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Abstract: This study proposes the use of light detection and ranging (LiDAR) remote sensing (RS) to
support morphometric research for estimating the aerodynamic roughness length (z0 ) of building
placement on various scales. A LiDAR three-dimensional point cloud (3DPC) data processing
graphical user interface (GUI) was developed to explore the z0 and related urban canopy parameters
(UCPs) in the Incheon metropolitan area in South Korea. The results show that multi-scale urban
aerodynamic roughness exploration is viable and can address differences in urban building data at
various spatial resolutions. Although validating morphological multi-scale UCPs using dense tall
towers is challenging, emerging low-cost and efficient methods can serve as substitutes. However,
further efforts are required to link the measured z0 to building form regulations, such as floor area
ratio, and expand RS research to obtain more quantitative and qualitative knowledge.

Keywords: building placement; aerodynamic roughness length (z0); urban canopy parameters
(UCPs); morphometric method; observational method; multi-scale exploration; light detection and
ranging (LiDAR); three-dimensional point cloud (3DPC)

1. Introduction

Interest in environmental planning for sustainable futures in densely populated areas
such as metropolitan cities is increasing [1–3]. Major countries and cities worldwide are
aiming to develop low-carbon societies and implement a national spatial data infrastructure
(NSDI), which applies digital mapping as an important resource [4]. Several scholars have
used digital maps and geographic information system (GIS) applications to identify and
monitor the spatial expansion of built-up urban environments. Such applications measure
the horizontal and vertical expansion of urban building clusters using various indicators,
such as urban canopy parameters (UCPs), and thus are being extensively explored by
meteorologists in conjunction with continuous observations of intra-urban winds [5,6].

The “mean urban wind” concept [7] is relatively new and depends on long-term urban
climate studies [8,9]. Notably, building placement is an important factor to consider under
this concept. Through empirical analyses of building placement and wind distribution
observations, the aerodynamic roughness of cities can be reliably quantified [10,11], thereby
promoting the development of enhanced numerical weather prediction models that focus
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on urban forms [12–14]. Urban climate planners are interested in and use these morpholog-
ical techniques to describe the relationship between building placement and wind flows,
with the goal of harmonizing these methods during urban development [15–17]. Thus, a
method of exploring urban forms on different scales is required. However, few studies on
morphometrics related to aerodynamic roughness or similar indicators have thoroughly
considered such methods [18–22]. Additionally, many studies use manually drawn digital
building footprints, which are mostly generalized based on map scales. These manual
methods restrict the flexible scaling of morphometric approaches, thereby limiting their
applicability across various scales.

Recently, the use of light detection and ranging (LiDAR) remote sensing (RS) spatial
data and technologies in various applications for large urban areas has been discussed as an
alternative to adopting a multi-scale approach [23–25]. Note that through aerial and satellite-
and mobile-based applications, LiDAR RS can support rapid and detailed detection and
provide information related to urban building placement changes [26]. However, a method
capable of identifying building placement or shape using LiDAR three-dimensional point
cloud (3DPC) data has not yet been developed. This issue needs to be addressed to facilitate
the implementation of multi-scale morphometric evaluations.

Therefore, this study aimed to develop an approach for processing LiDAR 3DPC data
to explore aerodynamic roughness and related parameters on various scales. Notably, the
methodology and results of this study are primarily based on the use of a graphical user
interface (GUI) developed to process LiDAR 3DPC data.

2. Materials and Methods

As cities expand, the spatial arrangements of urban buildings become increasingly
diverse, thereby complicating the interpretation of ventilation functions. Furthermore,
given that individual buildings can significantly affect the ventilation dynamics in urban
areas, the placement of all buildings must be considered. Therefore, this study proposes
a methodology capable of measuring all buildings within an urban area using airborne
LiDAR 3DPC data. The use of the morphometric methodology to measure the influence
of buildings on wind distribution has been extensively studied [10,27,28] and widely
employed to estimate the wind profile within the urban boundary layer (UBL). This method
assumes minimal wake interference and applies a logarithmic velocity profile for winds
approaching obstacles.

2.1. Input Data

The classified airborne LiDAR 3DPC dataset constructed by the National Geographic
Information Institute (NGII) in South Korea was the primary dataset used for this study. The
NGII has surveyed all urban areas of South Korea twice and will continue surveying urban
areas as part of a digital twin plan that is based on spatial data [25]. The 3DPC dataset was
acquired as a part of the National Airborne Laser Scanning Project, which is a component
of the NGII survey program. The classification of building 3DPCs was conducted based
on an understanding of the reflective properties of active light and the associated urban
morphological attributes, and it contains data procured through rule-based automatic
and manual classification processes and quality assessments and quality control (QA/QC)
performed by the NGII. Additionally, supplementary data, such as building-related digital
and land-use maps and automatic weather station (AWS) measurement data, were used.
Table 1 lists the datasets used in the study.
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Table 1. Data used in this study.

Data Provider Property Applied

Airborne LiDAR 3DPC NGII Classified building and ground 3DPCs [25]
Automatic Weather Station KT Air temperature and relative humidity [29]
Digital Photograph (Ortho) NGII Image at 0.25 m resolution for visual interpretation

Land Use (Zone) NGII Land use (zone code) [30]
Digital Map (Building) NGII Building coverage area and floor area [30]

Abbreviations: Three-dimensional point cloud (3DPC); National Geographic Information Institute (NGII); Korea
Telecommunications (KT). Note: NGII [30] offers a list of downloadable geospatial information for free; however,
LiDAR data are not included. To use LiDAR data for evaluation purposes, contact the Smart Spatial Information
Division, NGII (Email: ngii2018@korea.kr, Tel: +82-31-210-2700). For use of AWS data, visit the AirMapKorea
website (https://iot.airmapkorea.kt.com/info/, accessed on 26 June 2024).

2.2. Methods

Building morphology is one of the main topics in urban climate planning and urban
design studies because building placement not only determines the urban skyline but
also influences both external and internal wind flows in urban spaces [18]. A well-known
indicator for quantifying this effect on external and internal flows is aerodynamic roughness
length (z0), which is based on the atmospheric boundary layer theory governing the
turbulence intensity between building placement and air. Quantification approaches can be
categorized into [10] observational methods (Figure 1a), which are dynamic techniques that
rely on wind or turbulence measurement data and are based on Monin–Obukhov similarity
theory, and morphological methods (Figure 1b), which quantify z0 based on the shape
characteristics of the buildings [10,11]. Note that the atmospheric interaction between each
urban building setting and the local wind flow is unique and observations require tall
towers and instrumentation; thus, urban building morphology is a more advantageous
parameter for application and dissemination. Therefore, we developed morphological
methods to quantify z0 to enable multi-scale surveillance and extensive urban building
placement exploration.
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Figure 1. Two urban mean wind speed estimation methods. (a) Observational method, which
assumes that neutral atmospheric stratification winds follow logarithmic wind law at a Hav above
the surface [13]; (b) morphological method, which can determine the urban mean wind-related value
without requiring tall towers and instrumentation [10].

Numerous studies have developed empirical models based on urban morphology to
estimate z0 and interpret complex and heterogeneous building placements [27,28,31–35].
Moreover, many morphological studies have utilized digital building footprint maps to assess
the influence of building morphology on the average wind distribution [18–22]. The size
and shape of buildings have been measured and include parameters such as the building
average height (Hav), as well as plane area (λp) and frontal area (λ f ) roughness [28]. How-

https://iot.airmapkorea.kt.com/info/
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ever, although digital maps provide higher accuracy in building footprint classification, the
shape and area of manually drawn digital building footprints are significantly dependent
on the applied map scale. Therefore, we used the 3DPC building-class sampling method
proposed by Yi and An [24]. The primary and core methodological distinction of the present
study lies in the estimation of z0, which is based on the building LiDAR 3DPCs.

The following measurements for Hav, λp, and λ f differ from the methods employed by
previous scholars. In practice, a user-specified rectangular grid size termed the lot area (AT)
and a lot of the same area divided into subgrids have been applied as variables, as shown
in equation (1). We assumed that each subgrid contains a building without identification
error when it covers 1 m2 (1 m × 1 m), and this assumption is applied to all grids. From the
measurement framework, the ratio of building placement coverage in a grid area (AT) is
defined as λp, which can be measured as follows:

λp =
AP
AT

, (1)

where AT is the size of the lot area of the specified grid and AP is the detected building
placement footprint area in the specified grid. AP can be measured as follows:

AP =
n

∑
i=1

AS·ρ(xI, yi), (2)

where AS is the size of the subgrid area and ρ(xi, yi) is a function that can detect the
presence of building 3DPC in the subgrid area (AS). This function was obtained using the
following formula:

ρ(xi, yi) =

{
1 i f any building 3DPC exists in a subgrid area (xi, yi)

0 otherwise
(3)

Similarly, λ f , which represents the ratio of buildings placement frontal area in a grid
area, can be measured as follows:

λ f =
AF
AT

, (4)

where AF is the detected building placement frontal area facing the wind perpendicularly
in the specified grid. To compute λ f , we first project the building 3DPC to the rz-plane,
which is orthogonal to the wind direction. Then, we apply a method similar to that used to
compute the frontal area AF, which can be measured as follows:

AF =
n

∑
i=1

√
AS · max

1≤j≤m
h
(
ri, zj

)
(5)

h
(
ri, zj

)
=

{
zj i f any building 3DPC exists in a subgrid area

(
ri, zj

)
0 otherwise

, (6)

where n and m represent the effective resolution of the specified grid in the r and z directions,
respectively. Building average height (Hav) refers to the average height of a group of
individual mean height of subgrids and is calculated by summing all subgrid mean heights
from the ground to building top and dividing the value by the total number of identified
building subgrids. Building maximum height (Hmax) is determined by selecting the highest
value from all subgrid max building heights. Each subgrid max building height is also
determined by selecting the highest value from all 3DPCs from the ground. Then, the
LiDAR 3DPC data-driven building average height (Hav), building maximum height (Hmax),
plane area index (λp), and frontal area index (λ f ) values were applied as UCPs according
to the equations in Table 2 (Figure 2).



Remote Sens. 2024, 16, 2418 5 of 23

Table 2. Methods of calculating the aerodynamic roughness length (z0) used in this study.

Method z0 Estimation Equation and Description

MacDonald [28]

Mac_zd =
[
1 − α−λp ·

(
λp − 1

)]
·Hav

Mac_z0 =
(

1 − zd
hav

)
exp

[
−
{

0.5β·Cd
k2

(
1 − Zd

hav

)
·λ f

}−0.5
]
·Hav

κ is the von Karman constant (0.4); Cd is the drag coefficient (1.2); α is the constant in displacement
height expression (4.43 for the staggered arrays); and β is the sheltering effect factor (1.0)

Kanda [33]

Kan_zd =
[
c0·X2 +

(
a0λb0

p − c0

)
X
]
·Hmax

Kan_z0 =
(
b1·Y2 + bc1·Y + a1

)
·Mac_z0

Hstd is the standard deviation of building height; Hav is the average building height; Hmax is the
maximum building height; a0, b0, c0, a1, b1, and c1 denote the regressed constant parameters, with

values of 1.29, 0.36, −0.17, 0.71, 20.21, and −0.77; and z0 (mac) represents the z0 value obtained
using the MacDonald [28] method
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Figure 2 shows the three steps and a detailed workflow. The GUI proposed and
developed by An [25] was modified to include a function for measuring the morphome-
tric aerodynamic roughness. In step 1, four variables (Hmax, Hav, λp, and λ f ) associated
with roughness elements are directly measured from LiDAR 3DPCs and then sequentially
applied to determine the displacement height (zd) and aerodynamic roughness length
(z0). In step 2, eight grid sizes (600, 400, 200, 100, 50, 20, 10, and 4 m), two estima-
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tion methods [28,33], and two wind-direction (east–west (E–W) and north–south (N–S))
case-based z0 values were mapped for multi-scale exploration. These maps were either
compared with each other or with external data (such as land-use maps). In step 3, the
potential influence of current building placement on urban environment is investigated.
Air temperature (AT) and relative humidity (RH) data from the AWS observation network
are compared with the z0 values.

2.2.1. Study Area

Incheon metropolitan area is an optimized study area for analyzing the impact of
urban-scale building placement, which was also the target area for An’s (2023) sky view
factor (SVF) analysis [25]. Situated in northwestern South Korea, Incheon borders the Seoul
and Gyeonggi provinces. According to an analysis of meteorological data conducted by
the Korea Meteorological Agency for the development of wind resource maps, the annual
average wind speed in Incheon is 3.9 m/s, and the prevailing wind direction is north-
west. Baengnyeongdo predominantly experiences westerly winds, whereas northwesterly
winds are more common at the Incheon International Airport. Notably, Sudogwon (Seoul,
Gyeonggi-do, and Incheon) is a dense AWS-monitoring testbed.

The study area covered 501.5 km2 and encompassed half of Incheon’s administrative
area (1062.63 km2). In this region, although numerous buildings have been developed,
urban buildings are still being constructed. According to digital maps (building footprint)
from the NGII, buildings with 1–5 floors in the region cover 42.9 km2 of land area and
have a total floor area of 242.9 km2, constituting 88.1 and 51.8% of the total land area
and floor area, respectively. According to South Korean building regulations, structures
exceeding 30 floors are classified as high-rise buildings, whereas those exceeding 50 floors
are categorized as super high-rise buildings [36]. In the study region, buildings spanning
11–29 floors represent only 7.8% of the total building coverage area but account for 36.1% of
the total floor area, with the majority of these being used as residential buildings (Figure 3
and Table 3).
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Figure 3. Prevailing wind conditions and statistical building placement in the study area. (a) Prevailing
winds at measurement locations (Baengnyeongdo and the Incheon International Airport), with wind
rose charts. (b) Commercial air temperature and relative humidity observation at the AWS locations
in the study area. (c) Differences in the statistical percent mean between the total building coverage
and floor area according to the floor area class.
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Table 3. Building coverage area and building floor area statistics for the study region.

Floor Count
(ea.)

Coverage
(m2)

Total Building
Coverage

(10,000 m2)

Total Building
Coverage (%)

Mean Building
Floor-Area

(m2)

Total Building
Floor-Area
(10,000 m2)

Total Building
Floor-Area (%)

1 162,618 121.5 1976.0 40.6 364.5 5928.1 11.0

2 44,002 189.2 832.5 17.1 1135.2 4995.1 9.3

3 26,870 239.4 643.4 13.2 2155.0 5790.6 10.8

4 19,854 238.3 473.2 9.7 2859.8 5677.8 10.5

5 11,007 331.8 365.2 7.5 4977.0 5478.1 10.2

6~10 3111 547.4 170.3 3.5 11,155.1 3470.4 6.4

11~29 5493 691.8 380.0 7.8 35,355.5 19,420.8 36.1

30~49 274 906.0 24.8 0.5 96,685.1 2649.2 4.9

50~220 16 1395.8 2.2 0.0 266,742.3 426.8 0.8

4867.7 100.0 53,836.8 100.0

Note: The table was generated from the NGII Digital Map (Building) [30] and used both the building coverage
area and number of floors. Buildings with 1–5 floors constitute 88.1% of the total building coverage and 51.8% of
the total building floor area.

2.2.2. 3DPC GUI Development and Single Building Scale Data Exploration

Qt and Microsoft Foundation Class libraries were used to develop the functional-
ity required to measure the roughness length and ensure GUI integration [37]. The in-
put/output development for the 3DPC format (LAS) was based on the laser specification
version 1.4-R15, based on the American Society for Photogrammetry and Remote Sens-
ing (ASPRS) [38]. Quick 3DPC measurement visualization and functional integration are
available in Qt as it provides a cross-platform application programming framework for
non-GUI as well as GUI applications. Then, using the developed GUI, LiDAR 3DPC data
for a single building at 100 × 100 m were explored based on the z0 and relevant UCPs as
sample records.

2.2.3. Aerodynamic Roughness Exploration of the Urban-scale Mosaic and Various
Grid Sizes

The urban area is so large that optimization processes such as dividing and reunit-
ing are inevitable. Hence, we introduced the mosaic method proposed by An [25] to
maintain both a wide coverage and detailed exploration in urban aerodynamic roughness
and relevant UCPs. We obtained 750 3DPC building files at a size of 1200 × 1200 m and
grouped them as inputs for the batch processing of z0, and UCP measurements were
then performed. All data input/output operations were adjusted using a GUI prompt
(xy-plane grid manipulation I/O window of Figure 4b). The derivation of z0 from the
3DPC dataset involved the following experimental tests: (1) wind direction, (2) z0 esti-
mation, and (3) grid (AT) size. Determining the prevailing wind direction is important
when quantifying building placement influences, such as z0, and the z0 results for the
N–S and E–W directions were quantitatively compared per square grid (AT). Additionally,
the results of MacDonald et al. [28] and Kanda [33] were compared. Lastly, to analyze the
spatial distribution of z0 values affected by the differences in the grid (AT) size, we applied
matrixes of 2 × 2 (600 m), 3 × 3 (400 m), 6 × 6 (200 m), 12 × 12 (100 m), 24 × 24 (50 m),
60 × 60 (20 m), 120 × 120 (10 m), and 300 × 300 (4 m). Within the GUI workbench, the data
for each of the 750 files, which were aligned with the coordinates referenced by the raster
settings, were allocated to the corresponding grid matrix. The GUI workbench, which is
organized within directories, sequentially produced the American Standard Code for Infor-
mation Interchange (ASCII) [39] raster data for the UCPs (such as λp, λ f , Hav, Hmax, zd, and
z0 subdirectories).
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Figure 4. Single-building scale 3DPC and aerodynamic roughness exploration. (a) Main GUI for
exploring visualized LiDAR 3DPCs; (b) I/O window for experimental settings; (c) xy-plane projection
of building 3DPCs and horizontally measured multi-scale Hav and z0; and (d) rz-plane projection of
building 3DPCs and vertically measured λ f (S–N wind and E–W wind).

Then, the mosaic process was performed using the Python script-based Environmental
Systems Research Institute (ESRI) ArcGIS spatial functions (raster mosaic). Subsequently,
the areas outside the study region were eliminated from the mosaic maps, and visual and
statistical comparisons were conducted for the buildings in the study area.

After the mosaic and mapping, we explored a set of zd and z0 spatial mosaic-image
data visually and statistically. Whole map datasets were divided into five classes (quintiles)
for visual comparison of the spatial distribution of the two parameters. Specifically, to
portray how z0 differed with the wind direction (blowing from the N–S versus the E–W
directions), a simple map overlay deviation method was applied. The deviation map for
two different wind directions (E–W and N–S) was overlaid on a land-use map to discern
the hotspots and quantify the differences across the study area.

2.2.4. Investigation of Building Placement Influence on the Environment

Unfortunately, the morphometric measurement results were difficult to verify due to
the absence of a nearby flux tower to obtain data for the logarithmic wind-speed profile
drawing. However, in South Korea, information technology (IT) companies such as Korea
Telecommunications (KT) are expanding and densifying automatic weather observation
(AWS) networks in Sudogwon and commercializing the collected weather data.

Therefore, we aimed to use these observation data to validate the quantified z0 and
explore the connection between current urban building placements and climate influences.
This is done by comparing the morphometric z0 with pedestrian-level AT and RH data.
The AT and RH observation data from KT for 1 June–31 August 2018 were used. Hourly
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observed AT and RH values from the 17 AWS during the study period were averaged to
obtain the representative weather characteristics. The average AT, RH, and Di fMac_z0 values
of the 17 AWS were spatially explored. Lastly, 17 AWS location based UCPs (Maczd, Kanzd,
Macz0, Kanz0) were explored to find a cautious scale issues when developing connection
between urban building placements and climate influences. Although the method cannot
directly verify urban mean wind, it can support indirectly describing benefits of building
placement management on urban climate adaptation.

3. Results
3.1. Single Building Scale 3DPC and Aerodynamic Roughness Map Exploration

The 100 × 100 m-sized LiDAR 3DPC data sample effectively depicts the shapes of
single building and a strong relationship with quantified z0 or relevant UCPs. As shown in
Figure 4, measuring z0 and relevant UCPs requires not only horizontal xy-plane calculations
but also vertical rz-plane calculations depending on the wind direction. Based on an
evaluation of 3DPC and raster visualization data, we gained an understanding of the
spatial characteristics of the input data and designed appropriate grid and subgrid output
options for urban-scale exploration.

3.2. Urban-Scale Mosaic and Various Grid Size Map Exploration

The first insight gained from exploring the multi-scale urban roughness length was
how visual porosity changes with different grid sampling sizes. Visual interpretation of
porosity areas can provide clues about urban roughness if we assume that wind flows
follow connected porosity areas. The results show an increase in porosity area as the grid
size becomes finer. Conversely, as the resolution becomes coarser, the porosity area (white)
is shown as clumped areas (red). Overall, porosity is more noticeable in z0 maps than
in zd maps. As shown in Figure 5, the measurement method (e.g., MacZ0 vs. KanZ0) did
not cause a significant visual difference, although changing the grid size from 4 m to 600
m did cause a difference. This trend is consistent in both the zd and z0 maps. However,
a slight visual difference due to the measurement method was found, and it was more
noticeable in the zd maps because the building’s maximum height (Hmax) was used in
Kanzd. A higher spatial variation of zd was observed by Kanzd than by Maczd, especially
at the 400 m grid size (Figure 5a). On the other hand, the z0 visual differences due to
measurement methods were insignificant, except Kanz0, which appears to be slightly
thicker than Macz0 (Figure 5b). Despite many visual interpretations, it is difficult to identify
a single map from Figure 5 that best represents on-site porosity or aerodynamic conditions,
either quantitatively or qualitatively.

Therefore, we compared the Macz0 map with grid sizes ranging from 4 to 600 m to
aerial photographs with scales of 1:1000–1:100,000, assuming that the photos better rep-
resented in situ conditions. As shown in Figure 5c, when the grid sizes have sufficient
building resolving power, such as 4 and 10 m, the porosity between buildings is discernible.
However, when the grid size exceeds 20 m and loses this resolving power, porosity identifi-
cation shifts to the level of land cover or districts. The best ‘Macz0-aerial photograph’ map
pair varies with each grid size, necessitating adjustments in interpretation focus and visual
targets. Given all this information, using multiple scales is necessary to understand urban
aerodynamic roughness from different visual perspectives and to develop better strategies.

Obtaining statistical exploration results is simpler than performing the relatively
difficult and complex visual exploration of z0 and relevant UCPs. Additionally, assuming
that maintaining a consistent UCP value is important and beneficial for methodological
application and dissemination, Table 4 and Figure 6 provide guidance for selecting the
proper UCP. When observing the variations in the mean values with increasing grid size,
Hmax showed a noticeable increase, while λ f showed a considerable decrease (Figure 6a).
Furthermore, λp showed a slight decrease, while Hav showed an increase. With respect to
maximum values, as the grid size increased, Hav decreased and λ f exhibited an exponential
decreasing trend. The standard deviation (std) trend was quite similar to the mean. Hence,
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λp and λ f are quite unsuitable for spatial analysis application because they are extremely
sensitive to changes in grid size. Moreover, the results show that Maczd is an appropriate
measurement method because the Kanzd mean is also quite sensitive and led to higher
mean, maximum, and std values than Maczd while producing similar trends with increasing
grid size (Figure 6b).
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Figure 5. Visual comparisons of zd and z0 generated from the LiDAR 3DPC for various grid sizes
(E–W wind direction). (a) zd generated for eight grid sizes (4, 10, 25, 50, 100, 200, 400, and 600 m) using
two estimation methods; (b) z0 generated for eight grid sizes (4, 10, 25, 50, 100, 200, 400, and 600 m)
using two estimation methods [28,33]; (c) comparison of Macz0(4–600 m) and aerial photograph map
(scale = 1:1000–1:100,000) shows the visually best-matched and well-matched ‘Macz0 grid size-aerial
photograph scale’.
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Figure 6. Statistical comparison of the mean, maximum (max), and standard deviation (std) values of
building maximum height (Hmax), average height (Hav), plane area (λp), frontal area (λ f ), displace-
ment height (zd), and aerodynamic roughness length (z0) for different grid resolutions (E–W wind
direction). (a) Hav, λp and λ f values were analyzed for eight grid sizes (4, 10, 25, 50, 100, 200, 400,
and 600 m). (b) zd values estimated using the two methods [11] showed variations. (c) z0 values
estimated using the two methods [28,33].

Of note, z0 is the most suitable UCP for spatial analysis applications because it is
insensitive to changes in grid size (Figure 6c). Thus, it showed limited variations while
Macz0 presented slightly higher values than Kanz0 in terms of the mean, max, and std.
However, for z0, the mean also increases sharply at grid sizes of 200 m (0.26–0.28) and
100 m (0.34–0.38) compared to the values at other sizes (0.09–0.18).

Even with limitations in multi-scale data analyses and practical knowledge, the mor-
phometric z0 results can be useful for estimating current land use from an urban aero-
dynamic roughness perspective. Thus, current land use can be quantified using z0. The
land-use types in the study area are mainly associated with environmental conservation
(UQA430), followed by residential use (UQA122 and UQA123), and heavy chemical pollut-
ing industry (UQA310) (Table 5). Figure 7 shows the land-use zones and the average value
of each land use for each wind direction at the 50 m grid size (Macz0 and Kanz0). A large
difference in the z0 values measured for the E–W and N–S wind directions was detected in
high-rise residential land-use areas (UQA123), which may represent zones of major interest
for morphometric character analysis according to building placement to obtain better urban
aerodynamic roughness values. Both the Mac and Kan methods exhibited the highest z0
mean values for residential areas (UQA123) under the prevailing wind direction (E–W).
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Table 4. Statistical mean, maximum (max), and standard deviation (std) values of building maximum
(Hmax) and average (Hav) roughness-element heights, plane area (λp), frontal area (λ f ), displacement
height (zd), and aerodynamic roughness length (z0) for different grid resolutions (E–W wind direction)
using the two methods [28,33].

Type Grid (m) Hmax Hav λp λf Maczd Kanzd Macz0 Kanz0

Max

600 123.50 121.16 0.57 0.14 14.83 48.60 2.79 2.13

400 232.97 111.83 0.61 0.28 24.67 80.27 8.71 10.01

200 232.97 141.22 0.88 0.48 28.42 96.22 23.36 16.98

100 232.65 171.69 0.97 1.29 55.02 149.89 47.63 36.12

50 232.65 176.35 0.99 4.15 146.01 232.72 53.73 38.08

20 232.65 203.39 1.00 11.03 186.18 268.96 83.25 59.04

10 232.65 226.59 1.00 21.85 209.04 272.39 125.84 89.34

4 232.65 226.63 1.00 50.31 217.63 299.00 159.92 122.01

Mean

600 33.89 8.83 0.09 0.02 2.02 9.23 0.09 0.10

400 25.60 7.94 0.09 0.02 1.92 7.91 0.15 0.14

200 16.44 6.78 0.10 0.04 1.90 6.59 0.28 0.26

100 10.53 5.46 0.10 0.05 1.84 5.32 0.38 0.34

50 6.98 4.36 0.10 0.07 2.22 4.83 0.15 0.13

20 3.99 3.02 0.10 0.12 1.85 3.32 0.18 0.15

10 2.68 2.26 0.10 0.20 1.64 2.33 0.14 0.11

4 1.75 1.62 0.10 0.46 1.26 1.83 0.16 0.12

Std

600 26.98 8.85 0.12 0.02 2.80 9.69 0.27 0.25

400 25.07 9.43 0.13 0.03 2.99 9.68 0.51 0.46

200 20.89 10.20 0.14 0.06 3.28 9.77 1.02 0.85

100 16.56 9.68 0.16 0.10 3.62 9.44 1.50 1.22

50 13.31 9.18 0.17 0.17 4.96 10.05 0.84 0.68

20 9.70 7.85 0.21 0.34 5.26 8.71 1.13 0.87

10 7.79 6.84 0.23 0.67 5.38 7.31 1.08 0.82

4 6.24 5.90 0.26 2.37 4.90 6.80 1.25 0.94
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Figure 7. Differences in the aerodynamic roughness length (z0) mean values due to wind direction
for each land-use zone in the study area. (a) Land-use zoning code and map. (b) Difference in the
statistical Macz0 and (c) Kanz0 mean values for the E–W and N–S wind directions according to the
land-use zone code. The land-use zone codes are explained in Table 5.
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Table 5. Differences in the aerodynamic roughness length (z0) mean values based on the wind
direction for each land-use zone in the study area.

Code Land-Use Purpose (Building) Grid Area (%)
Macz0/50 m Grid Kanz0 /50 m Grid

E–W N–S DIF E–W N–S DIF

UQA111 Protect residential environments for
independent housing 0.25 0.03 0.10 −0.06 0.02 0.07 −0.05

UQA112 Protect residential environments for
multi-unit housing 0.39 0.01 0.04 −0.03 0.01 0.03 −0.02

UQA121 Create convenient residential
environments for low-floor housing 2.85 0.09 0.36 −0.27 0.07 0.29 −0.21

UQA122 Create convenient residential
environments for mid-floor housing 8.57 0.15 0.63 −0.48 0.14 0.54 −0.41

UQA123 Create convenient residential
environments for mid/high housing 9.11 0.88 2.74 −1.87 0.81 2.27 −1.46

UQA130 Provide commercial environments to
residential areas 3.73 0.12 0.45 −0.33 0.12 0.43 −0.30

UQA210 Expand commercial functions in the
center/sub-center 0.76 0.29 0.65 −0.36 0.31 0.64 −0.32

UQA220 Provide general commercial and
business functions 3.95 0.18 0.71 −0.54 0.19 0.73 −0.53

UQA230 Supply daily necessities and services in the
neighboring area 0.08 0.01 0.19 −0.17 0.01 0.15 −0.14

UQA240 Increase the circulation function in the city
and between areas 0.07 0.02 0.14 −0.11 0.02 0.10 −0.08

UQA310 Heavy chemical polluting industry 0.01 0.17 1.23 −1.05 0.13 0.88 −0.75

UQA320 Industries that are not
environmentally friendly 7.13 0.06 0.29 −0.23 0.06 0.25 −0.19

UQA330 Light and other industries 5.04 0.09 0.30 −0.21 0.08 0.27 −0.18

UQA410 Protect natural green areas in the city 9.51 0.11 0.24 −0.14 0.08 0.17 −0.10

UQA420 Reserves for agricultural production 0.70 0.01 0.06 −0.05 0.01 0.05 −0.03

UQA430 Secure green space and future city sites 46.26 0.04 0.12 −0.08 0.03 0.09 −0.06

UQB100 Incorporate into future urban areas 0.05 0.05 0.09 −0.04 0.04 0.07 −0.03

UQB200 Reserves for agriculture and forests 0.04 0.01 0.07 −0.07 0.01 0.05 −0.05

UQB300 Protected areas 0.21 0.05 0.17 −0.12 0.03 0.12 −0.08

UQC001 Protect forests and promote agriculture 1.29 0.03 0.05 −0.02 0.02 0.04 −0.01

Notably, the differences in z0 values between the E–W and N–S directions revealed
the buildings in the land-use zones that are sensitive to wind direction. For example, as
shown in Figure 7b,c, buildings in certain land-use types, such as UQA123, have a greater
impact on z0 when winds blow from the N–S direction. The z0 value differences between
E–W and N–S for industrial areas with heavy chemical and polluting industries (UQA310)
were the second highest (−0.75 to −1.05). However, since these areas only account for
0.01% of the land use, their influence on overall wind flow in the study area is insignificant.
Thus, further exploration was conducted to identify which roughness elements of building
placement in the UQA123 land-use area influenced the differences in z0 value between the
E–W and N–S directions.

Figure 8 spatially explains the reason for the significant z0 value differences between
the E–W and N–S directions in the UQA123 land-use area. The map in Figure 8a shows
the z0 deviation spatial patterns in the two-wind direction overlaid with two types of land
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use: high-rise residential (UQA123) and heavy chemical polluting industry (UQA310). The
area covered by UQA123 is large, while the area covered by UQA310 is quite small. The
map legend color changes to red when the majority of buildings are placed with their
windward walls facing N–S, and it changes to blue when the majority of buildings are
placed with their windward walls facing E–W. Several discernible hotspot areas, which are
marked in red, can be observed in the eastern inland area of the study region. Figure 8b
magnifies one of the red spots and visually matches it with aerial photographs. In the semi-
transparent overlay image, most buildings are over twenty stories high, and their windward
walls are facing N–S. Of note, the E–W-oriented long rectangular apartment buildings are
associated with traditional Korean residential culture and represent a preferred residential
type [40]. Because of the preference for sunny, south-facing residential buildings in South
Korea, many areas designated as UQA123 include high-rise apartment buildings facing
south. This trend is ongoing and is expected to continue for some time; thus, it not only
changes the urban scenery but also influences the aerodynamic roughness and climatical
adaptability of the city. Fortunately, the dominant wind patterns in the study region exhibit
an easterly direction during summer and a northerly direction during winter (Figure 3a),
thus conforming to the characteristic seasonal wind regimes influenced by the Siberian
high-pressure system (during winter) and the East Asian monsoon (during summer) over
the Korean Peninsula. Therefore, the morphometry of buildings in the hotspot area appears
to be urban climate adaptive, thus providing not only effective urban wind preservation
but also maintaining a cool environment in summer and a warm environment in winter.
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Figure 8. Aerial photograph based on an in-depth investigation of the high-rise residential zone
(UQA123). (a) Map portraying the planned high-rise residential zone (UQA123) and the spatial
distribution difference of Macz0 based on 50 m grid size raster data. In the Macz0 difference map,
(+) values mean vertical building placement, and (−) values mean horizontal building placement.
(b) In the visual comparison, red spots indicate areas where building placement-induced Macz0 is
significantly different between the E–W and N–S wind directions.

3.3. Relationship between Current Urban Building Placements and Climate Influences

Assuming each of the 17 AWS locations is surrounded by unique building placements
and that AT and RH monitoring are seamlessly integrated, the average AT and RH values
over 1862 h during the study period (1 June–31 August) can reliably represent the summer
climate of each location. As shown in Figure 9, the average AT and RH values from the
17 AWS locations represent a typical coastal climate and are inversely related: when AT
increases, RH decreases (see the regression curve in Figure 9b). Moreover, the relationship
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between the z0 difference and RH is stronger than that between the z0 difference and AT
(see Figure 9c,d). In other words, RH is more sensitive to building placement in terms of
the prevailing wind direction, making it an efficient monitoring indicator. Because a lower
RH (%) in summer is achieved by sites with better ventilation, RH can be used to monitor
or control the impact of building placement. However, RH monitoring needs to be strictly
controlled because, in the case of v16011903 (Figure 9e), other factors such as trees or soil
have a greater influence than building placement.
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Figure 9. Differences in the average AT (◦C), RH (%), and z0 observations (for the E–W vs. N–S wind
directions) recorded at the 17 AWSs. (a) AWS illustration of the spatial distribution and difference
between RH observations and the regression. (b) Relationship between the mean AT and RH in
summer (1 June –31 August 2018). (c) Relationships between the mean AT and averaged z0-difference
(E–W vs. N–S wind directions). (d) Relationships between the mean RH and averaged z0 difference.
The z0 difference is averaged from various size circles (2000, 1000, 500, 250, and 125 m, denoted as
R2000, R1000, R500, R250, and R125, respectively). (e) 1:1000 scale ortho photos of 17 AWS stations
(center) surrounding building placement environments.

Table 6 shows the relationship between current urban building placements and climate
influences. All z0 difference values are negative, meaning that AWSs are located on
buildings that have their windward walls facing N–S (see Figure 8a). Of note, the majority
of negative z0 difference values decrease as the radii of the averaging circle decreases from
2000 to 125 m. This suggests that the influence of buildings on urban climate can vary
depending on the scale of the survey, such as a larger macro-scale or a smaller micro-scale.
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In addition, we should also consider that Macz0 quantification results can be affected
not only by site-specific building placement but also by adjustments to the analysis grid
size and search radius. Figure 10 shows that the overall Macz0 mean, std, minimum (min),
and maximum (max) graphs showed trends similar to those in Figure 6c, with each of
the 17 AWS locations showing unique trends. The mean Macz0 of the 17 AWS locations
is relatively stable at a search radius of R2000 but becomes more variable as the search
radius decreases. Moreover, using a very large search area (e.g., R2000) often generalizes
the aerodynamic roughness of the site, while using a very small search area (e.g., R125) can
inappropriately reduce the number of samples, thereby decreasing the statistical reliability.
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Table 6. Average AT, RH, and difference in z0 values (E–W vs. N–S wind directions) for the 17 AWSs.

AWS ID
AWS Measurements z0 Difference for Different Averaging Circles (radii)

AT RH 2000 m 1000 m 500 m 250 m 125 m

V10O1611532 24.28 65.80 −0.73 −0.61 −0.39 −0.29 −0.15

V10O1611903 25.39 73.98 −0.14 −0.21 −0.30 −0.05 −0.03

V10O1611938 26.33 65.78 −0.11 −0.08 −0.17 −0.15 −0.11
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Table 6. Cont.

AWS ID
AWS Measurements z0 Difference for Different Averaging Circles (radii)

AT RH 2000 m 1000 m 500 m 250 m 125 m

V10O1611580 26.36 65.17 −1.16 −1.08 −1.16 −1.34 −1.00

V10O1611199 26.50 62.05 −0.25 −0.37 −0.85 −1.49 −1.66

V10O1611162 26.60 62.82 −1.64 −1.59 −0.74 −0.45 −0.51

V10O1612120 26.74 61.41 −0.44 −0.64 −1.07 −0.60 −0.28

V10O1612129 26.82 60.90 −0.71 −0.82 −0.28 −0.20 −0.32

V10O1611952 27.10 62.28 −0.49 −0.40 −0.75 −0.31 −0.32

V10O1611179 27.17 59.65 −0.87 −0.87 −0.74 −0.82 −0.92

V10O1611610 27.46 59.82 −0.35 −0.45 −0.56 −0.50 −0.86

V10O1611495 27.47 58.86 −0.65 −0.87 −0.47 −0.18 −0.23

V10O1611944 27.54 62.43 −0.78 −0.39 −0.23 −0.18 −0.25

V10O1612090 27.60 60.98 −0.21 −0.62 −0.76 −0.99 −0.88

V10O1611204 27.68 59.53 −0.68 −0.53 −0.63 −0.63 −0.54

4. Discussion

The lack of ground truth data and underdeveloped application methods will continue
to increase the need for a multi-scale approach to explore urban aerodynamic roughness.
However, the proposed morphologic methodology and its outputs can help provide a better
understanding of the impact of current building placement on urban aerodynamic rough-
ness. However, many assumptions and limitations have impacted previous studies; thus,
determining wind-friendly placements or shapes of buildings is difficult [7,10,11,17–19].
Further research is needed to provide information on urban building morphology man-
agement and its benefits [8,15,16]. Therefore, this section focuses on three parts: (1) Mor-
phometric Method: Quantifying Urban Building Placement, (2) Observational Method:
Verification of Urban Climate Influence, and (3) Future RS Research: Supporting Building
Placement Management.

4.1. Morphometric Method: Urban Building Placement Quantificatoin

After reviewing the z0 and related UCPs obtained from LiDAR 3DPC analyses, we
believe that some of the multi-scale urban aerodynamic roughness exploration goals have
been achieved. The main factors that have been appropriately quantified and explored are
detailed below.

(1) Quantification of current urban building placements using LiDAR 3DPC: this study
developed a GUI to perform a thorough morphometric analysis of urban building
placements using the LiDAR 3DPC database. Contemporary PC computing power,
coupled with GUI workbenches, can efficiently process a large volume of 3DPC files
and generate various UCPs at multiple resolutions (ranging from a few meters to
hundreds of meters) within a matter of days. Furthermore, as all data are provided
in geographical coordinates, users and experts can share their data and rapidly com-
municate for more sustainable urban aerodynamic roughness. For instance, the tool
can provide a basis for ensuring granularity while considering the demand for rapid
data production and sharing to initiate land use management discussions, as shown
in high-rise residential land-use zones (UQA123, Table 5).

(2) Experimental test for building aerodynamic roughness using LiDAR 3DPC: estimation
methods and various grid sizes can be applied to test two wind directions (Figure 5).
Although we did not adjust the building shapes or placements in this study, designers
or planners can use their designs or plans as 3DPC inputs to determine whether their
changes might affect urban aerodynamic roughness. Notably, many UQA123 areas in
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the study region remain undeveloped (Figure 8a) and could be an interesting build-
ing placement planning study testbed for developing a better urban morphometric
roughness form.

(3) Exploration of multi-scale urban aerodynamic roughness: urban buildings are being
constructed rapidly, and their placements change both horizontally and vertically.
LiDAR technology is a good choice for such explorations due to its detailed surveys
and easy automation. As shown in Figure 5c, the results from multi-scale exploration
provide new insights into the complexity of urban building settings, the immature
state of morphometric methods, and the lack of ground truth data. Nonetheless, the
need for multi-scale urban aerodynamic roughness studies will increase, not only for
quantification purposes but also for the development of qualitative methods that can
reveal unnoticed information through improved visual interpretation.

Additional tasks must also be accomplished to realize practical evidence-based uti-
lization of building placement management, such as urban planning or urban design. The
main morphometric quantification issues and limitations are as follows.

(1) Immature applicational conceptualization for public contribution: The concepts and
benefits of managing mean urban wind through building placement are not well
known; hence, the analysis and utilization of mean urban wind are not widely ac-
cepted by the public. However, individual building-related concepts that can im-
prove the management of gusty winds caused by high-rise buildings have been well
documented. This conceptually contradicts mean urban wind management, as it
considers only the building and neighboring space. The field of numerical mod-
eling offers several approaches to enhance the forecasting of flash rains or floods
through detailed modeling of the vertical behavior of urban winds induced by high-
rise buildings [12–14]. Therefore, it is imperative to strengthen the conceptualization
of mean wind management [7] according to evidence-based data collection and
analysis [11,13,41] to reduce contradictions and enhance collaboration.

(2) Technically immature GUI: This issue limits sufficient morphometric simulations
of urban planning or design perspectives, not only from an ‘as-is’ standpoint but
also from a ‘to-be’ perspective. Regarding the ‘as-is’ standpoint, the GUI results are
inferior in terms of the initial configuration of urban prevailing wind. Currently, only
two wind directions (N–S and E–W) can be applied, although the prevailing wind
direction can vary by site. Additionally, the logic underlying the identification of urban
prevailing winds is unclear. Considering the influence of prevailing wind direction
on morphometric quantification, synoptic wind directions and local wind directions
must be considered. Furthermore, the logic should be developed to enhance the
reliability of morphometric quantification. For the ‘to-be’ perspective, future building
construction or urban placement change plans should integrate LiDAR 3DPCS data
into GUI functionality to support various land-use stakeholders through application
and dissemination. The current methodology is overly focused on weather prediction,
and a methodological fusion with other disciplines is necessary. For instance, the
Computational Fluid Dynamics (CFD) modeling approach supports various types of
urban building management through physics-based simulation [12,42]. However, the
CFD model has limitations in supporting urban-scale wide and providing detailed
high-resolution outputs in a timely manner due to its extensive computing resource
requirements [42]. Although the proposed methodological application is in its infancy,
it has the potential to mature with CFD approaches. It can support outputs that cover
an entire urban area in detail while consuming fewer computing resources and less
time. Hence, a combined approach that exploits the advantages of both methods
should be considered.
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4.2. Observational Method: Verification of Urban Climate Influence

Despite significant advancements in weather observation technology, novel observa-
tional methods are needed to verify the effects of building placement on wind or climate
because both are invisible. Several observational studies, such as BUBBLE, have attempted
to validate urban wind patterns by installing dense tall towers and instrumentation for mon-
itoring [43]. However, field observational data collection ceased after the project concluded.
Collecting dense observational data for large-scale urban areas using state-of-the-art instru-
ments such as flux towers is currently unrealistic, mainly due to cost constraints. While this
study generated abundant multi-scale data, strict validation using observational methods
is impractical due to high costs and spatial limitations associated with installing tall towers
and instrumentation.

Therefore, the development of cheaper, more practical, and reliable validation
methods should be considered over scientifically accurate but expensive or infeasible
methods [41]. Two approaches have been actively discussed to address these issues: vali-
dation using less-accurate but low-cost instruments [44–46] and validation using virtual
instrumentation [47–50].

This study introduces the first approach because reducing manufacturing costs acceler-
ates dissemination and widens the range of applications, not only for weather phenomena
such as wind but also for air quality factors such as particulate matter (PM) and nitrogen
dioxide (NO2) [41,46]. Although the proposed approach has not been fully disseminated,
its widespread use is feasible due to technological advancements and ease of reinstallation
or relocation. While wind observations were not feasible, we discovered a stronger relation-
ship between RH and z0 than between AT and z0. The relationships between z0 and various
environmental factors will soon be verifiable using this inexpensive measurement approach.
However, experience and knowledge on its utilization are currently insufficient. Notably,
a stick design and installation-based data collection method are necessary to enhance the
reliability of observational evidence.

The second approach is also being actively discussed for the digital twinning of the
environment for prediction and management purposes [20]. From a virtual validation
perspective, it should not be viewed as a substitute for physically instrumented observa-
tional validation but rather as an extensive virtual validation sensor, which needs to be
evaluated as a more expansive and practically feasible solution. Its methodological sources
vary and include numerical simulations, such as CFD, but also satellite remote sensing
and even inexpensive measurement data, as discussed for the first approach [41,44–46].
The accelerating trend of digitalization is blurring the boundary between real and virtual
validations. However, the dissemination of the second approach may not be faster than
that of the first approach because validation from the first approach is required.

4.3. Future RS Research: Building Placement Management Support

In South Korea, high-rise residential apartments are emerging as a dominant form
of housing [40], and this trend is spreading to the surrounding urban areas. Thus, high-
rise building cluster landscapes and the aerodynamic roughness of residential areas in
downtown regions will likely change dramatically. If we do not prepare wind-friendly
plans, relevant management indicators, and affordable data-model tools, then new build-
ings in undeveloped areas, such as the UQA123 zone (Figure 8a), will not represent an
improvement relative to existing modern architecture.

Figure 11 depicts typical urban land use views constructed from various building
coverage ratios (BCRs) and floor area ratios (FARs) corresponding to each land use manage-
ment category and desired designs. Notably, in South Korea, the BCR and FAR effectively
force specific building forms (Figure 11a and 11b) [51]. Therefore, to apply wind-friendly
design principles (Figure 11c) to undeveloped areas, BCRs and FARs related to incentives
or regulation tools should be linked to the z0 of measured relevant attributes.
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However, before connecting land use regulations or building codes with urban build-
ing placement principles, societal attitudes towards an ecologically sustainable and wind-
friendly urban future must change [20,52,53]. To date, significant research has been per-
formed, such as planning potential air pathways to promote fresh-air flow [15,16,18],
planning supportable, rapid and integrated approaches [54–56], promoting legislation for
housing and urban sector energy efficiency [20,57], and developing instrumental architect
design principles [52,58]. However, if each discipline is not integrated to realize an ecolog-
ically sustainable and wind-friendly development, then the urban future may resemble
Yang’s description of the built environment [53,58]:

‘The built environment no matter how well designed will intrude, displace
spatially, and alter the ecology of the ecosystem on which it is located by its
physical presence’.

According to Yang’s theoretical framework for urban built environment ecological
transition, a new positive cycle has developed between the man-made environment and
natural ecosystems (see Figure 12). While LiDAR RS research addresses urban atmospheric
processes, RS shows considerable potential to provide both quantitative information and
qualitative knowledge, thus fostering a transition from the micro- to macro-scale [59,60].
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5. Conclusions

This study investigated the influence of building placement on urban aerodynamic
roughness using airborne LiDAR 3DPC analysis. The multi-scale exploration results
demonstrate both the potential of this approach and its limitations, thus highlighting the
need for further research. The conclusions are as follows.
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First, the application of LiDAR 3DPC for multi-scale explorations of aerodynamic
roughness is feasible. This method provides a means to address the differences in urban
building configuration data with various spatial resolutions. Further studies should focus
on expanding morphological applications and disseminating the findings.

Second, validation methods that rely on expensive equipment are not practical for this
approach. Instead, emerging cost-effective observation or virtual sensor techniques are
more feasible and practical for dissemination.

Third, current regulations such as BCR and FAR should be linked to z0 to apply the
study’s findings to new residential areas. Moreover, additional RS research is needed to
generate more quantitative information and qualitative knowledge.
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