the matching between two original images without segmentation and inpainting
(matching rate 53.80 %). Right panel is the matching between two pre-processed images
with trees regions removed (matching rate 67.08 %) and 17.11 % total cpu saving.

Fig. 6. Near (upper left) and far (lower right) views of a farm house in each panel. The
left panel shows matching of SIFT features on the original images, with matching rate
28.73 % (77 correct matches, 191 false matches). The right panel shows SIFT feature
matching on preprocessed images, with matching rate 37.17 % (71 correct matches,
120 false matches) and 29.51% total cpu saving.

is a far view. The far view contains more objects in the environment, such as
additional trees occluding part of the building, and cars in the parking lot. Near
(upper left) and far (lower right) views of a farm house are shown in Fig. [6l
The left panel shows matching of SIFT features on the original images, with
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matching rate 28.73 % (77 correct matches, 191 false matches), and cpu time is
57.30 seconds. The right panel shows SIFT feature matching on the preprocessed
images, with matching rate 37.17 % (71 correct matches, 120 false matches), and
cpu time is 40.39 seconds. The improvement is consistent across 20 other images
of landscaped buildings from street scenes in residential and commercial areas
as long as the tree/bush/grass regions occupy roughly the same percentage of
pixels in the images.

5 Concluding Remarks

We introduced a novel and efficient color-entropy segmentation for content adap-
tive image matching of natural building images. Experimental results showed a
robust increase in matching rate by approximately 10% and decrease in cpu time
(from 20 % to 30%) with pre-processing time included. A future line of work will
study how to avoid modifying the images. Instead, one may design a weighting
function to adapt the matching score. The weighting function is negatively cor-
related with the entropy-color measure and is essentially supported away from
the tree regions. We also plan to study content adaptive preprocessing for more
recent versions of corner detectors [7], and perform more extensive experiments
on landscaped building images preferably on a public database.

The work was partially supported by NSF grant DMS-0911277.
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