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Abstract

The primary objective of this study was to visualize cool air plumes generated in and coming from urban green areas. Differences
in air temperature at meteorological stations at the edges of urban green areas and an urban site in Tokyo in August, Novem-
ber, January, and April were acquired at a time resolution of 10 min for 3 or 6 years. By handling more than 12,800 cases, the
automatic neuro-evolution of a deep learning architecture was applied to generalize and visualize the typical wind directions
and speeds when cool air plumes were in effect at meteorological stations at the edges of the urban green areas. In some cases,
the visualization of cool air plume was successful. For instance, the Tokyo site at the edge of a green area was typically cooler
than the urban site in Itabashi when the Tokyo site was subjected to calm wind (<3 m s™!) from the urban green area at night
in August. However, in some cases in August, the Tokyo site was hotter than the Itabashi site when the Tokyo site had strong
winds from every direction in the daytime, indicating that the strong winds brought heat from heat sources surrounding the
urban green area. Thus, the cooling effect at the Tokyo site was at microscale or local scale, while the heating/warming effect
was mesoscale. This emphasized that, especially in the daytime in summer, the cool air plumes were prone to be engulfed by
greater volumes of hot air plumes from various heat sources. Mechanisms of other related findings are further discussed.
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1 Introduction as factories, air-conditioners, and offices. Besides the global

warming effect of greenhouse gases, cities have various fac-

Urban heat islands are seen in most cities in the tropics and
even in cooler climate zones in summer (Stewart and Mills
2021). Urban heat islands diminish thermal comfort. Due to
the increasing demand for land, cities have spread to include
the surrounding green areas. The remaining green areas
inside the cities tend to be converted into urban structures
such as residential areas and roads. These structures have the
capacity to absorb heat converted from solar radiation more
than plant canopies. The structures emit the absorbed heat
for a period of time, even after sunset (Altan et al. 2019).
The cities also have objects that generate and emit heat such
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tors that make them hotter than the suburbs and rural areas
(Rizwan et al. 2008).

As such, urban green areas are important for cities that
are affected by the urban heat island effect. Urban forests and
parks are typical urban green areas. The cooling effects of
urban green areas have been reported. In Tokyo, land surface
temperatures for urban green areas were several degrees (°C)
cooler than those of the surrounding urban areas (O’Malley
and Kikumoto 2021). Differences in air temperature were also
seen between urban and green areas that were within a few
hundred meters of each other [e.g., (Kato et al. 2006)]. As in
these reports, the cooling intensity of an urban green area is
quantitatively expressed as the difference in temperature (AT)
between the urban site and the green area (Yash et al. 2023).

Previous findings have implied the generation of cool air
plumes in urban green areas (Oke 1989). Some review arti-
cles have described hot/warm air plumes in association with
urban heat island phenomena [e.g., (Mei and Yuan 2022)],
and sometimes in association with air pollution (Tzavali
et al. 2015). Conversely, a small number of studies on cool
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air plumes in urban green areas have been conducted. If a
meteorological station is located near the edge of an urban
green area, then, depending on the wind direction at the
meteorological station, the effects of cool air plumes and
urban heat islands should be detected (Narita et al. 2009).
If the wind brings the cool air plume from the green area to
the urban side, the meteorological station near the edge of
the green area is expected to be cooler than the comparison
site in the urban area. In this way, due to the effect of cool air
plumes, significant AT values were expected in the Tokyo
region.

The Tokyo and Nerima meteorological stations run by
the Japan Meteorological Agency are located at the edges of
green areas (Fig. 1). In addition, in Tokyo, there is an urban
meteorological station, namely the meteorological station
of Itabashi City Hall, which is surrounded by busy offices
and other urban structures. In this study, AT values were
obtained by subtracting air temperature values at the Tokyo
or Nerima site from those at the Itabashi site. The greatest
AT values were thought to be associated with the appearance
of cool air plumes in the green areas. The primary objec-
tive of this study was to visualize the appearance of cool
air plumes by identifying the trends in wind directions and
speed at the sites at the edges of the green areas (Fig. 2).

Fig.1 Locations of the mete-
orological stations. The red
arrows indicate the locations
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Precise observations have been made previously to
describe the mechanisms of the cooling effects of green areas
[e.g., (Narita et al. 2004; Sugawara et al. 2021)]. These pre-
vious studies had the advantage of precision. Measurements
were made within a few days or within a week because of the
labor intensity needed, which was difficult to continue for a
longer time. These measurements would be meaningful if the
observed cooling effects as AT values and other meteorologi-
cal results were typical and thus could be extrapolated to a
large number of cases acquired over a longer period of study.
Mid-term to long-term datasets improved the accuracy and
precision of the prediction of meteorological outcomes, such
as electrical power generation relying on wind (Moschella
et al. 2019). To identify the typical conditions that appear
with cool air plumes, this study used values from meteorolog-
ical variables acquired every 10 min in August, November,
January, and April, and for multiple years at the Itabashi site
and in the green areas to calculate the AT values.

Another requirement for the reliable identification of the
trends in wind direction and speed when cool air plumes
appear at the edges of the green areas is that the observed
greatest AT values themselves should be truly typical in
terms of cool air plume appearance. The typical meteorologi-
cal conditions when the greatest AT values are seen may be
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AT site1-site2

Day Time Wind speed (m/second) at site 1 Day Time Wind speed (m/second) at site 1 AT site1-site2
Realtime -10 minutes  -20 Actural Realtime -10 minutes -20 m Actural
WE SN WE SN WE WE SN WE SN WE intelligence-
estimated
1 0:00 -1.41 0.02 -1.56 -1.27 057 X X 360 360 500 2.90 012 0.10
1 020/ 470 150/ 537 4.20 0.20 X X 270 401 337 350 016  0.10
1 040 360 3.60 500 2.90 0.12 X X 360 342 3.10 2.90 018  0.14
1 1:00 042 091 2.31 -0.78 0.62 X X 230 530 280 2560 013 0.9
1 1:20/-270 0.84 -0.78 0.00 0.77 Machine X X [470 150837 420 020  0.19
1 140 240 3.05 360 1.49 0.16 . X X 240 305 360 1.49 016 023
1 200 270 401 3.37 3.50 0.16 learning X X 120 120 240 127 022 028
1 220 111 000 -3.80 0.00 0.82 X X 150 286 220 2.04 024 029
1 240 120 120 240 127 0.22 X X 120 269 3.00 212 022 031
N 21220 064 064 057 -0.57 0.75 using X X 042 091 -231 -0.78 062 070
N 21:40 150 2.86 220 2.04 0.24 X X 141 002 -1.56 -1.27 057 073
N 22:00 -0.80 -1.90 -2.47 -2.50 0.98 deep X X 270 084 -0.78 0.0 077 074
N 2220 1.20 269 3.00 2.12 0.22 learning X X -1.11 0.00 -3.80 0.00 082 075
N 2240 360 3.42 3.10 2.90 0.18 X X 064 064 057 -0.57 075 076
N 23:00 -1.30 -4.80 -2.70 -4.50 0.92 X X -0.80 -1.90 -2.47 -2.50 098 078
N 2320 230/ 530 280 2.60 0.13 X X -1.30 -4.80 -2.70 -4.50 092  0.80
N  23:40 -2.40 -2.40 -3.30 -1.80 0.84 X X -2.40 -2.40 -3.30 -1.80 084 086
N 0:00/6.29 6.0 -5.44 -5.40 1.00 X X 629 640 -544 -5.40 100  1.00

Fig. 2 Identification of wind directions and speeds at the time points of greatest and smallest AT values. W-E and S—N indicate west—east and

south—north wind vector components, respectively

described by meteorological variables other than wind direc-
tion and speed, as in the case of deposition of air pollutants
predicted by meteorological variables (Afrin et al. 2021).
Even though wind direction and speed were expected to be
the most significant determinants of AT, there may be more
meteorological variables that are significant determinants of
AT. To enhance the reliability of AT prediction based on the
empirical approach explained later, in addition to wind direc-
tion and speed, more meteorological variables were involved
in maximizing the reliability of AT prediction and thus iden-
tification of the wind direction and speed when the greatest
AT values occurred.

For these reasons, values for several meteorological vari-
ables at many time points (cases) were acquired for the reli-
able identification of the trends in wind direction and speed
when cool air plumes appeared. To enable the reliable iden-
tification of the wind trend, artificial intelligence methods
are realistic options because of their size and multivariate
data structure (Skubalska-Rafajtowicz 2014). According to
a recent review article, the involvement of artificial intelli-
gence in urban green space studies is the most recent devel-
opment (Farkas et al. 2023). A small number of studies has
applied artificial intelligence approaches in relation to urban
green areas. For example, Oukawa et al. (2022) applied an
artificial intelligence method, namely, random forest, to the
mapping of urban heat islands and green spaces in Londrina,
Brazil (Oukawa et al. 2022).

Machine learning is an artificial intelligence method.
Among machine learning methods, deep learning was selected
as a method for the analysis of the datasets in this study
(Pichler and Hartig 2023). Deep learning mimics the structure
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and function of the human brain. Deep learning often classifies
discretely different objectives, such as cohorts. Also, the deep
learning architectures can estimate values for individual cases
on continuous measures if the squared error function is used as
the loss function, which maximizes the accuracy and precision
of the estimation (Doi 2019). Furthermore, the deep learning
architectures are automatically optimized to achieve the best
estimation of values to be determined. Automatic running for
the optimization is referred to as neuro-evolution, which was
adopted in this study when using the deep learning architec-
ture. Eventually, the neuro-evolution processes resulted in opti-
mized deep artificial neural network architectures (Doi 2021).

Therefore, this study was conducted to visualize cool air
plumes at the meteorological stations on the edges of green
areas in Tokyo. Visualization was made by depicting the trend
in wind direction and speed at the time points when the greatest
AT values were estimated. This study is the first to visualize
the movement of cool air plumes to the meteorological stations
from the nearby tree canopies by analyzing datasets acquired at
a precise time resolution of 10 min in four seasons in multiple
years. However, depending on conditions, the meteorological
stations in the green areas were found to be hotter than the
urban site. The cooling and heating mechanisms are discussed.

2 Methods
2.1 Site Description

According to Koppen (Koppen 1931), the current study area
(Fig. 1) belongs to the humid subtropical zone (Cfa). Tokyo
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meteorological station is located in Kitano-maru Park, Chi-
yoda-ku, Tokyo, Japan (35° 41’ 30.4" N, 139° 45’ 4.8" E;
Fig. 1). The park borders the Imperial Palace, which has
a large green area of 115 ha (Akihito et al. 2016). Ita-
bashi City Hall is in Itabashi-ku, Tokyo (35° 45" 4.8"" N,
139° 42" 32.8" E). The meteorological station is located
on the rooftop of the city hall. Nerima meteorological sta-
tion is in a park in Nerima-ku, Tokyo (35° 44’ 21.1"" N,
139° 35" 35.5"" E). Edogawa and Haneda meteorological
stations are located in Kasai Rinkai Park (35° 38’ 19.9" N,
139° 51" 49.1" E) and Haneda International Airport
(35°33"51.3" N, 139° 47’ 22.1" E), respectively. The alti-
tudes are 51 m (Nerima) above sea level or lower.

2.2 Meteorological Data

For the Tokyo, Nerima, Edogawa, and Haneda sites, the
meteorological data were retrieved from the Japan Mete-
orological Agency web page (https://www.jma.go.jp/jma/
indexe.html). At the meteorological measurement sites, air
temperature, wind speed, wind gust, wind direction, and
precipitation were recorded every 10 min. Also, a period of
solar radiation within 10 min was available for the Tokyo,
Nerima, and Edogawa sites. Meteorological data from the
Itabashi site were retrieved from the city hall’s weather web
page (http://itabashi.tenki.ne.jp/itabashi/iwsb/000_index.
php?pnt=001&t=1678709856447). For the Itabashi site,
air temperature, wind speed, wind gust, wind direction, and
precipitation were available at intervals of 10 min.

This study used the 10 min-resolution data for August in
2017, 2018, 2019, 2020, 2021, and 2022 (6 years) as well
as the data for January, April, and November in 2018, 2019,
and 2020 (3 years) in analyzing differences in air tempera-
ture between Itabashi and Tokyo or Nerima. In the region,
August, November, January, and April are the months that
represent summer, autumn, winter, and spring, respectively.
Some wind speed values were not numerically available
but were given as “calm” instead. The “calm” data were
regarded as and converted to nil (0).

The difference in air temperature between the two sites
(AT) was determined using the following equation:

where 0 is wind direction. 0 is 0° when the wind direction
is north, 90° when east, 180° when south, and 270° when
west. There were 16 6 values. Western and southern winds
were positive, and eastern and northern winds were negative.

2.3 Machine Learning

Each AT and other meteorological variables were linearly
0 to 1 re-scaled to enable machine learning. The following
computation processes were made using Sony Neural Net-
work Console version 2.7 (Sony, Tokyo, Japan). For each
meteorological variable, in addition to the value at time 0
(real time), values at 10, 20, 30, 40, 50, and 60 min before
time 0 were also used. The converted values derived from
the August data on ATy, hiTokyo (hereafter, AT g rky)
were first used to identify the best artificial intelligence
architecture in terms of predictability of AT g rky-

To identify the best artificial intelligence architecture, the
neuro-evolution of a deep learning architecture described by
Doi (2019) was applied. The independent meteorological
variables from the Itabashi site were wind speed (west—east
and south—north vector components), wind gust (west—east
and south—north vector components), and precipitation.
Thus, there were five independent meteorological vari-
ables. As each of these meteorological variables had values
recorded every 10 min from O (real time) to 60 min before,
the Itabashi dataset consisted of 35 independent variables.
Likewise, the Tokyo dataset consisted of 42 independent
variables because the meteorological variables included
period of solar radiation within 10 min in addition to those
recorded at the Itabashi site. Eventually, 77 independent
variables were involved instead of the 83 variables in the
previous report (Doi 2019). One-half of the data was used
as the training dataset, and the other half as the validation
dataset. The training dataset consisted of values at the 10th,
30th, and 50th minutes of every hour. The other values at
the 20th, 40th, and 60th minutes of every hour were used
to prepare the validation dataset. Thus, the time resolution
became 20 min for the training and validation datasets. A
randomly assigned 75% (training)—25% (validation) data-

AT g1 —sitea CC) = air temperature at site 1 (°C) — air temperature at site 2 (°C) (1)

Wind speed/gust and direction were combined and con-
verted to west—east and south—north vector components
using the following equations:

West - east wind vector component = wind speed (ms™!) x sin(6)
(2)

South - north wind vector component = wind speed (ms™1) X cos(6)

3

@ Springer

set was also prepared from the August AT, 5 rxy dataset to
compare with the 50-50% dataset.

First, using neuro-evolution, the August AT 1y data-
set was analyzed. More than 500 architectures were automat-
ically examined at an epoch number of 500. The architecture
depicted in Fig. 3 was determined as the best architecture
in terms of predictability of ATz rxy- The best architec-
ture was used as the starter architecture for the analysis of
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other datasets applying further neuro-evolution to identify
the ad hoc optimized architecture for each AT dataset, as
described later. The 0—1 re-scaled values for the 77 inde-
pendent variables were taken in by the input layer. The next
layer referred to as the Affine layer hands over 1568 val-
ues derived from the 77 values to the next activation layer,
called the exponential linear unit layer. This activation layer
handles input values greater than O as they are, and hands
them over to the next batch normalization. This layer, mean-
while, converts input values less than 0 to values between
0 and — 1.67 according to the mathematical function, then
transfers them to the following batch normalization layer.
The batch normalization layer normalizes the output values
for the multiple batches. This stabilizes the subsequent pro-
cesses. In this study, a batch size of 512 was adopted. There
were three other activation layers, namely, the leaky rectified
linear unit layer, the scaled exponential linear unit layer, and
the sigmoid layer. The leaky rectified linear unit and scaled
exponential linear unit layers have similar functions to the
exponential linear unit layer, but the shapes of output—input
lines are somewhat different. The sigmoid layer converts the
values given by the previous process. The output values fell
between 0 and 1. Finally, the squared error function deter-
mines the value for the case by minimizing the total error in
the regression of actual and estimated values. The optimizer
was the Adam algorithm at alpha=0.001, beta 1 =0.9, beta
2=0.999, and epsilon=1075,

Some data were missing although this was rare. These
cases were removed. The six cases for the following 60 min
were also removed. Eventually, the total numbers of cases
were 26,691 (August, Itabashi-Tokyo), 12,819 (November,
Itabashi-Tokyo), 13,390 (January, Itabashi—Tokyo), 12,931
(April, Itabashi-Tokyo), 26,783 (August, Itabashi—Ner-
ima), and 13,368 (January, Itabashi—Nerima). Tempera-
ture and wind direction/speed data obtained in August at
the Edogawa and Haneda sites were added to the August
ATyrprky analysis to evaluate the additive effects for the
ATip gy estimation. In this analysis, the number of cases
decreased to 26,650 due to missing values for the Edogawa
or the Haneda site.

By neuro-evolution starting from the starter architec-
ture (Fig. 3), 20 more architectures were generated. Minor
changes in architecture were automatically made to opti-
mize the AT estimation. Among the generated 20 archi-
tectures, the best architecture was selected in terms of AT
predictability. Among the validation data, the cases of the
smallest or greatest 200 AT values were estimated. Then,
the wind directions and speeds at the 200 time points
for the smallest or greatest 200 AT were identified, as
depicted in Fig. 2.
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Affine_2
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Alpha : 1.673263242354377
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Alpha: 1
Affine_5

Sigmoid

Fig.3 The starter architecture for neuro-evolution to identify the ad
hoc optimized architecture for AT estimation. Abbreviations, ELU,
exponential linear unit; LeakyReLU, leaky rectified linear unit;
SELU, scaled exponential linear unit

2.4 Statistical Analyses

XLStat version 2021.4.1 (Addinsoft Inc., Paris, France) was
used for statistical analysis.
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2.5 Normalized Difference Vegetation Index

QGIS 3.22.8 was used to obtain values of the normal-
ized difference vegetation index (Rouse et al. 1974) for
30 % 30 m-resolution pixels in the Landsat 8 imagery
acquired at 10:15 AM Tokyo time on 6 August 2015. The
Landsat dataset was a geometrically corrected level 1 prod-
uct. The determination was made relying on the following
equation:

Near infrared — red
Near infrared + red

4)
Where red and near-infrared are reflectance measurements
for red (640-670 nm wavelength, band 4) and near-infrared
(850-880 nm wavelength, band 5), respectively. The normal-
ized difference vegetation index indicates gradients between
extremely urbanized and vegetation-rich areas. The richer
the vegetation, the closer the value converges to 1.

Normalized difference vegetation index =

2.6 Tokyo Demographic Data

A 2020 demographic dataset was retrieved from the Japa-
nese government site (https://www.e-stat.go.jp/).

2.7 Measurements of Land and Water Surface
Temperature

In the park at the Nerima site, land and water surface temper-
atures were measured using a thermography camera F30W
(Nippon Avionics Co. Ltd., Yokohama, Japan) between 4:11
AM and 4:16 AM on 27 July 2023. The Nerima meteoro-
logical station has a lawn slope around it. The land surface
temperatures at the western slope were measured. The park
has a pond (Fig. 1). The water surface temperatures were
measured.

3 Results

3.1 Climatic Variations in Tokyo and Machine
Learning of the Datasets

In the current study area in Fig. 1, spatiotemporal varia-
tions of meteorological variables were perceivable (Fig. 4,
Table 1). For example, at the Nerima site in August, wind
speed and gust tended to be smaller than those at the other
sites, while precipitation was richer. The Edogawa and
Haneda sites had strong winds due to their seaside locations.
In January, the Nerima site tended to have cooler nights than
the Tokyo and Itabashi sites.

In the current study area in Fig. 1, warm and humid south-
ern winds are dominant in summer (Fig. 5). The dominance
results in greater precipitation than in January (Table 1).
Meanwhile, in winter, the prevailing dry winds come from
the northwestern directions. In Tokyo, April and Novem-
ber are spring and autumn, respectively. These months are
intermediate in terms of air temperature. November was the
sunniest month and April was the windiest month.

The results of the analysis of variance for AT are sum-
marized in Table 2. Year, month, time slot, and the differ-
ence between Itabashi and Tokyo/Nerima were the signifi-
cant sources (p <0.001). All interactions were significant at
p=0.001. The linear model described 20.8% of the entire
variation. Machine learning of the datasets and estimation
of AT values resulted in Fig. 6, in which the R? values were
between 0.525 (November, Itabashi—Tokyo) and 0.742 (Janu-
ary, Itabashi—Nerima). The slope varied from 0.516 (Novem-
ber, Itabashi-Tokyo) to 0.754 (January, Itabashi—Nerima).
The high significance (p <0.001) of the AT estimation by
the involved variables showed that the wind directions and
speeds that resulted in the smallest/greatest 200 AT values
would be reliably identified. When wind speed and gust data
alone were used, the R? values decreased, for example, 0.554
to 0.426 (August, Itabashi—Tokyo), from 0.540 to 0.380
(August, Itabashi—Nerima), from 0.587 to 0.497 (January,

Fig.4 Mean hourly tempera- 32 ) 10
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Itabashi—-Tokyo), and from 0.742 to 0.673 (January, Ita-
bashi—Nerima). These changes indicated that the 56 wind
variables alone accounted for a large part of the variations
of AT and that the 21 meteorological variables other than the
56 wind variables assisted the predictability. The estimation
of August AT g rxy using the 75% (training) — 25% (valida-
tion) dataset resulted in negligible improvement of R? value
from 0.554 (Fig. 6) to 0.556.

3.2 Wind Directions and Speeds at the Time Points
of the Estimated Smallest or Greatest 200 AT
Values

The most typical wind directions and speeds were constant
within 60 min at the time points when the smallest/great-
est 200 AT values were estimated (Fig. 7). Wind directions
and speeds at the time points indicated the spatiotemporal
changes described below.

3.2.1 August, Itabashi-Tokyo

In August, an obvious wind direction tendency was seen
when the largest 200 AT g gy values were estimated; thus
Itabashi was typically hotter than Tokyo (Fig. 6). The most
typical wind directions at the Tokyo site were south to south-
east (Fig. 7a). The wind was relatively calm. At the 200 time
points, a similar trend of wind direction was confirmed at
the Itabashi site. Among the 200 cases, no cases had wind
speeds of 3 m s~! or greater at the Tokyo site, indicating
slow but stable movement of the cool air plumes to the mete-
orological station. This relationship in which the Tokyo site
was typically cooler was observed mainly at night (Table 3).

There were some cases in which the Itabashi site was
cooler than the Tokyo site (Fig. 6). The smallest 200
ATyrprky values were estimated when the Tokyo site was
subjected to strong winds from almost all directions while
the Itabashi site did not have southeastern, southern, and
southwestern wind (Fig. 7a). The timeslot was mainly 8.00
to 16.00 (Table 3). A significant number of heat sources,
such as offices and roads, were recognized around the Impe-
rial Palace and the Tokyo site (Fig. 1). These urban areas
with small values of normalized difference vegetation index
had few green areas (Fig. 8), which had more heat sources
than those with greater values of normalized difference veg-
etation index.

3.2.2 November, Itabashi-Tokyo

In November, the trend of wind direction and speed had
common features and these were different from those in
the August data. When the largest 200 AT g rxy Values
were estimated at the Tokyo site, at O time (real time), six
cases had wind speeds that exceeded 3 m s~ However,
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August 2017-2022 January 2018-2020
N6 k
= () < wind speed (m/sec) < 1
= 1 < wind speed (m/sec) < 2 WNW ENE
2 < wind speed (m/sec) < 3
3 < wind speed (m/sec) < 4 w E
= 4 < wind speed (m/sec) <5
= 5 < wind speed (m/sec) wsw ESE
s
Fig. 5 Wind roses for the periods of August 2017-2022 and January 2018-2020 based on the Tokyo data at a resolution of 10 min
Table? Summgry of ana.lysiis Source of variance Type Il sum Degrees of Mean square F Signifi-
of variance of difference in air of squares freedom cance (p
temperature between two sites value)
(AT)
Corrected model 22,497 95 237 256 <0.001
Intercept 573 1 573 619 <0.001
Year 853 5 171 184 <0.001
Month 2199 3 733 792 <0.001
Time slot 8961 5 1792 1936 <0.001
Itabashi—Tokyo or Itabashi—Nerima (Site) 554 1 554 599 <0.001
Year X Month 264 6 44 48 <0.001
Year X Time slot 400 25 16 17 <0.001
Year X Site 286 2 143 154 <0.001
Month X Time slot 1102 5 220 238 <0.001
Month X Site 3169 1 3169 3424  <0.001
Year X Month X Time slot 319 10 32 34 <0.001
Year X Month X Site 43 2 21 23 <0.001
Year X Time slot X Site 65 10 7 7 <0.001
Month X Time slot X Site 94 5 19 20 <0.001
Year X Month X Site X Time slot 120 10 12 13 <0.001
Error 85,729 92,617 1
Corrected total 110,622 92,713

*Corrected R?=0.208

when the smallest 200 ATt rxy Values were estimated,
the northwestern wind was more dominant at the sites
than in August, indicating that the season was heading to
winter (Table 1, Fig. 5). As shown in Table 3, 131 among
the greatest 200 AT, 5 rky values were estimated between
16.00 and 20.00, which is earlier than August. In contrast,
the smallest 200 AT 1y values were indicated to occur
mainly between 8.00 and 16.00.
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3.2.3 January, Itabashi-Tokyo

In January, the greatest 200 AT 5 gy values were estimated
when the Itabashi site had weak southeastern, southwestern,
and western winds, while the Tokyo site had gentle winds
from similar directions, except that southern winds were
more frequent than the Itabashi site (Fig. 7¢), suggesting
that the Itabashi City Hall received warm air from the sig-
nificant urban heat sources (Figs. 8 and 9). Approximately
one-half (101) of the greatest 200 AT gy occurred within
a time slot between 16.00 and 20.00 (Table 3). Conversely,
when the smallest 200 ATz xy values were estimated,
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Fig.6 Correlations between actual and estimated AT using the ad hoc optimized artificial intelligence architecture. The dashed lines indicate

95% prediction intervals

the trends of wind direction and speed were quite different
from those in August. Both the Itabashi and Tokyo sites had
strong winds mainly from the northwest.

3.2.4 April, Itabashi-Tokyo

Figure 7d has similarities to the August plots (Fig. 7a), pos-
sibly because of the period leading into summer (Table 1).
When the greatest 200 ATy values were estimated,
as in August, the Tokyo site tended to have calm winds,
although three cases out of 200 had wind speeds greater
than 3 m s™1. The greatest 200 AT, p.1xy Values occurred
mainly at night, as shown in Table 3. Table 3 also shows that
the time slot patterns for the greatest and smallest AT 15 rxy
values were very similar to those of the August data, again
indicating the proximity to summer weather conditions.

3.2.5 August, Itabashi—Nerima
When the greatest 200 ATy, pacni-nerima (hereafter,

ATrg.nrm) 11 August were estimated, mainly at night
(Table 4), the wind direction and speed patterns did not
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clearly differ from those when the smallest 200 AT 15 nrMm
values were (Fig. 7e). Although southeastern winds from
the park aside the Nerima site were expected to cool the
meteorological station, the frequency of southeastern
winds was very low. At the Nerima site in August, the
frequency of southeastern winds, once expected to cool
the site, was very significantly smaller (687/24536) than
that of southern winds (4581/24536) (Chi-square statistic
3225, p<0.00001).

3.2.6 January, Itabashi-Nerima

In January, the greatest 200 AT}z nrm Values were esti-
mated, typically for the cases between 20.00 and 8.00
(Table 4), when the Itabashi site had western winds while
the Nerima site had extremely calm winds (Fig. 7f).
Meanwhile, the smallest 200 ATz nrM Values were esti-
mated when the entire study area in Fig. 1 was dominated
by strong northwest winds, typically between 8.00 and
16.00.
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Fig.7 Wind directions and speeds for the cases of the estimated smallest or greatest 200 AT values
Table 3 Time slots for the cases of the estimated smallest/greatest 200 ATj,paghi—tokyo Values
Time  August 2017-2022 November 2018-2020 January 2018-2020 April 2018-2020
slot Total Greatest Smallest Total Greatest Smallest Total Greatest Smallest Total Greatest Smallest
cases 200 AT 200 AT cases 200 AT 200 AT cases 200 AT 200 AT cases 200 AT 200 AT
04 2229 57 A 7V 1082 9 VvV 16 V 1209 29 NS 6 V 990 59 A 3 V¥
4-8 2226 40 NS 17 Vv 1074 4 Vv 15V 1116 24 NS 6 Vv 1080 26 NS 11 V¥
812 2213 1 V¥ 72 A 1048 0 Vv 101 A 1115 0 VvV 115 A 1080 1 V¥ 95 A
1216 2222 2 V 62 A 1067 20 V¥ 34 NS 1116 6 Vv 61 A 1066 0 V¥ 48 A
16-20 2225 26 NS 33 NS 1062 131 A 19V 1116 101 A 6 V 1080 24 NS 27 NS
20-24 2231 74 A 9V 1079 36 NS 15 V¥ 1023 40 NS 6 Vv 1080 90 A 16 V¥V
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When compared with distribution of the total cases of validation data, A greater at p < 0.05; ¥ smaller at p < 0.05; NS not significantly

different from the pattern of the entire validation data
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-1 Normalized difference vegetation index 1 20 km

Fig.8 Normalized difference vegetation index for the pixels repre-
senting 30x30 m areas around the meteorological stations at 10:15
AM on 6 August 2015. The arrows indicate the locations of the mete-
orological stations. The purple pixels indicate cloud and its shadow
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Fig. 9 Population density in Tokyo according to the 2020 census. The

grids indicate 1x 1 km squares. The red arrows indicate the locations
of the meteorological stations

3.3 Additive Effects of Seaside Meteorological Data
on AT, 1xy Predictability

The author investigated if the addition of data from the seaside
sites of Haneda and Edogawa improved the AT predictabil-
ity. When the smallest 200 AT 51y values were estimated
for the August dataset, the Itabashi site was, to some extent,
independent (IRI<0.37; Table 5) from the other sites that had
a common tendency of south—north wind speeds (R > 0.70).
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Table4 Time slots for the cases of the estimated smallest/greatest
200 ATIlabashi—Nerima values

Time  August 2017-2022 January 2018-2020
slot Total Greatest Smallest Total Greatest Smallest

cases 200 AT 200 AT cases 200 AT 200 AT

0-4 2232 66 A ov 1116 52 A 9V
4-8 2232 44 NS 6V 1110 60 A 3 v
812 2232 5 V¥ 53 A 1110 0 V¥ 107 A
1216 2232 13 V¥ 105 A 1116 2 V¥ 73 A
16-20 2232 26 NS 35 NS 1116 28 NS 4 Vv
20-24 2231 46 A 1V 1116 58 A 4 Vv

When compared with distribution of the total cases of validation data,
A greater at p < 0.05; ¥ smaller at p < 0.05; NS not significantly
different from the pattern of the entire validation data

The wind components from the Edogawa and Haneda sites
had greater correlations with those at the Tokyo site. When
Edogawa and Haneda data on temperature and wind speed/
direction were involved, the R? value for ATyp 1y improved
to 0.71 from 0.55, suggesting the significant effects of wind
from the seaside sites, as well as more unknown errors that
accounted for 29% of the total variation of AT |5 1ky-

When the smallest 200 AT 5 rxy values were estimated
in August, the Haneda and Edogawa site had strong winds,
mainly from the east and south (Fig. 10). West—east wind
speed revealed different correlation patterns from those for
south—north wind speed (Table 5). When the smallest 200
AT gty Were estimated, the four sites had significant
correlations with one another (R > 0.65). When the greatest
200 ATyppgky Were estimated, the Itabashi and Tokyo sites
had a significant correlation, whereas there was no correla-
tion with the Haneda nor Edogawa sites. Meanwhile, the
Haneda and Edogawa sites had a significant correlation in
the west—east wind speed.

3.4 Land and Water Surface Temperatures Around
the Nerima Site

At the Nerima site, 0.5 mm of precipitation was recorded
on 13 July 2023. Since then, until the time of surface meas-
urements on 27 July 2023, no precipitation was observed.
The mean surface temperatures for the lawn space and the
pond water near the Nerima site were 23.4 °C (+0.5 °C as
standard deviation, N=28) and 26.6 °C (x0.5 °C as stand-
ard deviation, N =7), respectively. The air temperature was
26.2 °C at that time (4:10 AM).

4 Discussion
The above results indicated the generation of cool air

plumes at the Tokyo and Nerima sites. Between the sites or
the seasons, there seems to have been different conditions
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Table 5 Correlation coefficients (R) between the meteorological stations in south—north or west—east wind speeds when the smallest/greatest 200
ATpashi-Tokyo Were estimated from the August 2017-2022 validation dataset

Site Smallest 200 AT tapashi-Tokyo Greatest 200 AT tapashi-Tokyo
ltabashi Toky Edogawa Haneda ltabashi Toky Edogawa Haneda
o o
Itabashi 0.78* 0.66* 0.66* 0.78* 0.09 0.08
Tokyo 0.76* 0.71* 0.11 0.08
Edogawa 0.88* 0.44*
Haneda

* Significant correlation at p < 0.05

The black letters on a white background indicate correlation coefficients (R) for the west—east wind speed vector, while the white letters on a

black background depict R values for the south—north wind speed vector
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Fig. 10 Wind directions and speeds at the Edogawa and Haneda
meteorological stations at the August time points of the smallest 200
AT poryo-1abashi Values estimated by machine learning of the meteoro-
logical data from the Itabashi and Tokyo sites

and mechanisms for cool air plume generation and disap-
pearance. The details will be discussed in the following
sub-sections.

4.1 The Climatic Conditions of the Tokyo Region

In August, the entire Tokyo region is dominated by warm
and humid southern winds, which results in more precipita-
tion than in January (Table 1) when the prevailing dry winds
come mainly from the northwesterly direction (Yoshino and
Kazuko 1981). Within the 33 X 25 km area in Fig. 1, spatial
variations in air temperature and wind occur. The differences
in distance from the sea are known to contribute to the cli-
matic differences, according to Saito (Saito 1976).

In Wiirzburg, Germany, even within a smaller area of
approximately 3 X5 km, the downtown area and a forest
differed in air temperature by up to 8 °C in late July 2019
(Rahman et al. 2022). Lembrechts (2023) simulated that
constructing high-story buildings after clearance of ordi-
nary houses and trees significantly increased the air tem-
perature of the area. The western side of the Nerima site
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is a residential area mainly consisting of ordinary houses,
while the Itabashi site is surrounded by tall concrete build-
ings and negligible green areas (Figs. 1 and 8). These differ-
ences were obviously associated with temperature and wind
differences (Table 1, Figs. 4 and 7).

4.2 Cool Air Plume and its Seepage

During some nights, the Tokyo site was shown to be covered
by the cool air plume from the nearby trees and the adjacent
Imperial Palace, while the Itabashi site was affected by heat
sources in the highly populated areas around the city hall
(Figs. 1 and 9). The cool trend at the Tokyo site after dark
(Table 3) was previously reported by Narita et al. (2009),
who measured precise changes in temperature, wind direc-
tion, and wind speed in the Imperial Palace and the sur-
rounding urban areas. They observed that the cooling effect
was pronounced when the site had calm wind, as shown in
this study. A review article by Gunawardena et al. (2017)
systematically explained the cooling effect in association
with urban heat islands. Each tree and the leaves were cooled
by releasing latent heat, as observed in the vertical thermal
profiles of the tree canopy (Kato et al. 2015). Radiative cool-
ing is a mechanism in which heat is lost from the ground
and is known to cool the environment (Narita et al. 2002).
These cooling mechanisms accumulate cool air in the green
area (Sugawara et al. 2008), resulting in a cool air plume.
Especially on nights with calm wind (<5 m s™!), the cooling
system generates air circulation. Warmer air rises from the
surrounding urban areas generating the low-altitude advec-
tion currents that draw cool air seepage from green areas
(Oke 1989). This seeping generates a circulation system that
completes its cycle with the subsidence of warmer urban air
from above into the green area.

A required condition of this circulation’s stability is
the calm wind speed (<5 m s™!) because stronger wind
impedes the vertical air movement and disrupts buoyancy-
driven effects by introducing rapid turbulent mixing. These
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processes of cool air seepage from the parks in Tokyo were
further described more precisely in previous reports. For
example, in Shinjuku Gyoen Park, another green area of
Tokyo, Narita et al. (2004) observed precise spatiotempo-
ral changes in air temperature in early August. The park
and adjacent urban areas had the greatest AT values from
late at night (22.00 PM) until the early morning (6.00 AM).
Within 8 h, the wind speeds dropped from 3 m s~! to less
than 1.5 m s™!. A similar negative correlation between wind
speed and cooling effect has been observed in Davis, Cali-
fornia, USA (Taha et al. 1989).

Rather than the cooling effects of tree canopies, the
Nerima site in January uniquely suggested the occurrence
of radiative cooling between late night and early morning
(20.00 to 8.00) (Table 4) because of the open lawn (Fig. 1)
and extremely calm wind (Fig. 7d) (Narita et al. 2002).
These conditions are known to release heat more easily than
tree canopies, especially when the sky is clear (Kawai and
Kanda 2010) and the wind is calm (Sugawara et al. 2008),
as seen in similar sites in the Tokyo region. In the domi-
nance of radiative cooling, the cooling mechanism based
on the transpiration of tree leaves and the accompanied loss
of latent heat must be less significant in the Nerima site
in January. Likewise, in the Tokyo site, where the greatest
AT g 1ky values were estimated, the effect of radiative cool-
ing seemed to be more significant in January than in August.
At the time points, the Tokyo site experienced calm wind
from the adjacent western area with an open lawn space and
dozens of large deciduous trees. From a scale-wise point of
view, these cooling processes in the green areas were micro-
scale (Young et al. 2005) and local-scale (Varentsov et al.
2021) processes that occurred within a distance of two to
some hundred meters away from the edge of the green area.

4.3 Microscale, Local-Scale, and Mesoscale Effects
in Association with Cooling and Heating
the Sites

Contrary to the cool nights with the calm wind (Fig. 7a—d,
Table 3), during the daytime, the Tokyo site tended to be
subjected to warm air from the downtown area surround-
ing the green area. When the smallest 200 AT g rxy values
were estimated in August, the Tokyo metrological station
was subjected to strong winds from all directions (Fig. 7a),
indicating that hot air plumes occasionally came from the
heat sources to the Tokyo site, beyond the Imperial Palace
(Jabbar et al. 2023).

At the same time, the Itabashi City Hall seemed to have
a relatively cooler northern wind. In Shinjuku Gyoen and
Hibiya Park, other urban green areas in Tokyo, thermo-
graphic profiling of tree canopies between 12:01 PM and
12:53 PM in August demonstrated that the cooling effect
is pronounced especially by tall trees (Kato et al. 2015).
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At the Tokyo site, the meteorological station has distances
of 10-20 m from the closest tree canopies (Fig. 1). In Mel-
bourne, Australia, a sensor located in similar conditions
indicated the cooling effect of tree canopies even during
the daytime (Motazedian et al. 2020). Therefore, the Tokyo
site could receive the cooling effects from the tree canopies
during the daytime. However, as the Tokyo site and Imperial
Palace are surrounded by busy offices and other buildings
in the downtown, during the daytime, due to the urban heat
island effect, the downtown and the Imperial Palace may
have a strong updraft (Bentley et al. 2010).

Meanwhile, when the smallest 200 ATpg rky values
were estimated in August, the seaside sites of Edogawa
and Haneda were dominated by strong eastern and south-
ern winds (Table 5, Fig. 10). Hence, it is very likely that
urban heat between the Tokyo site and either Edogawa or
Haneda reached the Tokyo site due to the strong winds, so
that the cooling effects of the tree canopies were completely
canceled by mixing the cool air with the absolutely greater
amount of warm air (Norton et al. 2013; Cosgrove and
Berkelhammer 2018).

Thus, the mechanisms that cause the greatest and small-
est ATrp-rgy values were indicated to be different, as
revealed in Moscow (Varentsov et al. 2021). The greatest
200 AT rp-rgy values were estimated when the microscale
to local-scale cooling processes were effective at the Tokyo
site. Conversely, the smallest 200 ATg-rxy values were
strongly associated with the mesoscale heat transfer medi-
ated by strong winds from the heat sources. Microscale to
local-sale climatic effects (Johansson et al. 2009) are given
within a small range of up to some hundred meters, while
mesoscale cooling and warming mechanisms by strong
winds produce effects on sites two to some hundred km away
(Young et al. 2005). In January, the strong winds, mainly
from northwest of the Tokyo site, were indicated to have
brought warm air from the Tokyo downtown area within
business hours (Table 3), while the Itabashi site was likely
to have been cooled by strong winds from the northwestern
area that is less inhabited (Fig. 9) and therefore with less
urban structures as heat sources (Fig. 8).

From this viewpoint of scale, the Nerima site is unique.
Figure 7e indicates hard-to-recognize differences in
wind direction and speed when the smallest/greatest 200
AT\ g nrym Values were estimated based on the August data-
set. Apparently, the extreme AT values were hardly associ-
ated with microclimatic effects. Rather, the extreme AT val-
ues resembled the results of mesoscale climatic differences
between the Itabashi and the Nerima sites in August (Fig. 4).

4.4 Uniqueness of the Park in Nerima

The Nerima site was expected to show the effects of cool
air plumes from the park that stretches on the eastern side
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(Fig. 1). Under similar conditions in Nagoya, Japan, the
cooling effect of a park was recognized up to 500 m away
from the park (Hamada and Ohta 2010). Referring to this
instance, the Nerima site is close enough to tree canopies
that could cool the meteorological station (Norton et al.
2013). Park cooling intensity was positively correlated with
park size in Italy (Bacci et al. 2003) and Mexico (Barradas
1991). A rectangle-shaped small park of approximately 2
hectares was microclimatically effective in Melbourne (Mot-
azedian et al. 2020), where the climate is similar to that
of Tokyo. The cooling effect reached a downtown corner
150 m away from the park. In the park that includes the
Nerima site, the pond alone spans 3.2 hectares (Sakaguchi
and Akasaka 2014); hence the park would be large enough
to reveal microclimatic effects, but the cooling effect was
apparently canceled by mesoscale effects in August. One
possible explanation is that the pond water was too warm
(26.6 £0.5 °C) until early morning (4:10 AM) to reveal the
cooling effect on the Nerima meteorological station (Guna-
wardena et al. 2017). In addition to the warm pond in sum-
mer, the narrow and long shape of the park (Fig. 1) could be
another reason why the cooling effect was not recognized in
August (Chibuike et al. 2018).

4.5 Cooling Tokyo and Other Large Cities

It is clear that the current study area (Fig. 1) has too many
heat sources and too small green areas for thermal comfort
in summer. Tokyo has less than 4% (area/area) green areas,
while some other cities such as London have more than 30%
green areas (UrSi¢ and Tamano 2019). Venhari et al. sug-
gested that, mesoclimatically, parks with greater areas are
required to cool the environment (Venhari et al. 2017). Mon-
teiro et al. estimated that widespread cooling of a city may
come from greenspaces of 3-5 ha, set 150 m apart (Monteiro
et al. 2016), although blocks filling these conditions are rare.
In London, a small area referred to as Roehampton is located
between large green areas. Due to this fortunate location,
Roehampton easily obtains thermal comfort (Gunawardena
et al. 2017). These examples are suggested as cooling solu-
tions in temperate climate zones. But most urban areas do
not have this advantage.

In Tokyo, in the daytime, mesoscale heat transfer super-
sedes the cooling effects of green areas. In Tokyo, as in
Gyeong-In, Korea (Lee et al. 2009), non-residential build-
ings are the most significant heat sources and account for
more than one-half of the total heat emission, while heat
emission from industrial sectors and cars is becoming less
significant (Ministry of the Environment Japan 2012).
Therefore, mitigation of the urban heat island effect must be
accompanied by diminishing heat emission and/or absorp-
tion that causes subsequent heat emission from the heated
urban structures.
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Because urban structures have significant urban heat
island effects, an effective countermeasure should be tak-
ing action against these structures. One example is the
use of materials that stop the conversion of solar radia-
tion into the thermal energy absorbed by urban structures
(Doi 2022). One idea is to increase thermal comfort by
constructing buildings along rivers at specific directions
to effectively take the cool airflow generated by rivers
(Narita 2006). Combining the greening of urban structures
and various other countermeasures against the urban heat
island effect should be favorable (Irie 2022; Giridharan
and Emmanuel 2018).

Such combinations of countermeasures to mitigate
urban heat island effects are expected to function in cities
in other climatic zones than temperate zones in addition to
those in temperate zones. Jeddah, Saudi Arabia, is located
in an arid climatic zone. The climate is categorized as a
hot desert climate, in which water availability is much
lower, while the summer lasts longer than in Tokyo. The
annual precipitation is 60 mm, but this amount is estimated
to be adequate to enable urban green infrastructures if the
large amounts of precipitation that currently remain lost
are kept under control (Bogis et al. 2021). In Saudi Ara-
bia, fortunately, rooftop and vertical wall greening is well
supported by local communities (Maghrabi et al. 2021).
In Dhahran, another city in Saudi Arabia, a greening strat-
egy reduced electricity consumption for air conditioning
by approximately 35% (Mahmoud et al. 2017). In Johor
Bahru, Malaysia, under its tropical rainforest climate, the
greening of rooftops reduced the temperature in the rooms
below by more than 4 °C (Rashid and Ahmed 2009). This
cooling effect is marked because an increase in global
air temperature of 1.5 °C results in a 37% increment in
heat-related deaths (Vicedo-Cabrera et al. 2021). Rooftop
greening and other greening methods have high feasibility,
and are thus worth considering in regions in tropical and
hot arid climatic zones, in addition to temperate zones.
These effects in the above regions are worth investigat-
ing in terms of thermal comfort, mortality, and energy
consumption, mainly due to air conditioning. Expanding
these viewpoints, urban greening components have been
depicted by Khan and Li (2024).

In some cities and countries including Tokyo, the
declining population may help the mitigation by decreas-
ing the demand for real estate properties (Uto et al. 2023),
followed by constructing new green areas. More funda-
mentally, human population control should be added as the
18th or Oth sustainable development goal because it is the
most fundamental cause of the urban heat island phenom-
enon, global warming, and other challenges to sustainable
socioeconomic development.
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4.6 Technical Aspects, Limitations of this Study,
and Prospective

The values of the slope (< 0.755) for the regression in Fig. 6
show that the effectiveness of the independent variables on
AT estimation was limited (Choudhry et al. 2012). Some
possible causes may be enlisted. Among the sites, occasion-
ally, differences in precipitation within 10 min occurred. In
the comparison between the Itabashi and Nerima sites in
August, among the 26,783 cases, there were 889 cases in
which precipitation differences (0 <Idifferencel) were rec-
ognized. According to Table 2, year was a significant source
of the total variation of AT (Table 2), though this was not
expected. In addition to the natural differences, anthropo-
genic factors such as changes in the intensity of heat sources
at different time points and on days are likely to have con-
tributed, as in Paris, where the intensity of heat sources was
20% smaller on Sundays than weekdays (de Munck et al.
2013).

AT is not described by the intensity of the cooling effects
of green areas alone. The intensity of the mesoscale heat
transfer is another determinant of AT. The improvement in
AT g iy Predictability from an R? value of 0.55 to 0.71 by
including the Edogawa and Haneda data demonstrates the
significance of various unknown heat sources between the
Tokyo site and the seaside sites more than 10 km apart from
the Tokyo site. More unknown sources account for 29% of
the total variation. Therefore, these multiple cooling/heating
variables that do not necessarily have correlations with one
another make accurate AT estimation difficult. At the same
time, therefore, combining data from other sites than those
to be compared will be helpful because urban morphological
and land use patterns are complex (Figs. 8, 9, 10, Table 5).
Adding wind and other meteorological data from more sta-
tions will make the AT value more predictable because these
data are likely to have an association with AT. Alternatively,
as de Munck et al. (2013) suggested, socioeconomic and
other variables such as traffic data (Husni et al. 2022) may
be incorporated into the calculation to determine its relative
significance compared with meteorological variables.

Also, the current approach does not elucidate precise
changes in canopies, forests, and parks, including vertical
changes in temperature and wind. Hence, combining the
current approach and the techniques of precise measure-
ments and analysis applied by the authors in previous stud-
ies [e.g., (Kato et al. 2015; Narita et al. 2004)] would reveal
more facts about the cooling effects of urban green areas.
Previous studies with precise measurements have been con-
ducted within periods of up to a week. These period could
be extended because, at this time, various sensors and log-
gers are becoming widely available at a reasonable cost.
Some loggers have large enough capacities to record tem-
perature and other meteorological records for multiple years
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at a time resolution of 10 min, and are thus applicable to
long-term studies on forest canopy microclimates (Von Arx
et al. 2012). These tools and the current approach employing
artificial intelligence will visualize more precise behavioral
patterns of cool air plumes in green areas. These precise
observations may generate three-dimensional plots or videos
that show the size, shape, boundary between, and movement
of cool and hot/warm air plumes.

5 Conclusions

This is the first study to visualize cool air plumes from urban
green areas using wind directions and speeds at meteoro-
logical stations in green areas and compare their air tem-
peratures with those at an urban site by relying on artificial
intelligence. AT values for multiple years were determined,
resulting in more than 12,800 cases incorporated into the
neuro-evolution of an artificial intelligence architecture.
The analyses of wind directions and speeds for the cases of
extremely small and large AT values revealed cooling effects
as the result of microscale and local-scale climatic processes
in the green areas. The occurrence of cool air plumes was
recognized during nights with calm winds in green areas,
indicating the effects of the loss of latent heat from the cano-
pies and/or radiative cooling of unpaved open areas.
Meanwhile, the other extreme AT values showed that the
green areas became hotter/warmer than the urban site. In
these cases, the green areas were indicated to be subjected
to strong hot/warm winds from the urban heat sources sur-
rounding/near the green areas. Hence, the heat transfer to the
green areas was thought to be a mesoscale climatic process.
This current approach is valuable and worth extending
to other cities in subtropical, tropical, and hot arid regions.
The current approach involved a large number of cases, more
than 12,800 over multiple years. Artificial intelligence will
be valuable because the number of cases and the period
of time enhance the statistical reliability of predicting the
cool air plume appearance, as well as its disappearance.
The advantage will be pronounced, especially if the cur-
rent approach is combined with precise in situ measure-
ments such as three-dimensional profiling of canopy and air
temperature in and around urban green areas, especially if
the precise measurements were automated. This combina-
tion should bridge the mid- to long-term analysis of cool
air plume behavior and the precise understanding of in situ
processes. Hence, this combination is expected to contribute
to the mitigation of the urban heat island effect by provid-
ing basic information on cool air plumes from urban green
areas. The reliable information based on precise and long-
term observations of cool air plumes and the generation pro-
cesses will aid in urban planning to enable the mitigation
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of the urban heat island phenomenon by relying on urban
green areas.
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