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The paper considers an approach to detection of buildings and structures in the satellite
imagery. The proposed method performs the extraction of high objects in a digital surface model and
then improves the recognition accuracy using the segmentation of spectral information. The results
of the quality comparison of the proposed approach with using different image segmentation
algorithms are presented.
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Introduction. The analysis of satellite images is an extremely time consuming process, which
makes it urgent to develop methods of automatically extracting and interpreting the information
required in a particular task. One of such tasks is the detection of buildings and structures in satellite
images of the Earth's surface that occurs in such fields as cartography, navigation of aircrafts and
others. There is a wide variety of approaches for solving it, for example based on the analysis of
textures and image contours [1], or using image recognition algorithms [2, 3].

Variability of the shape and appearance of structures does not allow solving the problem of
their detection in satellite images with the required accuracy at the present time. However, the use of
the heights of objects in the scene can lead to a significant improvement of the recognition quality.
In this paper, we investigate the method of combining spectral and height information, which uses
the texture segmentation of images to refine the boundaries of objects found from the height map.
The proposed algorithm was tested on the orthorectified four-channel satellite image of the Earth's
surface (red, blue, green, near-infrared channels), as well as height data in each pixel (height map)
obtained from a pair of satellite images using a stereo matching algorithm [4]. Figures 1, 2 show the
examples of the initial data.

This paper is organized as follows. Section 1 is devoted to a review of image segmentation
algorithms. Section 2 provides the description of the method for extracting high objects from a height
map. This information is subsequently used to classify regions obtained by segmentation algorithms.
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Section 3 compares the quality of the building detection method using the segmentation algorithms
described in section 1.

1. Image segmentation algorithms. Segmentation is used to pre-process images in many
computer vision problems, since it allows to analyze homogeneous and holistic regions for a certain
characteristic instead of separate pixels of an image. The characteristics used to split the image can
be very different: color, texture, etc. The variety of approaches to solving the segmentation problem
can be divided into the following groups: clustering (Mean Shift [5]), algorithms on graphs
(Normalized Cuts [6], SWA [7]), region splitting and merging (gPb-owt-ucm [8], MCG [9]),
algorithms using artificial neural networks (COB [10]).

To compare the quality of the segmentation algorithms, there are image databases, the most
popular of which are BSDS500 [8] and PASCAL VOC [11]. It should be noted that such databases
include images containing several large objects in the foreground, and the quality of the algorithms
on images containing a large number of small objects is not investigated. Satellite images of the urban
landscape can serve as an example of such images. For this reason, it is important to study the quality
of segmentation algorithms in such cases.

In [12], algorithms [5-8] were compared and the best results on satellite images were shown
by the SWA and gPb-owt-ucm algorithms (Figures 3 and 4). In this paper, the MCG and COB
algorithms, which demonstrated the best result on image databases, were also considered (Figures 5
and 6). However, the COB algorithm showed low quality of segmentation on satellite images. The
work of the COB algorithm is based on the processing of the data obtained from the artificial neural
network of the special architecture, so the low quality of its result can be related to the need for
retraining of the neural network on satellite images as its training was done on the BSDS500 and
PASCAL VOC sets.
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The considered algorithms demonstrate the high quality of segmentation, but they do not take
into account information about object heights. To test the influence of height data on the result of
satellite image segmentation, we developed an algorithm based on the idea of combining pixels in the
region on the basis of the closeness of their brightnesses and heights. Figure 7 shows the segmentation
produced by the algorithm.

The algorithm receives a four-channel image and a height map. The following sequence of
steps is performed.

1. Median filtering of the image.

2. Preliminary selection of a region. Looping through all pixels in the image is performed.
Beginning with the considered pixel, we execute a recursive search for neighboring pixels with a
close height and brightness (in 4-dimensional space). Further, mode values of the height and each of
the four channels are calculated separately on the found region.

3. Selection of the region. In the obtained region, we select a point having a height exactly
equal to the calculated mode of height and the closest brightness to the modes of each channel. Such
a decision is due to the fact that the modes cannot coincide with the spectral and height data. Then,
from the found point, we construct a new region by repeating the operations from step 2, and fill the
new region with the color of the computed mode values.

4. Repeat steps 2-3. Due to the noisiness of the input data, the regions obtained by this
algorithm will have a small area. The repetition of the segmentation procedure will allow us to merge
the regions into larger ones.
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5. Small region removal. As a result of the brightness or height discontinuity, regions with a
negligible area can remain. Such regions are combined with neighboring ones in such a way that the
region to which the points are added has a larger area, and its height and brightness are as close to the
points being added as possible. This procedure is performed for regions in order of increasing area.

After segmenting the satellite image (using this algorithm or one of the above), it is necessary
to determine whether the obtained regions belong to buildings and structures. For this purpose, in the
next paragraph, a description of the algorithm for extracting high regions from the height map will be
given.

2. Extraction of high regions. 1. Search for height differences. For each pixel p of the
height map with the height value h, we consider its one-dimensional neighborhoods O;”(p)and
Oj (p) of the radius d in horizontal and vertical directions. For the pixels p, €O, ( p) , we calculate
Ah =h —h,,i e[-d,d —1] where the index 0 corresponds to the point p, which is the center of the
neighborhood. And if Ah, =max Ah, either Ah, = min Al or |Ahy|>T, then the point p is marked as

having a significant height difference. We do not consider the points at which the minimum and
maximum are simultaneously reached, since they are the errors in the height map.

2. Obtaining high regions. On the points that have a significant height difference, we construct
line segments, which will form the target regions. For the construction of these line segments, we
search horizontally and vertically in forward and backward directions on the height map for points
with a height difference upward. Then we begin to draw a line segment from each selected point that
goes:

e to the point with the height difference upward, the value of which is added to the value of the
difference at the starting point. Then the construction of the line segment continues;

e to the point at which the height value is less or close to the height value at the beginning of
the line segment;

e before accumulating the maximum possible length of the line segment.

Performing this procedure in the forward and backward directions (from left to right and vice
versa, from top to bottom and vice versa) allows us to find even those regions of buildings in which
one of the sides can be blurred due to the influence of noise.

Then, the points of segments that selected only horizontally or vertically are discarded. The
remaining points of segments form regions. We select only those of them that contain at least one
point with a significant height difference. This operation allows to reject the false intersections of
vertical and horizontal segments.

3. Refinement of the form of the found regions. We consider connected regions in the height
map, all points of which have the same height. If more than half of the points of the region were
marked as high in the previous step, the remaining points of the region are also marked as high. Thus,
the boundaries of the detected regions are smoothed and false alarms associated with slopes of hills
and other sharp differences of the terrain height are rejected. The regions with small area are removed
from consideration.
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Flg 9. The orlglnal |mage (Ieft) and the vegetatlon extracted using the NDVI (right). In the
presented fragment there are false alarms on the buildings.

4. Extraction of buildings among the found high regions. Not only buildings and structures,
but also high vegetation (trees) are related to the detected high objects. The normalized difference
vegetation index (NDVI) [13], which is calculated from the red and infrared channels of a satellite
image, effectively separates vegetation from other objects in satellite images. However, in addition
to vegetation, this index also extracts buildings that will lead to skipping objects when the building
detection algorithm is running. Figure 9 illustrates examples of false alarms of the NDVI. To solve
this problem, it is necessary to perform additional color filtering of the vegetation extracted using the
NDVI.

The result of the high region extraction in the height map is presented in Figure 8.

3. Building detection. As mentioned earlier, our aim was to detect buildings and structures.
Performing the segmentation procedure allows to split a satellite image into homogeneous regions,
however, buildings can be covered by several regions. The detection of high objects in the height map
allows us to extract the object entirely, but with low accuracy of boundary localization. It is suggested
to combine the outputs of high region extraction and segmentation algorithms as follows: if more
than 75% of the pixels of the segmented region are marked as high, then the whole region is
considered high. This makes it possible to increase the accuracy of object localization and reduce the
number of false alarms (on regions of trees closely adjacent to buildings). Figure 10 shows the results
of the proposed approach using different segmentation algorithms.

To assess the quality of the algorithm, the extracted regions of buildings are compared with
the manual markup. The following criteria are used for this:

1. Intersection over Union (also known as the Jaccard Index), which sensitive to the accuracy of
localization of the detected objects:

mR|
uR|

Obj

loU =

Obj

where S, — the found regions of buildings, and R — the manual markup.
2. The percentage of found buildings N,

R

.. |Sobj M
3. Precision = ————
obj

S
and recall =

The results of the comparison can be observed in Table. 1.
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Table 1.
Comparison of building detection quality using different segmentation algorithms
Segmentation algorithm loU Nobj Precision Recall
Hl_gh region extract_lon 0,60 0,94 0,66 0,86
without segmentation
Proposed se_gmentatlon 0,62 0,90 0,72 0,83
algorithm
SWA 0,54 0,65 0,75 0,65
gPb-owt-ucm 0,42 0,34 0,76 0,47
MCG 0,52 0,22 0,79 0,62
COB 0,51 0,35 0,81 0,59

The proposed segmentation algorithm, which differ only in the use of the height data,
demonstrates better quality of the object localization (the highest value of IoU) than more
sophisticated, but less specialized segmentation algorithms. Therefore, it almost certain that using
height data will improve the quality of these algorithms.

Fig. 10. The results of building detection using different segmentation algorithms. For the building
detection the outputs of segmentation and high region extraction algorithms were combined. The
detected buildings are displayed in black, the manual markup in red, the regions obtained by the

high region extraction algorithm in blue.
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Conclusion. In this paper, we proposed the approach for building detection based on the
processing of a height map and a segmentation of satellite images. The findings of this study suggest
that the use of height data allows to significantly improve the quality of segmentation algorithms on
satellite images. Further work is planned to modify the considered segmentation algorithms to take
into account height data. It is worth noting that the result of building detection also depends on the
stereo matching and vegetation detection algorithms and applying more advanced methods will lead
to a reduction in the number of missing objects.
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Pabora mocsimeHa 3amade OOHAapY)KEHUS CTPOCHUH M COOPYKEHHH Ha CIYyTHUKOBBIX
CHUMKax 3eMHOW MoBepxHOCTH. [Ipemiaraercst cxema auroputMma, OCHOBAHHOTO Ha BBIICICHUU
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