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Abstract: High-rise buildings (HRBs) as modern and visually unique land use continue to increase
due to urbanization. Therefore, large-scale monitoring of HRB is very important for urban plan-
ning and environmental protection. This paper performed object-based HRB detection using high-
resolution satellite image and digital map. Three study areas were acquired from KOMPSAT-3A,
KOMPSAT-3, and WorldView-3, and object-based HRB detection was performed using the direction
according to relief displacement by satellite image. Object-based multiresolution segmentation im-
ages were generated, focusing on HRB in each satellite image, and then combined with pixel-based
building detection results obtained from MBI through majority voting to derive object-based building
detection results. After that, to remove objects misdetected by HRB, the direction between HRB in
the polygon layer of the digital map HRB and the HRB in the object-based building detection result
was calculated. It was confirmed that the direction between the two calculated using the centroid
coordinates of each building object converged with the azimuth angle of the satellite image, and
ﬁ:edcgtfgsf results outside the error range were removed from the object-based HRB results. The HRBs in satellite
images were defined as reference data, and the performance of the results obtained through the
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proposed method was analyzed. In addition, to evaluate the efficiency of the proposed technique,
it was confirmed that the proposed method provides relatively good performance compared to the

Building Index and Digital Map. results of object-based HRB detection using shadows.
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Accepted: 6 January 2022 Due to urbanization, approximately 55% of the world’s total population currently
Published: 11 January 2022 lives in cities, and this proportion is estimated to reach 66% by 2050 [1]. The increase in
Publisher’s Note: MDPI stays neutral  POpulation due to urbanization naturally resulted in an increase in buildings in cities, which
with regard to jurisdictional claims in ~ 1eads to a decrease in vegetation areas in cities and an increase in impervious surfaces [2].
published maps and institutional affil- ~ In particular, high-rise buildings (HRBs), which primarily serve as luxury commercial
iations. centers and residential apartments, continue to increase, as they have clear advantages in
improving resource and energy efficiency [3]. Because these rapid land changes change
major ecological ramifications that have not yet been studied, timely and accurate analysis
- of urban development status and trends through the detection of HRB in urban areas is
very important when developing sustainable development strategies and improving urban
residential environments and quality of life [4,5].

Various previous studies have proven that remote sensing is an efficient method of
monitoring urban dynamics on various temporal and spatial scales [6,7]. Building and
urban analysis through remote sensing have traditionally focused on simple land covers,
such as classifications between impervious surfaces (artificial structures) and vegetation ar-
eas [8]. Alternatively, analyses have been performed using a pixel and object-based method
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that includes both spectral and spatial information from high-resolution images [9,10].
However, buildings in urban areas have always faced challenges in terms of accuracy and
efficiency due to building diversity and complexity. Various types of buildings on the
ground surface may result in inaccurate detection results due to their irregular shapes. For
example, due to high building density, different buildings may be detected as one building,
or detection errors may occur due to shadows or roads near the buildings [11-13]. All of
these problems are due to the heterogeneity of the spectral information present within
objects of the same class, as well as the complexity of spatial information [12]. Although
the recent development of low-orbit satellites has made it easier to acquire high-resolution
images with hyperspectral characteristics, this improvement does not necessarily mean
that high-resolution images produce high-quality analysis results [14].

In this context, it is necessary to continue to develop a method for automatically
or semi-automatically detecting buildings in high-resolution images. Building detection
in high-resolution image that has been conducted over the past decades can be largely
divided into different methods based on whether auxiliary data are used or not. The
first category detects buildings using only remote sensing images acquired from drones
or satellites. Reference [15] detected buildings using various knowledge-based object
extraction methods, and [16] discussed building reconstruction from a data perspective.
Alternatively, methods such as morphological profiles [17-19], gray-level simultaneous
occurrence matrixes [20], and wavelet textures [21] use a building’s spatial characteristics.
In the second category, data sources, such as LiDAR, the digital surface model (DSM),
and synthetic aperture radar (SAR), are used as auxiliary data when detecting buildings.
To classify land and buildings, the morphological analysis of terrain was studied using
optical images and LiDAR data [22], or buildings were automatically extracted using
LiDAR data fusion of dot and grid-based features [23]. Furthermore, DSM was generated
using multitemporal LiDAR data [24] and building detection and change detection were
performed using SAR images [25,26].

Despite the preceding studies of various methods of building detection, additional
studies on HRBs are far behind those of other urban characteristics, and detection is more
difficult because building positions vary due to relief displacement [27]. This geometric
difference between relief displacement and nadir angle is sensitive and difficult to apply
when applying not only building detection but also many unsupervised change detection
techniques, because even the same building recognizes the building as different build-
ings [28]. In this way, buildings with relief displacement in urban monitoring, such as
change detection, act as an obstacle to accurate analysis. For accurate urban analysis,
HRBs with relief displacement should be classified through separate processes, and even
though they are the same buildings, it is necessary to detect building objects detected as
different objects due to different relief displacement directions. Recently, deep learning
based on artificial neural networks has been implemented, and various studies have been
conducted to extract buildings from satellite images, thermal infrared images, and LiDAR
data and recognize 3D building models [29]. Deep learning may be effective in detect-
ing and restoring buildings using LiDAR data or thermal infrared images, but most of
the analysis of images containing buildings with relief displacement uses fusion images
or cross-sharpening [30,31]. Furthermore, HRB detection is a key study area, as studies
show that small and complex HRB geometries can lead to increased spread of infectious
diseases [32,33]. Therefore, this study attempted to propose a method of preferentially
detecting HRBs with severe relief displacement.

Therefore, in this study, object-based HRB detection was performed in high-resolution
image using morphological building index (MBI) that can automatically represent the
existence of buildings without training data or supervision in high-resolution images
and digital map. In the context of large-scale HRB monitoring, there is no international
definition of an HRB, so in this study, HRB were defined in accordance with Article 2 (1) 19
of the Building Act of the Republic of Korea. In the “Section 2”, the order of the proposed
method, the explanation of the digital maps used as auxiliary data for detecting HRBs, and
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the choice of study area are described. In the “Section 3”, the results from previous studies
are compared to evaluate the accuracy of the proposed method. In addition, significance
and implications of this study are described, and the thesis is completed with the last
chapter, “Section 4”.

2. Methods and Materials

In this study, object-based HRB detection was performed. For the study, satellite im-
agery was acquired using high-resolution satellite imagery and digital maps depicting the
study area. Prior to conducting the study, the coordinates between the satellite images and
digital maps were unified using a preprocessing process. The satellite imagery used in the
study were acquired through KOMPSAT-3A, KOMPSAT-3, and WorldView-3, respectively,
all of which follow the WGS84 coordinate system. On the other hand, the digital maps
used a GRS80 coordinate system. To unify the coordinates between the two, the satellite
images were coordinated and projected onto the coordinates of the digital map. After that,
for the primary building detection, the MBI, which can automatically represent buildings
in high-resolution satellite images, was calculated and divided into building pixels and
non-building pixels using the Otsu threshold [34]. At the same time, to detect object-based
HRBs, an object-based segmentation image was created using a multiresolution segmenta-
tion technique on the high-resolution satellite imagery. Thereafter, majority voting was used
to expand the pixel-based building detection result from MBI to an object-based building
detection result. For the object-based building detection result generated in this way, a
digital map was used to remove misdetected objects (e.g., road, shadow etc.) and low-rise
building (LRB) objects. During this process, the centroid coordinates of detected HRBs in
the satellite image and digital map were extracted and the direction between the two was
calculated; then, the final object-based HRB detection result was derived by comparing it to
the satellite’s azimuth angle when the satellite image was taken. After detecting the same
HRB in the digital map and satellite images, if the two buildings were the same building,
the direction between the two converged with the direction of undulating displacement by
the satellite’s azimuth angle, otherwise removed from the detection results (Figure 1).
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Figure 1. Flowchart of the proposed method.

2.1. Multiresolution Segmentation

When analyzing high-resolution imagery, pixel-based analysis causes salt and pepper
noise and has the disadvantage of not being able to utilize feature information, which is
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an advantage of object-based analysis [35,36]. Therefore, in this study, multiresolution
segmentation was used to effectively detect object-based HRBs using high-resolution
imagery. This process generates a divided image by considering not only the spatial
resolution but also the spectral resolution when creating an object. The most fundamental
process of multiresolution segmentation grows pixel-sized small image objects into highly
correlated adjacent pixels and uses a bottom-up strategy that selects arbitrary pixels that
are best suited for potential mergers; this process is then repeated until all of the pixels in
an image are grouped into highly related objects. During this process, three parameters
are used, the first of which is the scale parameter. Scale parameters are parameters that
affect an object’s size when performing multiresolution segmentation; the object is divided
into larger objects as the scale parameter increases. The second parameter includes both
shape and color, which are inversely proportional to each other, and their sum is 1. The
larger the shape parameter, the greater the influence of the object’s shape on the generation
of the segmentation image, and the larger the color parameter, the greater the influence
of the spectral characteristics on the generation of the segmentation image. Finally, the
compactness/smoothness parameter is a parameter that describes the object’s shape, and
it is inversely proportional to the shape/color parameter. The compactness/smoothness
parameter is affected by the shape parameter, and if both the shape and compactness
parameters are high, the shape parameter greatly affects the division result and forms a
dense object. The optimal parameter for generating a segmentation image depends on the
characteristics of the sensor, the purpose of data analysis, and the characteristics of the
object of interest [37].

2.2. Object-Based High-Rise Building Candidate Detection Using the Morphological
Building Index

2.2.1. Morphological Building Index

The basic idea of MBI is to establish a relationship between a building’s spectral
structural characteristics (brightness, size, and contrast) and the top-hat transformation
(THT), granularity, and directivity [38]. The primary advantage of MBI is that it can be
implemented without a training sample for buildings on the ground surface because it is
an unsupervised building index [39,40]. In this study, the MBI introduced in [39] was used.
The first step for generating an MBI is calculating the brightness value. The maximum
value of the multispectral band for pixel x is calculated as a brightness value, which is
calculated by Equation (1) using only visible bands to omit the multispectral band used in

the MBI calculations.
max

bix) = | 1 (Mi(x) 0

where My (x) represents the spectral value of pixel x in the k — th spectral band and K
represents the number of multispectral bands.

The second step is MBI construction. The spectral structural characteristics of the
building are expressed using the differential morphological profiles (DMP) of the top-hat,
which are reconstructed using a series of linear structural elements. The morphological
operators used in the MBI configuration are as follows:

White top-hat (W — TH) by reconstruction (Equation (2)):

W—-TH(d, s) =b—vy(d, s) ()

where v{® is the opening-by-reconstruction of the brightness image (b), and s and d rep-
resent the length and direction of the linear structural elements. A difficult task when
constructing a building index is to automatically filter out roads with spectral reflectance
values that are very similar to buildings. While buildings are more isotropic, roads are
always elongated in one or two directions. Therefore, the MBI is implemented using a
series of linear structural elements that can measure a structure’s size and direction [41].
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Morphological profiles (MP): The MP of the W — TH is defined by Equation (3):

{ MPyw_tx(d, s) = W — TH(d, s) €)
MPyw _tx(d, 0) =b '

DMP: The relatively high reflectance of roofs and their spatially adjacent shadows
result in high local building terrain. The DMP [17] of a white top-hat is used to indicate the
local contrast of a bright structure. The DMP of the W-TH is defined by Equation (4):

DMPyw_tH(d, s) = [MPw_tu(d, (s + As)) — MPw_1u(d,s)| 4)

where As is the interval between the profiles and spin, <'s < smax. The sizes of the structural
elements (As, Smin and smax) should be determined according to the spatial resolution of
the image and the building’s spatial characteristics.

As a final step, the MBI is defined as the DMP average of the W-TH (Equation (5)).

Zd, s DMPW,TH(d, S)
D xS

MBI = ©)
It is calculated by dividing the sum of DMPw_T1(d, s) by the product of direction (D)
and scale (S). In this study, four directions (D = 4) were considered to increase the accuracy
of building detection with undulating displacement [39].
The number of scales is calculated as follows (Equation (6)):

S = ((Smax — Smin)/As) + 1. (6)

The construction of the MBIl is based on the fact that building structures have larger
values in most directions of the DMPw_ry histogram because they exhibit high local
contrast in these directions. As a result, buildings often exhibit large MBI values.

Afterwards, the threshold is calculated using the Otsu threshold. Based on this
threshold, when the MBI value of each pixel is above the threshold value, it is detected as a
building, and the pixel-based building detection result is derived.

2.2.2. Majority Voting

Majority voting was used to expand the pixel-based building detection result obtained
by the previously generated MBI to the object-based building detection result using the
segmentation image. The leftmost figure in Figure 2 is a building detection image generated
based on the Otsu threshold in the MBI, where 1 is a pixel classified as a building, and 0 is
a non-building pixel. This binary image is overlaid with the multiresolution segmentation
image, which is the middle in Figure 2. The multiresolution segmentation image has a value
based on an object (blue line), not a pixel value (black line). As shown in the rightmost
figure of Figure 2, which is the result of majority voting, if the building pixel of an object in
the segment image is more than half of the object area, the object is judged as a building
object. Otherwise, the object is judged as a non-building object.

Pixel-based building detection Multi-resolution segmentation Object-based building detection
by MBI image by majority voting

Figure 2. Basic concept of majority voting.
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Relief displacement direction = {

2.3. Final Object-Based High-Rise Building Detection Using Digital Maps

This section describes the process used to detect only HRBs in the MBI-based object-
based building detection results. Today’s satellites provide metadata regarding the sun’s
azimuth and elevation angles as well as the azimuth and elevation angles of the sensor
when images are taken. In this study, this data was used to detect HRBs. As shown in
Figure 3, the direction of a building’s relief displacement occurs on the opposite side of the
sensor azimuth angle of the satellite image depicting the study area (Equation (7)).

azimuth angle of sensor+180°, if azimuth angle < 180°
azimuth angle of sensor — 180°, if anzimuth angle > 180°

@)

Building
direction

Buling

Azimuth
angle

——pm————

Y

N.
"O

’

Figure 3. Direction of a building’s relief displacement according to the azimuth angle of the sen-
sor [42].

HRBs form an inclined shape in the direction calculated in Equation (7). On the other
hand, HRBs in digital maps are depicted as overhead views as in orthophoto images. Using
this information, if a building exists in the relief displacement direction of an HRB object in
a satellite image from the HRB object on a digital map, the two were considered to depict
the same building.

Then, for two building objects, the centroid coordinate value of the building in the
satellite images (Xp,, Yp,) and the centroid coordinate value of the building in the digital
maps (Xp,, Yp,) were calculated, and the direction (6) between the two coordinates was
calculated as shown in Equation (8).

Yo, — Y, |
0 — tan ! ’ by by 8
" <|sz = Xp, | ®

In the digital map and satellite images, the relationship between the same buildings
forms is as shown in Figure 4, and the directions between the two converge on the direction
of the buildings’ relief displacement are as calculated using Equation (7) [42]. Using these
properties, only HRBs were detected in the study area.
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High-rise building object
with relief displacement /

N (Xp2, Yb2)

X0 )

¥~ Digital map of
high-rise building

Figure 4. Calculation of the direction between a building and the digital map using its centroid
coordinates.

2.4. Research Area and Data

In this study, an object-based HRB detection method for high-resolution satellite
images using digital maps is proposed. Areas with different coverage characteristics were
selected as the study areas to confirm the effectiveness of the proposed method when
addressing various building positions and environments around the building. All of the
regions were different and were acquired from different satellites.

Site 1, the first study area, was acquired using the KOMPSAT-3A satellite and is in
Gwangju, Korea, where LRBs and HRBs are concentrated. This satellite image is character-
ized by a mixture of small alleys, roads, and shadows, as well as buildings of various sizes
and shapes, making it somewhat difficult to visually identify HRBs (Figure 5a).

The second study area is in Sejong, Korea and was acquired using KOMPSAT-3 (Site 2).
Unlike Site 1, most artificial structures located on the ground are HRBs, and they contrast
clearly with objects such as rivers, rice paddies, and mountains.

Site 3, the last study area, was acquired using the WorldView-3 satellite and is in
Busan, South Korea. Similar to Site 1, HRBs and LRBs are located together, but due to the
resolution of the satellite sensor and the area’s topographical characteristics, it is easier to
visually identify LRBs and HRBs in the images compared to Site 1.

In the study, blue, green, red, and near-infrared bands from the satellite images and
metadata (e.g., the azimuth angle of the satellite and the sun) were used (Table 1). In
addition, a digital map was used as auxiliary data when detecting HRBs. This digital
map uses a computer system to construct a digital representation of various geospatial
information such as the location of the surface, underground, underwater, and space, as
well as the topography, geographical features, and geographical names. The digital map of
Korea was produced and managed by the National Geographic Information Service under
the Ministry of Land, Infrastructure and Transport. The 1:5000 scale digital map used in
this study is renewed every two years, and in the case of large buildings or roads, it is
modified every two weeks. In the building polygon layer provided by the digital map, only
HRBs according to the Korean Building Act (i.e., the architecture with more than 30 floors
or more than 120 m high) were classified and used in this study. The HRBs defined in the
digital map were overlaid with red polygons on the satellite images and expressed visually
(Figure 5).
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LT

Figure 5. Satellite images and digital maps of the study areas: (a) KOMPSAT-3A image (Site 1);
(b) KOMPSAT-3 image (Site 2); and (c) WorldView-3 image (Site 3).
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Table 1. Specification information of the sensors.

Sensor KOMPSAT-3A KOMPSAT-3 WorldView-3
Acquisition date 25 September 2018 26 February 2019 2 November 2016
Resolution 22m 2.8 m 1.24m
Blue: 450-520 nm Blue: 450-900 nm Blue: 450-510 nm
Spectral bands Green: 520-600 nm Green: 520-600 nm Green: 510-580 nm
Red: 630-690 nm Red: 630-690 nm Red: 630-690 nm
NIR: 760-900 nm NIR: 760-900 nm NIR: 770-890 nm
Image size 1090 x 1050 pixels 1154 x 995 pixels 1682 x 1547 pixels
Sensor Azimuth 285.6° 207.6° 204.4°
angle Elevation 89.6° 62.3° 63.7°
Sun Azimuth 208.1° 198.5° 170.6°
angle Elevation 50.0° 47.5° 39.7°

3. Results and Discussion
3.1. Evaluation Criteria

The amount of data between building objects and non-building objects in the study
area used in this study is imbalanced. Therefore, the accuracy assessment of the building
extraction results was performed using a confusion matrix, a model performance evaluation
indicator, and the Kappa coefficient, which identified the consistency between the binary
images. In the confusion matrix, building objects and non-building objects in the reference
data were defined as condition positive (CP) and condition negative (CN), respectively.
Similarly, building and non-building objects in the detection results were defined as pre-
diction positive (PP) and prediction negative (PN), respectively. Furthermore, buildings
in both the reference data and results are labeled as true positives (IPs). Buildings in
the reference data that were classified as non-buildings in the results are labeled as false
negatives (FNs). In the reference data, non-building classes that were not classified as
buildings in the results are labeled as true negatives (TNs). Non-building objects in the
reference data that were categorized as building objects by the method are labeled as false
positives (FPs) (Table 2).

Table 2. Confusion matrix.

Reference Data
Condition Positive (CP)  Condition Negative (CN)
True Positive (TP) False Positive (FP)
False Negative (FN) True Negative (TN)

Prediction Positive (PP)
Results

Prediction Negative (PN)

From the confusion matrix, we identified the false alarm, miss rate, and F1-score. The
false alarm calculates the proportion of non-buildings that were misdetected as buildings
(Equation (9)), and the miss rate calculates the rate at which buildings were detected as non-
buildings (Equation (10)). Precision refers to the percentage of buildings in the classification
results that were also classified as buildings in the reference data (Equation (11)). Recall
refers to the percentage of buildings in the reference data that were also classified as
buildings in the classification results (Equation (12)). The Fl-score was calculated as
the harmonic mean of the precision and the recall (Equation (13)). Additionally, the
Kappa coefficient, which determines how similar the findings are to the reference data
(Equation (12)), was calculated to assess the accuracy.

FP

False al = ——
alse alarm = =

©)

FN
. _ BN 1
Miss rate = CP (10)
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Precision = % (11)

Recall = g (12)

w
0= TP+Ifll\jli"Tr§+PP 14)

_ PP xCP+CN x PN

Pe = 1

¢ TP +FN+ TN + FP (15)
_PO*Pe

Kappa = 1P, (16)

To evaluate the accuracy of the proposed method, after classifying the HRBs polygon
layer in the digital map, reference data for HRBs were generated based on this data. The
reference data were generated for objects, which are HRBs, in satellite images, not in the
form of footprint as in digital maps, which includes both sides and roofs of the building.

3.2. Results

In this study, object-based HRB detection was performed on three research areas with
different topographic characteristics and land cover using the same proposed method. As
a result, the study results differed depending on the characteristics of the topography, and
through these differences, it was possible to compare and analyze the advantages and
disadvantages of using the proposed method.

Multiresolution segmentation was applied to the satellite images to detect object-based
HRBs (Figure 6). The focus was on HRB objects in generating segmentation images. When
applying multiresolution segmentation, the scale parameters were selected by considering
the size of the building objects located in the study area, and shape and compactness
parameters, were set to 0.1 and 0.5, respectively, which are the default values when dividing
multiresolution segmentation (Table 3). Setting all the same default values could lead to
better results in segmenting HRB objects than setting different shape and compactness
parameters for each study area.

(b)

Figure 6. Multiresolution segmentation images: (a) Site 1; (b) Site 2; and (c) Site 3 imagery.

Table 3. Multiresolution segmentation parameter values by site.

Site No. Scale Shape Compactness Number of Objects
Site 1 180 0.1 0.5 2468
Site 2 180 0.1 0.5 1774

Site 3 150 0.1 0.5 2171
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At the same time, the MBI was calculated to detect buildings in the study areas, and
the results are shown in Figure 7. Thereafter, the Otsu threshold value in the MBI of each
image was calculated, and the Otsu thresholds of each site were 0.1961, 0.4431, and 0.4549, in
order. When pixels with values greater than or equal to the threshold value were classified as
building pixels, to expand the pixel-based building detection result to objects, the majority
voting process was performed, and the results are shown in Figures 8, 9 and 10b.

(b) (c)

Figure 7. Morphological building index images: (a) Site 1; (b) Site 2; and (c) Site 3 imagery.

In this study, a confusion matrix was used to calculate the accuracy of building
detection. The reference data used for accuracy evaluation identified only HRB objects
on the digital map and expressed them as binary images. To evaluate the performance of
the proposed method, a comparison with a previous research method used for building
detection, which uses shadows, was also conducted [42]. In previous studies, shadow
objects were extracted by calculating the shadow intensity [43] using the blue band (B) and
green band (G), as shown in Equation (17), after detecting object-based building candidate
groups. After that, the final building object was detected by calculating the direction
between the building object and the shadow. In this chapter, only the rough status of
the study results is discussed, and a detailed analysis is provided in the next chapter,

“Section 3”.
4 ~1(B-G
17
¢ T tan (B + G) (17)

Figures 8d, 10 and 11d show the detection of HRBs using a digital map based on the
results of object-based building detection; the results were produced based on the MBI
calculated for all the study areas. During this process, after matching the same buildings
with each other on the digital maps and satellite images, the misdetected building objects
were removed by calculating the direction between the two. In the case of Site 1, the
azimuth of the KOMPSAT-3A sensor was 285.6° when the study area was imaged. Using
Equation (7), it was determined that the approximate direction of the buildings” relief
resulting from displacement was 105.6°. In fact, the average value of the direction between
the HRB detected by the MBI on the digital map was 105.2°, and when the outlier value
was removed, the maximum value was 106.4 and the minimum value was 104.8°. The HRB
detection results from Site 1 are shown in Figure 8, and the accuracy evaluation results
are summarized in Table 4. Overall, the HRB detection accuracy is high when using the
proposed digital map, but it has a value of approximately 0.7 in terms of F1-score or Kappa
coefficient, which represents the overall detection accuracy. Of course, this accuracy is
higher than when only MBI was used for HRB detection or when shadows were used, but
overall, it cannot be said to be a good result [44].



Remote Sens. 2022, 14, 330 12 of 19

e
=
=
e =
J

5
eyl

i

th
T
1
! I“!‘t‘]}f\t g

g7

ll ‘l

Figure 8. HRB detection results from Site 1. (a) Reference data; (b) HRB detection result by MBI,

(c) HRB detection result by MBI with shadow intensity [42]; and (d) HRB detection result by MBI
with digital maps.

Table 4. Accuracy of HRB detection for Site 1.

HRB Detection HRB Detection HRB Detection
Methods Result by MBI Results by MBI with Results by MBI with
y Shadow Intensity [42] Digital Map
False alarm 0.0525 0.0211 0.0102
Miss rate 0.3445 0.3874 0.2416
Fl-score 0.4744 0.6217 0.7741
Kappa 0.4422 0.6180 0.7601

Site 1 is an area where HRBs and LRBs are mixed. As a result, it was difficult to
distinguish between adjacent roads and buildings, and visual identification between HRBs
and LRBs was also difficult. In this area, due to shadows or adjacent roads with similar
spectral characteristics, roads and shadows were included in the building objects, or
buildings were included in the road or shadow objects, when generating segmentation
images through multiresolution segmentation. As a result, even if a digital map was used,
the derived result included distorted building objects (Figure 9). As a result, the accuracy
of the final HRB detection result was lower compared to other study areas.
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Figure 9. Example of high-rise building detection result due to incorrect segmentation. (a) Location in
satellite image; (b) reference data; and (c) high-rise building detection result by MBI with digital maps.

The azimuth angle of the KOMPSAT-3 sensor used when acquiring Site 2 is 207.6°.
Likewise, the direction of the buildings’ relief displacement on Site 2, according to Equa-
tion (7), is 27.6°. As a result of calculating the direction between the building object on
the digital map and satellite image, it was confirmed that the average value was 207.8°,
the maximum value was 209°, and the minimum value was 205.8°; these values converge
in the direction of the building relief displacement by the satellite sensor. Figure 10 and
Table 5 are the results of building detection on Site 2. When the proposed method was
used, the false alarm and miss rate of the building detection results were 0.0028 and 0.1328,
respectively, which were the lowest false detection rates. Compared to previous studies
using shadows, it can be seen that both the F1-score and Kappa coefficients increased by
approximately 12%.

Table 5. Accuracy of HRB detection for Site 2.

HRB Detection HRB Detection HRB Detection.
Methods Result by MBI Results by MBI with Shadow  Results by MBI with
Intensity [42] Digital Map
False alarm 0.0306 0.0040 0.0028
Miss rate 0.1344 0.2460 0.1328
F1-score 0.7284 0.8184 0.9138

Kappa 0.7094 0.8092 0.9084
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Figure 10. HRB detection results from Site 2. (a) Reference data; (b) HRB detection result by MBI; (c)
HRB detection result by MBI with shadow intensity [42]; and (d) HRB detection result by MBI with
digital maps.

For Site 2, most of the buildings are HRBs, and the surrounding area is bare land or
vegetation areas, which makes it easy to identify buildings. As the buildings located on
the ground are nearly white in color, it is very easy to distinguish them from the buildings’
shadows. As a result, there were fewer difficulties during the segmentation process when
compared to Site 1, and there was no difficulty in applying the proposed method. In
the case of high-rise building detection using shadows, there were undetected building
objects due to some undetected shadows; however, the overall detection accuracy was high.
Nevertheless, the HRB detection accuracy by the proposed method using digital maps was
the highest.

The WorldView-3 sensor azimuth used in the study is 204.4°, and the direction of the
Site 3 buildings’ relief displacement is 24.4°. It was confirmed that the average direction
between the building object on the digital map and satellite image was 24.7°, the maximum
value was 27.8°, and the minimum value was 21.5°; these values converge in the direction
of the buildings’ relief displacement. Compared to other study areas, the deviation in
the value from which outliers were removed is large and is considered to be the result of
Site 3's higher altitude above sea level when compared to Sites 1 and 2, which resulted in
higher relief displacement. As can be seen in Figure 11 and Table 6, the accuracy of the
building detection results according to the methods differ significantly from Sites 1 and
2. Among the three methods used in the study, the false detection rates of HRB detection
when using MBI with the shadow intensity was the highest, and the F1-score and Kappa
coefficients were 0.4037 and 0.3771, respectively. Detecting HBRs using MBI with a digital
map resulted in a very low false alarm value, 0.0020, and the miss rate was also low, at
0.1283. The F1-score and Kappa coefficients rose 37% and 46%, respectively, compared to
the use of MBI alone, demonstrating the highest detection accuracy among all study areas.
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Figure 11. HRB detection results from Site 3. (a) Reference data; (b) HRB detection result by MBI (c)
HRB detection result by MBI with shadow intensity [42]; and (d) HRB detection result by MBI with
digital maps.

Table 6. Accuracy of HRB detection for Site 3.

HRB Detection HRB Detection HRB Detection
Methods Result by MBI Results by MBI with Results by MBI with
y Shadow Intensity [42] Digital Map
False alarm 0.0815 0.1028 0.0020
Miss rate 0.1328 0.7471 0.1283
F1-score 0.6786 0.4037 0.9314
Kappa 0.6310 0.3771 0.9239

Finally, Site 3 is an area where HRBs and LRBs are mixed, similar to Site 1. However,
the satellite’s spatial resolution was higher, and the satellite sensor’s elevation is lower than
Site 1, which makes it easier to distinguish objects due to the larger size of the building
objects. As a result, it was easy to distinguish between HRBs and other objects. Therefore,
the HRB detection results using digital maps were excellent. On the other hand, unlike
Site 1, which was overdetected due to the difficulty of distinguishing between adjacent
roads and shadows, or Site 2, for which it was initially easy to distinguish shadows with
the naked eye, the shadow detection was the lowest.

During the detection of HRBs using the proposed method, there is a common char-
acteristic regardless of regional characteristics. As shown in Figure 12, some roads and
railroads were misdetected as building objects, even though roads were not misdetected
as buildings when calculating the MBI. As a result, detecting a building using only MBI
reduces detection accuracy. In contrast, for Sites 1 and 3, some of the HRBs and LRBs were
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detected and some of them were not detected, so it is thought that utilization will decrease
if object-based building detection is performed using only MBI.

(©)

Figure 12. The roads that were misdetected by the morphological building index as buildings:
(a) Site 1; (b) Site 2; (c) Site 3 imagery.

As in previous studies, when shadows are used as auxiliary data for detecting HRBs,
the experimental results vary depending on the detection accuracy of the shadow objects. In
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addition, the accuracy of the detected shadow cannot be trusted, so it is therefore unreliable
when detecting HRBs.

On the other hand, if a digital map is used as auxiliary data when detecting HRBs,
the reliability can be guaranteed as long as it is periodically renewed by a trusted related
institution, and the HRB detection results will also have high reliability as a result. However,
as in the proposed method, if a building is not found while detecting a group of building
candidates before using the digital map, the building cannot be detected even if the digital
map is used.

4. Conclusions

This study proposed an object-based HRB detection method for high-resolution images
using digital maps. To evaluate the performance of the proposed method, three areas
acquired using different satellites with different surface patterns were selected as study
areas. The MBI was calculated to detect the building candidate group, and, at the same
time, an object-based segmentation image was generated by applying multiresolution
segmentation to the satellite imagery for object-based analysis. Through majority voting,
the buildings detected in the MBI, which were based on pixels, were expanded to object-
based results, and digital maps were used to detect the final HRBs. During this process, the
buildings’ direction of relief displacement was used, and the final detected object-based
HRB detection result was compared with the HRB detection results that used shadows to
confirm the performance of the proposed method.

On Site 1, LRBs, HRBs, and roads are adjacent, and the characteristics between them
are similar, so building objects were not properly generated while constructing the segmen-
tation image. As a result, a portion of the building was detected while the rest was not
properly detected, which adversely affected the final accuracy evaluation.

Site 2 is the area where the shapes of the building objects were more discernible, and it
was the study area with the least obstacles. Similar to buildings, shadows were also easy
to detect, so the difference between the proposed method and the results from previous
studies was the smallest among the three areas.

Finally, Site 3 is an area with geographic characteristics similar to Site 1. However, it
was acquired using WorldView-3, which has a higher spatial resolution than KOMPSAT-3A,
which was used when acquiring Site 1. In addition, the satellite sensor’s elevation angle
was low, so the objects in the photographs appeared larger. Therefore, it was relatively easy
to detect HRBs using the proposed method.

As a result of selecting different regions with different characteristics as study areas
and applying the proposed method, it was confirmed that object-based HRB detection
using digital maps was highly accurate not only in areas composed of HRBs, but also in
areas with HRBs and LRBs. Furthermore, when detecting HRBs in areas where HRBs and
LRBs are mixed, the difference between the two was noticeable or the accuracy was higher
in the images with high spatial resolutions. The use of digital maps was more accurate than
when detecting HRBs by using shadows as auxiliary data, confirming the possibility of
using the proposed method in a wide field. However, there is still the disadvantage that if
a building object is omitted from the building polygon layer in the digital map during the
final HRB detection process, it will affect the result, so it is necessary to solve this problem.

It is believed that the proposed method can be used not only for detecting HRBs but
also for detecting changes in urban areas as well as monitoring HRB-based urban areas.
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