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ABSTRACT
Land surface temperature (LST) in association with urbanization has significantly
influenced on local climates and terrestrial surface processes. By using multi-
temporal Landsat data in the GEE platform, the study has found that there have
been changes in land covers due to the main drivers of industrial development,

Article info: urban and built-up expansion. This study estimated land surface temperature (LST)
Received: 24/05/2024 in Chuong My district from Landsat 5, 7, 8 and 9 thermal infrared sensors, using
Revised: 26/06/2024 different surface emissivity sources. The Google Earth Engine (GEE), an advanced
Accepted: 29/07/2024 earth science data and analysis platform, offers the estimation of LST products,

covering the time period from 2000 to 2024 in study site. RF algorithm for land cover
classification and mapping is suggested to be applied in Chuong My district, with
overall accuracy of land cover mapping in 2024 being 91.9% with Kappa coefficient
of 0.89. The period 2000-2010 showed that 327.0 ha of land were converted to land
for industrial development, urban and residential land, while the period 2010-2024
continued to witness a continued conversion of land to other land use purposes, with

Keywords: a decrease in agricultural land area (65.7 ha) and an increase in industrial land use
Emissivity, Land surface (65.2 ha), but the rate of conversion was much lower than the previous period (2000-
temperature, Landsat, 2024). The periods of 2000-2010 and 2010-2024 showed that there have been
NDVI. significant changes in land surface temperature. Most of the surface temperature in

the entire region increased by over 2°C, especially in the period 2003-2015 when a
total area of 1424 ha had the temperature increased by above 3°C. This is a
consequence of the process of urbanization and industrialization, which began to
take place in 2008, along with the process of changing the land cover status of the
study area. Further studies are needed to better understand the thermal
conductivity of surface materials and to plan how to reduce LST in such areas.

TOM TAT
Tir khéa: Nhiét dé bé mét dét két hop vdi qud trinh dé thj héa dé dnh huéng ddng ké dén khi
D4 phdt xa, Landsat, NDVI, h@u dia phuong va cdc qud trinh bé mdt dét. Bang cdch s dung di liéu Landsat da
nhiét dé bé mdt dat. thoi gian trong nén tdng GEE, nghién ctru dd phdt hién ra rdng dé cé nhitng thay déi

vé dé che phu dét do cdc dong lwc chinh cua phdt trién céng nghiép, mé réng dé thj
va xdy dwng. Thud@t todn phdn logi rirng ngdu nhién (RF) duwoc stz dung dé phdn logi
I6p phi mdt dat cho két qué dé chinh xdc téng thé la 91,9% vdi chi sé Kappa ld 0,89,
thudt todn RF duwoc dé xudt dp dung tai khu vire nghién ciru. Giai dogn 2000-2010
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€6 327,0 ha dét dwoc chuyén déi sang dét phdt trién céng nghiép, dét dé thj va dat
G, trong khi giai dogn 2010-2024 tiép tuc chirng kién tinh trang chuyén déi dét sang
muc dich st dung khdc tiép tuc, ty Ié ddt néng nghiép gidm. Dién tich dét (65,7 ha)
va tdng st dung dét céng nghiép (65,2 ha), nhung ty 1€ chuyén déi thdp hon nhiéu
so vdi giai doan trwdc (2000-2024). Giai dogn 2000-2010 va 2010-2024 cho théy
nhiét d6 bé mdt dét lién cé sw bién déi ré rét, phén Ion nhiét d6 bé mdt toan ving
tdng trén 2°C, ddc biét Id giai dogn 2003-2015 vdi téng dién tich ld 1.424 ha. noi
nhiét dé tdng Ién trén 3°C. Péy la hé qud cla qud trinh dé thj héa, céng nghiép héa
bdt déu dién ra tir ndm 2008 va qud trinh thay déi hién trang thdm phi khu vue

nghién ctru.

1. INTRODUCTION

Land surface temperature (LST) is an

important parameter for environmental
studies, which uses the monitoring of
landscape processes and responses [1],

including the early detection of forest fires,
risks of drought, water balance [2-3]. To better
understand the progress of climate change
which is often based on elements such as
surface temperature, there is a need for
frequent data provision to obtain the LST time
series.

The Landsat 5, 7, 8 and 9 satellites carry
thermal infrared radiometers, thus proved to
be suitable for LST estimation. Over the last
decades, there has been an increasing demand
for satellite-derived surface temperature
products [4]. Landsat-derived LST is largely
used for urban temperature studies, especially
for the study of the urban heat island
phenomenon [5-7]. Many studies have used
different algorithms and approaches for LST
retrieval from Landsat [8-9]. Some of these
algorithms have been employed in software
tools, such as a plugin for the open-source
software QGIS, to calculate LST from Landsat 5,
7, 8 imageries [10]. Similar tools have evolved
for ERDAS software for processing Landsat 8
acquisition [11]. However, such tools require
software installation and raw satellite data
downloads which are extremely time-
consuming.

The purpose of this study is to describe a
method implemented in GEE platform that has

been developed to provide fast and easy access

to LST from the Landsat data. The approach
uses a single channel (SC) algorithms to analyse
Landsat 5, 7, 8, 9 thermal infrared
observations. In the era of advanced
information technology, the growing demand
for LST data opens the path for new way for big
data information exploration through the GEE.
Using the online GEE platform offers the access
to large catalogues of satellite imagery and
planetary scale analysis capabilities. The LST
in the
background on the Google cloud computing
servers, with direct access to the GEE satellite

estimation process is performed

data catalogue. Thus, the application only takes
a relative short amount of time, which can be
measured in seconds, to produce Landsat LST
with no need for any computational resources
from the user [4].

The objective of this
investigate the remote sensing thermal values
in GEE platform to study the causes of the
surface urban heat island (SUHI) effect of
Specific

study was to

urbanization and industrialization.
objectives were formulated: (1) to construct
the land use and land cover (LULC) and detect
the changes in LULC; (2) to estimate the LST
variability in Chuong My District; (3) to identify
the autocorrelation between LST and changes
in LULC; then discuss the negative impacts of
the heat island.
2. RESEARCH METHODS
2.1. Study site

This study was conducted in Chuong My
district, Hanoi city, which is located in 20.924 N

and 105.704 E (Fig. 1). Chuong My is a district
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of Hanoi in the Red Delta region of Vietham,
which is bordered by Ha Dong country; Thanh
Oai to the East; Hoa Binh to the West; My Duc
and Ung Hoa districts to the South; and Quoc
Oai district to the North [13]. Chuong My is
subdivided into 32 townships and communes.
This district is well-known for its abundance of
surface water resources, including a network of

0°g0’ =00 LIPH0E

rivers and streams, which play a very important
role in regulation of farming irrigation system
and hydrologic cycles [13, 14]. However,
agricultural and urban land use conversion
have been the main drivers for water crisis,
droughts, urban heat island, particularly in the
summer season.
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Fig. 1. Geographic location in Chuong My showing land-use and land cover
after the conversion took place in Chuong My district

2.2. Methodology
2.2.1. Random Forest algorithm used for land
cover classification

Random forest is known as the classification
of multi-sourced remote sensing and
geography data [15]. The Random Forest (RF)
algorithm is considered one of the most
accurate land cover classification methods
[16]. Therefore, the RF was selected, tested
and used for land cover classification in
combination with NDVI classifiers in Chuong
My district. This method has achieved the best
accuracy of land classification and has been
confirmed by many studies [17, 18, 19].

The overall accuracy (OA) is known as the
total percentage of classification, given by the
ratio between the number of correctly
classified units and their total number, while
User accuracy (UA) and Producer accuracy (PA)

are defined as single-class classification

accuracies. The UA is the ratio between
correctly classified and all classified units in a
given class, while the PA is the ratio between
the number of correctly classified units and the
number of validation units in a given class. In
this study, the UA and PA were calculated, for

each LC class, as the mean value of all LC

classes, UAm (Eq. 1) and PAm (Eqg. 2),
respectively.
UA, = 2222 (1)
PA,, = Zi=1 PA (2)

n
Where n is the number of LC classes.

To assess the accuracy of land cover
classification by the Random Forest approach
(RF), the study used 100 GPS points collected
from the field, allocating to forest class with 30
GPS points, built-up and urban areas (20 GPS
points); water (20 GPS points); and agricultural
land (30 GPS points).
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2.2.2. Land surface temperature (LST)
estimation developed in GEE

The algorithm available in GEE was used
in this study. GEE has two APls, namely a
JavaScript and a Python interface. Both of them
provide libraries of functions of accessing

Google’s computing and storage infrastructure.

This study used the Python API for the land
surface temperature derived from the multi-
temporal Landsat data (Figs. 3a, 3b, 3c).

Land surface temperature was calculated in
the GEE platform and demonstrated in Fig. 2
and Fig. 3a, Fig. 3b, and Fig. 3c.
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Fig. 2. Flow chart of land surface temperature calculated in GEE platform
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Fig. 3a. Land surface temperature calculated in

GEE platform from 2000- 2012 (Landsat-5)

GU g|e Earth Englﬂe Q. Seamh plages and datasets onmj
mmmmmmm CE BN CRECEC O] o megn
(4 entrde le
i m - 3 T{of Snarch or cancel multiple tasks in the Task Manager (4
* Owne (4) ) .
* usersfHaiPhong nlmtiona Papers iyl 1;”\."" URSUBMITTED ThSKS
Canh baor S0y thodi ing [ JEg m
THOA Sentl puiv] 3
i 187,200
It tra dnh 514 i i B L1200 m
TLANDSATS S Mengrove covercetecton /) el Bl m
WLST Landsat & Land : s
WLST Landsat 7Lands 7 t0 SUBMITTED TASKS

Fig. 3b. Land surface temperature calculated in GEE platform from 2021- 2023 (Landsat-8, Landsat-9)
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Fig. 3c. Land surface temperature calculated in GEE platform from 2014- 2020 (Landsat-7, Landsat-8)

Table 1. Landsat 5, 7, 8, and 9 thermal bands: wavelengths, spatial resolution and time period covered

Landsat data Thermal band(s) # Wavelength (um) Spatial resolution (m)
Landsat 5 Band 6 10.40-12.50 120 (30)?
Landsat 7 Band 6 10.40-12.50 60 (30)?

Band 10 10.60- 11.19
Landsat 8 Band 11 11.50- 12.51 100 (30)°
Lansdsat 9 Band 10 10.60- 11.19 100 (30)?
Band 11 11.50-12.51

Thermal band data are required at a lower
resolution and resampled with cubic convolution at
a higher spatial resolution before distribution as
products by USGS.

2.2.3. Data used for LST estimation

The main source of data in this study
includes Landsat 5, 7, 8 and 9 acquisitions,
provided by the USGS and included in the GEE
data catalogue. GEE provides easy and instant

access to satellite products and the computing
resources to process them directly on the
platform (Fig. 3a, 3b, 3c). Data from various
sources and satellites are organised in image
collections to allow for their combinations and
simultaneous processing. Table 2 indicates the
data used for LST estimation along with GEE
data catalogue identifier (Table 2).

Table 2. List of products in the GEE catalogue used to estimate the Landsat LST

Data

GEE product identifier

Landsat 5: Radiance at sensor from Band 6
Landsat 5: Brightness temperature from Band 6
Landsat 7: Radiance at sensor from Band 6
Landsat 7: Brightness temperature from Band 6
Landsat 8: Radiance at sensor from Band 10
Landsat 8: Brightness temperature from Band 10
Landsat 9: Radiance at sensor from Band 10
Landsat 9: Brightness temperature from Band 10
Landsat 5: Surface reflectance product

Landsat 7: Surface reflectance product

Landsat 8: Surface reflectance product

Landsat 9: Surface reflectance product

Landsat/LT5_L1T
Landsat/LT5_TOA_FMASK
Landsat/LE7_L1T
Landsat/LE7_L1T_TOA_FMASK
Landsat/LC8 L1T
Landsat/LC8_L1T_TOA_FMASK
Landsat/LC9_L1T
Landsat/LC9_L1T_TOA_FMASK
Landsat/LT5_SR
Landsat/LE7_L1T_SR
Landsat/LC8_SR
Landsat/LC9_SR

Fmask, from extra band in GEE’s brightness
temperature products

Landsat/LT5_L1T TOA_FMASK
Landsat/LE7_L1T TOA_FMASK
Landsat/LC8_L1T_TOA_FMASK
Landsat?LC9_L1T _FMASK
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3. RESULTS AND DISCUSSION

Land cover from multi-temporal Landsat
data:

To classify the land cover into four classes,
including forests, agriculture, urban and built-
up areas and water, this study used the
thresholds of NDVI, and land cover maps were

then constructed among different years (Table
3). As a result, the results showed that NDVI
ranged from -0.465 to 0.806, where the higher
value of NDVI indicates a denser land cover by
vegetation. There are four land cover classes
based on the thresholds of NDVI as shown in
Table 3.

Table 3. Land cover derived from Landsat data during 2000- 2024 (ha).

Land-cover 2000 2005 2010 2015 2020 2024
Forests 3240.8 2456.6 4515.6 3314.2 3003.3 3601.0
Agriculture 13564.2 14840.8 11539.5 14419.0 12890.1 11373.3
Built-up 6573.3 5328.6 6178.8 5196.2 7043.6 7364.9
Water 467.9 1220.2 1612.2 916.8 909.2 1507.0
Total (ha) 23846.2 23846.2 23846.2 23846.2 23846.2 23846.2

As indicated from Table 3 and Fig. 4, the
extent of land cover has changed since 2000. In
particular, the tendency of agricultural land has
reduced and been replaced by built-up areas,

0°00° 5°00°E 10°00'E

with evidence being an increase of built-up
areas from 3573.32 ha (2000) to 4364.92 ha
(2024).
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Fig. 4. Land cover derived from Landsat 2024 in Chuong My district

Accuracy assessments of land
classification:

As a result in 2024 in Table 4, the overall
accuracy of land cover classification is 91.9%
with Kappa coefficient of 0.89. In particular,
forest cover has an accuracy of 81.1%,

agricultural land of 96.7%, urban and built-up

cover

102

areas of 92.0%, and water with an accuracy of
94.6%. With the accuracy assessments, the
Random Forest classification is reliable and
highly accurate in land cover classification from
Landsat. In fact, a number of previous studies
confirm the reliability of RF classification and
its suitability for land cover classification.

JOURNAL OF FORESTRY SCIENCE AND TECHNOLOGY VOL. 9, NO. 2 (2024)



Resource management & Environment

Table 4. Accuracy assessments of land cover classification in Chuong My

2000 2005 2010 2015 2020 2024

landcover  UA PA UA PA UA PA UA PA UA PA UA PA
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

Forests 95.0 1000 97.1 872 972 946 8.8 971 100.0 100.0 90.1 811

Agriculture 930 930 79.7 908 732 813 89.1 81.7 877 891 881 96.7

Built-up 92.0 840 877 781 8.0 758 921 921 913 913 920 920

Water 96.0 100.0 95.0 100.0 949 925 97.6 100.0 100.0 97.8 100.0 94.6
OA (%) 94.0 87.9 84.1 91.5 93.3 91.9
Kappa 0.91 0.83 0.78 0.88 0.91 0.89

*Note: UA (User accuracy); PA (Producer accuracy); OA (Overall accuracy).

Surface temperature estimation from Landsat:
As a result, land surface temperature derived from Landsat data was summarised in Table 5.

Table 5. Averaged land surface temperature derived from Landsat data in Chuong My district.

Year Max! Min? Mean' Year Max! Min? Mean'

2000 35.0 20.0 28.8+£2.0 2012 37.0 10.0 29.2+4.3
2001 39.0 12.0 33.6£3.0 2013 35.0 19.0 30.412.4
2002 37.0 25.0 32.3+2.1 2014 32.0 16.0 28.0+3.1
2003 36.0 15.0 30.0+£2.7 2015 42.0 28.0 36.612.4
2004 33.0 19.0 29.7t£1.6 2016 36.0 22.0 31.6x£2.3
2005 40.0 23.0 31.1+2.1 2017 35.0 18.0 30.812.4
2006 36.0 21.0 32.4+£1.8 2018 38.0 25.0 34.1+£2.5
2007 34.0 19.0 29.81£2.2 2019 38.0 19.0 33.0£2.5
2008 34.0 19.0 26.6x£2.0 2020 38.0 9.0 33.31£2.8
2009 33.0 13.0 28.3t1.9 2021 43.0 26.0 36.6%£3.0
2010 31.0 18.0 27.9¢1.9 2022 36.0 23.0 32.8%12.2
2011 37.0 21.0 31.6%£2.0 2023 34.0 23.0 35.24+2.6

*Note: ‘Temperature was estimated from Landsat data in the GEE platform.
Variation of land surface temperature from 2000- 2023:

Mean land surface temperature
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Fig. 5. Variation of land surface temperature derived from Landsat data from 2000-2023
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Fig. 6. Land surface temperature in Chuong My from Landsat data in 2022

As shown in Table 5 and Fig. 6, there was a
high degree of variability in averaged land
surface temperature (LST) from 2000 to 2023,
ranging from 26.6°C (2008) to 36.6°C (2023)
with the mean of 31.4+2.7°C. However, the
data exhibited a greater variation of maximum
land surface temperature from 2000-2023,

such as the temperatures in 2004 (40°C), 2010
(31°C), 2015 (42°C) and 2021 (43°C), with mean
maximum LST of 39.1+2.9°C (Fig. 7). More
importantly, these variations imply that there
may be a driver of change in LST in Chuong My
district.

Variation in max LST

Max LST (Degree Celsius)

Fig. 7. Variation of max LST derived from Landsat data in Chuong My District

Relationship between surface temperature
and land cover:

The analysis of changes in land cover
showed a distinct variation over time across
the region, especially in industrial and built-
up areas between 2000 and 2024. In 2000,

there was a pre-period of land-cover
conversion driven by industrial, urban areas
and built-up expansion, whereas the post-
period of the change took place in 2024. The
land cover change among periods s
summarised in Table 6.
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Table 6. Changes in land cover in Chuong My in the period of 2000-2024 (ha)

Land cover 2000 2010 2000- 2010- 2024 2020- 2000-
2010 2020 2024 2024
Forest 3240.8 45156 12748 3003.3 -1512.3  3601.0 5113.3 360.2
Agriculture  13564.2 11539.5 -2024.7 12890.1 1350.6 11.373.3 10022.7 -2190.9
Built-up 65733 6178.8 -3945 70436  864.8 7364.9 6500.1 791.6
Water 4679 16122 11444 9092  -703.1  1507.0 22101  1039.1

Table 6 indicates that there has been a
change in land cover (extent) for 24 years due
to the conversion of land use, partially
contributing to an increase of “urban heat
island” during the summer. Notably, there was
an increase in land surface temperature during
the period of 2000- 2023 shown in Figs. 5 and
7. This finding is confirmed by previous studies
[20, 21,22]. These studies all confirm that built-
up and low vegetated areas are responsible for
the high LST and industrial areas frequently
appear as urban hot spot. In addition, satellite
data, including Landsat data, are suitable for
estimating the urban heat island.

4. CONCLUSION

With the application of multi-temporal data
in the GEE platform, the study pointed out that
the land cover has witnessed significant
changes with the main drivers being industrial
development and urban and built-up
expansion. It is suggested that RF algorithm for
the classification and mapping of land cover in
2024 be applied in Chuong My district, whose
overall accuracy of land cover mapping is
recorded at 91.9% with Kappa coefficient of
0.89. The data for the period from 2000 to 2010
demonstrated the conversion of 327.0 ha of
land areas to other land uses such as industrial
development, and urban and residential land.
There was also a similar continued trend of
land conversion into other land use purposes
recorded between 2010 and 2024, with a
decrease in agricultural land area (65.7 ha) and
an increase in industrial land use (65.2 ha).
However, it was calculated that the period of
2010-2024 saw a lower rate of conversion than

the previous period (2000-2010). The findings
found that high LST values were concentrated
in urban and industrial areas, with buildings,
impermeable pavements  and sparse
vegetation. Urbanised and poor vegetation
areas have high surface urban heat island
intensity. The figures for the periods of 2000-
2010 and 2010-2024 indicated that the LST has
experienced major changes, where most of the
LST was recorded with an increase of over 2°C.
Notably, from 2003 to 2025, a total area of
1424 ha underwent an increase of above 3°Cin
temperature. The previously mentioned
consequences stem from the process of
urbanization and industrialization, which first
occurred in 2008, as well as the change in land
cover status in the study area.
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