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ABSTRACT
We propose a novel region-based approach for building detection
in high-resolution satellite image with densely build-up buildings.
In our method, first the prior building model is constructed with
texture and shape features from training building set. After over-
segmentation of input image into many small regions, we identify re-
gions which have a similar pattern with prior building model. These
regions are called building like regions (BLRs). Then we group
BLRs to get candidate building regions (CBRs), which have simi-
lar shape with prior building model. Next, lines which have strong
relationship with each CBR are extracted. From these lines and CBR
boundaries, 2-D rooftop hypotheses are generated. At last, shadows
and geometrical rules are used to verify the hypotheses. Experimen-
tal results are shown on area with hundreds of buildings.

Keywords: Remote sensing, Image region analysis, Object detec-
tion

1. INTRODUCTION

Automatic extraction of man-made objects from high resolution satel-
lite images is a fundamental task in image understanding. In partic-
ular, extraction of buildings have become the most important one
because of its numerous applications in urban mapping, planning
and GIS update. For such applications, researchers in the last two
decades have proposed a number of approaches [1][2]. Kim and
Muller used a graph-based detection technique to extract 2D build-
ing outlines and used stereo image pairs to extract height information
[3]. Noronha et al. proposed a hypothesis and verification method
for building extraction [4]. First, the 2D building roof hypotheses
are generated from linear features by perceptual grouping, and those
hypotheses are then verified by 3D evidence from shadows and walls
of building.

But until now building detection still remains an open problem.
Most current approaches do not work in densely build-up areas, and
results for data sets involving several hundred or thousand buildings
have not been shown [1]. There are a number of challenges in this
problem. The first difficulty is that the image is a 2-D projection
from the real 3D world and hence inherently ambiguous. Secondly,
shadow and occlusions frequently occur, which makes appearance of
buildings in image incomplete and irregular. Thirdly, there are many
kinds of environment noises such as roads, trees and squares which
are not easy to distinguish from buildings. At last, in high resolution
satellite images the buildings have many detailed and complex struc-
tures. They may appear very differently in intensity levels, shapes
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and other patterns. There are nearly no general features to describe
buildings. Therefor, a general classification approach for all build-
ing class will inevitably fail. It should be reasonable and practical to
propose a building detection method only for one specific building
class.

To deal with the above difficulties, researchers have proposed
many approaches [3][4] [5], which usually use lines and junctions.
However, these methods are not suitable for building detection in
densely build-up high resolution satellite image. Because in the high
resolution satellite image with hundreds of complex buildings, the
number of lines or junctions is huge, and also there are a large num-
ber of noise which is very hard to distinguish from the real infor-
mation we needed. In this paper, we focus on regions. Because
region-based methods have some significant advantages compared
to methods based on lines or junctions. First, some prior high-level
knowledge, such as texture or intensity models, shape models can
be incorporated into the region-based method. Secondly, lines or
junctions can be effectively and simply be used in the region-based
method.

Segmentation is one of the key area in computer vision and pat-
tern recognition society. There are many traditional schemes for im-
age segmentation. Several approaches have been proposed to seg-
ment the objects by using prior information about the shape of spe-
cific, which are called shape based segmentation. Most of these
methods decompose objects into parts by measuring the shape sim-
ilarity between image data and an arrangement of predefined part
models [6]. From the other view of point, the building detection
problem can also be regarded as an image segmentation problem.
The difference between shape based segmentation problem and the
building detection problem is that building detection should not only
use prior shape information but also some other information about
building. We can extract buildings by measuring the similarity be-
tween the image data and the prior building model. The work we
need to do is that we should construct a prior building model from
many aspects, such as shape , texture, intensity.

Based on the above analysis, we propose a region-based build-
ing detection approach using the prior building model. The whole
approach can be divided into four stages. In the first stage, we con-
struct prior building model using texture and shape features from the
training building set. To utilize shape information effectively, we
designed new shape descriptors to describe the regularity of a shape.
In the second stage, we over-segment the input image into many
small regions. Given the prior model and the over-segmented image,
the regions which have a similar energy distribution with the prior
model are identified. We call these regions building like regions
(BLRs). In the third stage, we group the BLRs together to gener-
ate region groups which have a similar shape with the prior build-



ing model, we call these region groups candidate building regions
(CBRs). For this special purpose, we proposed a seed based region
grouping method which is simple and fast. In the last stage, we ex-
tract lines which have strong relationship with each CBR. From these
lines and the CBR boundaries, we generate 2-D rooftop hypotheses.
Finally, neighborhood relationship, shadows and some geometrical
evidences are used to verify the hypotheses. Fig. 1 shows the flow of
the whole strategy.

Fig. 1. The flow of our approach. The two frames (in dashed red
lines) are respectively denote the prior building model construction
stage and the CBRs detection stage.

In the following sections, we describe the stages gradually. Sec-
tion 2 will illustrate stage 1, section 3 will explain stage 2 and 3,
section 4 will show the last stage, and section 5 will describe the
experiment results and a brief conclusion of the proposed method.

2. FEATURES AND PRIOR BUILDING MODEL

In this section we will construct a prior building model over the
texture and shape features from training building set. The training
building set in our experiment is 120 buildings in rectangular shape
which are manually selected from the whole image of an urban area.

Intensity and texture are widely used low-level features to de-
scribe regions. But intensity is not suitable to describe building re-
gions, since buildings may have very different materials and struc-
tures which will lead to fully different intensity levels. On the other
hand, texture features are much more appropriate. Buildings are
more regular than natural objects, hence, most energy of buildings
will mainly distribute on low-level frequency-band and its high-level
frequency information is limited. Fig. 2 shows the experimental re-
sult with the three-level wavelet decomposition for building regions
and natural regions. From this figure, one can observe that the en-
ergy distribution histogram is a salient feature to distinguish build-
ings from natural objects.

Shape is used as the other important feature in our algorithm.
Many methods have been proposed to describe shape, however, they
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Fig. 2. Energy distribution histograms by three-level wavelet de-
composition. The real blue line and the dashed red line respectively
denote the energy distribution histograms of building regions and
natural object regions.

are either too complex or too expensive to be computed. For the
building detection problem, we proposed a new method to describe
the regularity of a building shape. We define a series of discrete con-
tour descriptors. A contour descriptor is a 3×3 window (pixel), and
the pixel of its center resides on the contour of a region. Fig. 3
shows the 4 descriptors used in our method.On these descriptors
many shape regularity measurements can be defined, for example,
the distribution histogram on these descriptors.

Fig. 3. Four contour descriptors used to measure the regularity of a
shape.

Here, buildings with rectangular shape are selected as our build-
ing class. For this building class, two shape features are used: one
is the rectangle ratio, the other is the contour descriptors ratio which
is the total number of the 4 contour descriptors ( 3) divided by the
number of contour pixels.

We extract the energy distribution histogram for the 120 training
buildings, and then compute the mean energy distribution histogram
as the texture feature of the prior building model. For the shape
feature of the model, we simply use the above two shape features for
rectangular shape.

3. CANDIDATE BUILDING REGIONS(CBRS)
RECOGNITION

In this section CBRs will be obtained from the input image in two
stages. Before computation of the CBRs, there are two preprocess-
ing tasks. The first is to over-segmented the input image I into many
small regions by mean-shift method [7]. We denote I =

⋃n

i=1
vi,

where each vi is a small region. The second preprocessing work is
to extract lines from the input image I by method in [8].

3.1. Identification of BLRs

We scan the whole over-segmented image to compute the similar-
ity of the energy distribution histogram between each small region
and the prior building model. The similarity of two distributions
are computed by KL-divergence. After that we will get a similarity



measurement θi for each small region vi. Next, we use a threshold
method to decide which region is a building like region (BLR). Fig. 4
is the BLR image of the input image (Fig. 7). From Fig. 4 one can
find that almost all regions of buildings are included in this image
and most non-building regions have been eliminated. Although a lit-
tle noise have been include in the BLR image, about half of the over-
segmented regions have been eliminated. This has greatly decreased
the computation complexity and simplified the whole process.

The KL-Divergence is the probability distribution similarity mea-
surement function:

KL(p || q) =
∑

x∈χ

p(x) log
p(x)

q(x)
(1)

where KL(p || q) is the kl-divergence equation of discrete form, p
and q are two probability distributions. Because the KL-Divergence
is not symmetrical, the final equation we used for energy distribution
similarity measurement is:

M(p || q) =
1

2
(KL(p || q) + KL(q || p)) (2)

where p and q are normalized energy distribution histograms.

Fig. 4. Building like regions (BLRs) image. The color used in this
image are randomly generated and allocated for each region, which
are only used to display the result conveniently.

3.2. Candidate building regions detection

We can find that in Fig. 4, a building area has been over segmented
into many small regions. Therefor, in this section we will group
these small regions to generate a full building region. In our method,
region grouping process is guided by the shape of prior building
model. In other words, the objective of region grouping is to gen-
erate region groups which have similar shape with prior building
model. These region groups are called candidate building regions
(CBRs).

There are many region grouping methods, but most of them are
complex and computationally expensive, making them unsuitable for
building detection. From the observation of real buildings, we can
find that although buildings often have various shape and many de-
tailed structures, most part of a building is smooth which is easily
recognizable. So we regard these smooth regions as the seed of a

building. These seeds are used as the heuristic information for re-
gion grouping. From the above analysis, we propose a region group-
ing method starting from these seed regions. The idea is that the
region group for a building should be in the small neighborhood of
its seed region. Therefore, the CBR grouping problem can be trans-
ferred to find region groups which have a more similar shape with
prior building model in a small neighborhood of seed regions. Be-
cause the number of small regions in a building should be very small,
we can easily compute every possible connected region group in the
local neighborhood of a seed region. After obtaining all the region
groups, it will be very easy to compute the region group which is
most similar with the prior building shape.

However, the two shape features for rectangular shape build-
ing class is not rotation invariant, so the direction of each candidate
building should be computed. Here we just take the direction of
the seed region to be the direction of a CBR group. We propose a
method to compute the direction of the seed region by lines.

First, lines near or in the seed regions are extracted, and then
these lines are divided into different groups by their directions. The
mean direction of the lines in each group are computed as a can-
didate direction for the seed region. After the above computation,
several candidate directions are obtained for each seed region. For
each candidate direction α, we rotate the original coordinate system
counterclockwise to align it with α. In the new coordinate system,
the shape discriminator S(vi) = c1 · Rr(vi) + c2 · Rd(vi) is com-
puted, where S(vi) is the shape discriminator of the region vi, c1

and c2 are the weight of the respective shape features, Rr(vi) is the
rectangle ratio of the region vi , and Rd(vi) is the contour descrip-
tors ratio of the region vi. The direction which maximizes the shape
discriminator S(vi) will be chosen as the direction of the seed re-
gion.

Seed based region grouping method

Input: a seed region v and its direction α, three-level (Fig. 5) neigh-
bors set N of v.
Output: a region group.
1. Counterclockwise rotate the origin coordinate system to align it
with α.
2. Construct a nearest-neighbor graph G of the seed region v and its
neighbor set N .
3. Find all the connected subgraph Gi containing v in G, let SRi be
the vertex set of each subgraph Gi.
4. Compute the shape discriminator in the new coordinate system
for each SRi, the one corresponding to the maximal shape discrim-
inator will be the result region group.
5. Merge the small regions in the result region group to generate a
CBR for seed region v.

Fig. 5. Different level of neighborhood, regions labeled by 1 are
the first-level, regions labeled by 1 and 2 are second-level, regions
labeled by 1, 2 and 3 are third-level.

The Fig. 6 has shown the CBR detection result by the seed based
region grouping method. Many small irregular regions have been
grouped into regular shapes. Especially, the building regions with



different intensity levels and detailed structures have been correctly
grouped. Also we can see that our method is rotation invariant.

Fig. 6. Candidate building regions with strong lines. The color used
in this image are randomly generated and allocated for each region
and line, which are only used to display the result conveniently.

4. 2-D ROOFTOP HYPOTHESES GENERATION AND
VERIFICATION

2-D rooftop hypotheses of buildings are generated by the shape of
prior building model. In this paper, we just need to generate an rec-
tangular shape for each candidate building regions(CBRs).

After getting the CBRs, we extract the strong lines for each
CBR(Fig. 6). The strong line is parallel or perpendicular with the
CBR and near the boundary of the CBR. Next, we integrate the
boundary of CBRs and these strong lines to generate a 2-D rectan-
gular rooftop hypothesis for each CBR.

In the hypotheses verification stage, the topological relationship
between buildings and their shadows are used as the main evidence
to identify these hypotheses. Another evidence includes the typical
geometrical size of building.

5. RESULT AND CONCLUSION

Fig. 7 shows experimental result of our approach. The test image
is densely build-up and the buildings in this image have many de-
tailed structures and appeared very different. From the ground truth
given manually, there are nearly 100 rectangular buildings in this
test image. It has to be noted that human cannot perfectly recognize
all the buildings in rectangular shape because of various shadows,
blurring and occlusion complications. In our result, 100 buildings(in
green) are all correctly detected, only one noise region(in yellow) is
detected as building. Among the detected buildings, about 7 build-
ings (in red) are partially reconstructed, and about 5 buildings (in
blue) are merged with noise regions. Although the buildings have
very complex patterns and structures, 100% buildings have been
correctly detected, and nearly 90% buildings have been correctly re-
constructed. The excellent results demonstrate the effectiveness and
validity of our algorithm.

It is very challenging to extract buildings from such a complex
scene with such a large number of buildings. The performance of
our method is promising. We think the good performance of our ap-
proach comes from: first, our method is designed for only one shape
building class. Secondly, construction of prior building model make

Fig. 7. Experimental result of test image. Green frame: building
detection and reconstruction results; Red frame: detected buildings
which are not completely reconstructed; Blue frame: detected build-
ings which are merged with noise; Yellow frame: noise regions
which are detected as buildings.

our method take use of prior knowledge. Thirdly, the texture and
shape features we have selected and designed are very appropriate
for building detection problem.

However, there are still some limitations in our method. First,
the detected results are dependent on the initial over-segmentation
and line detection. Second, lines should be used in combination, and
also all lines associated with CBRs should be considered. Finally,
the building model is assumed to be simple, so buildings with com-
plex shape and structures cannot be correctly reconstructed in our
current algorithm. These will be our future research focus.

6. REFERENCES

[1] Helmut Mayer, “Automation object extraction from aerial im-
ageryca survey focusing on buildings,” CVIU, vol. 74, pp. 138–
149, May 1999.

[2] J.B.Mena, “State of the art on automatic road extraction for gis
update,” Pattern Recognition Letters, vol. 24, pp. 3037–3058,
Dec. 2003.

[3] T.Kim and J-P. Muller, “Development of a graph-based ap-
proach for building detection,” Image and Vision Computing,
vol. 17, pp. 3–14, Jan. 1999.

[4] S.Noronha and R. Nevatia, “Detection and modeling of build-
ings from multiple aerial images,” IEEE Trans. Pattern Anal.
Machine Intell., vol. 23, pp. 501–518, May 2001.

[5] ZuWhan Kim and Ramakant Nevatia, “Automatic description
of complex buildings from multiple images,” CVIU, vol. 96, pp.
60–95, Oct. 2004.

[6] A.EL-Baz, R.M.Mohamed, and A.A.Farag, “Shape-constraint
for accurate segmentation in remote sensing imagery,” Prof.
of International Conference on Information Fusion, vol. 2, pp.
1154–1161, 2005.

[7] D.Comaniciu and P.Meer, “A robust approach toward feature
space analysis,” IEEE Trans. Pattern Anal. Machine Intell., vol.
24, pp. 603–619, May 2002.

[8] A.R. Hanson J.B. Burns and E.M. Riseman, “Extracting straight
lines,” IEEE Trans. Pattern Anal. Machine Intell., vol. 8, pp.
425–455, 1986.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 36
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 36
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 36
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU (Use these settings with Distiller 7.0 or equivalent to create PDF documents suitable for IEEE Xplore. Created 29 November 2005. ****Preliminary version. NOT FOR GENERAL RELEASE***)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


