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BACKGROUND AND OBJECTIVES: This study aims to determine the relationships between land cover
presented by vegetation index and land surface temperature, between vegetation index and the built-up
index, between built-up index and land surface temperature, and between land surface temperature and
rainfall characteristics in East Java Province, Indonesia.
METHODS: Three cities and four regencies were used as examples. Landsat imagery scanned in 1995, 2001,
2015, and 2020 were used. Daily rainfall data recorded in the same years with Landsat data are used. The
pixel values along the urban heat island line were used to analyze the interrelationships between vegetation
index, built-up index, and land surface temperature. The land surface temperature and daily rainfall data
from each Thiessen polygon were used to analyze the relationship between land surface temperature and
rainfall characteristics. Image processing analysis was used to analyze the vegetation index, built-up index,
and land surface temperature. The mathematical interrelationship between vegetation index, built-up
index, land surface temperature, and rainfall intensity was analyzed using linear regression.
FINDINGS: The results of the analysis show that the relationship between vegetation index and built-up
index is inversely proportional and with land surface temperature is nearly inversely proportional to a
coefficient of determination greater than 0.5. For the relationship between the built-up index and land
surface temperature, the results of the analysis show that both have a directly proportional relationship,
with a significant coefficient of determination (R2>0.5). For the relationship between land surface
temperature and rainfall characteristics, the results of the analysis show that land surface temperature has
a directly proportional but weak relationship with rainfall intensity and an inversely proportional but weak
relationship with the number of rainfall days. Decreasing environmental conditions indicated by decreasing
vegetation index will influence increasing land surface temperature and its effect on increasing rainfall
intensity and decreasing rainfall days.
CONCLUSION: Changes in land use/land cover are characterized by a change in vegetation cover to built-up
land. These changes affect the land surface temperature. Changes in land surface temperature affect the
occurrences of rainfall intensity. When the vegetation index decreases, the built-up index increases, and
the land surface temperature increases as well. The increase in land surface temperature will increase the
rainfall intensity. Satellite remote sensing imagery is effective and efficient for analyzing vegetation index,
built-up index, and land surface temperature.
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INTRODUCTION
Population growth in Indonesia, particularly in
East Java Province, follows the exponential function
(BPS-SJTP, 2021; Nicolau et al., 2018). Food, clothing,
and household consumption increase rapidly to
fulfill the basic needs of human life. To increase food
production, agricultural land needs to be expanded.
Agricultural land is located in flat areas but is currently
being expanded to hilly areas. To meet the housing
needs, the city grows from suburban areas, such
as agricultural or forest areas, to urban areas. This
activity are converted pervious areas into impervious
areas. This phenomenon will rapidly change land
use/land cover (LULC) from vegetation areas to nonvegetation areas (Moslenko et al., 2020; Stehfest et
al., 2019), which will affect the increase of the land
surface temperature (LST) (Guha et al., 2018; Hua
and Ping, 2018). Garouani et al. (2021) concluded
that LULC change has an important consequence
in hydrology. Predicting precipitation until the
21century is affected by LST (Himayoun et al, 2020).
Hu et al. (2020) mentioned that trend surface runoff
has consistent with the trend of impervious area, and
Shiraki and Shigeta (2013) was concluded there is a
relation between LST and convective precipitation
frequency. From those studied, no discussion of
the relationship between LST and rainfall intensity
and the number of rainfall days (NRD). The rainfall
characteristics are important as input data to peak
discharge analysis. The peak discharge data are
most important in flood analysis, water structure
design, and soil erosion analysis (Anache et al., 2017;
Kovář et al., 2012; Jiang et al., 2019; Mapiam et al.,
2014). In this study, the effect of LST on the rainfall
characteristics especially in rainfall intensity and NRD
needs to be evaluated. Satellite remote sensing data
are one of the powerful data used to analyze the
LULC change from vegetation areas to non-vegetation
areas and LST change (Derdouri et al., 2021; Ferrelli
et al., 2018). One of them is Landsat imagery data.
LULC change can be analyzed using multi-spatial and
multi-temporal satellite remote sensing data. The
normalized difference vegetation index (NDVI) is one
of the vegetation indices commonly used to analyze
plant greenness (Mondino et al., 2016; Turvey and
McLaurin, 2012). The value of NDVI ranges from −1
to + 1. Values between 0 and −1 indicate that the
land is covered by non-vegetation objects, such as
dead plants, stones, roads, houses, and barren land.
2

The degree or level of land covered by green foliage
or plants is indicated by the NDVI with values from
0 to +1 (Chang et al., 2021; Reid et al., 2018). Zero
indicates the lowest area covered by green foliage
or plants, and +1 indicates the highest area covered
by green foliage or plants. In previous studies, many
researchers concluded that LST is related to the
pattern of LULC change, such as urbanized, vegetation,
and water areas (Almouctar, 2021; Maselli, 2012;
Samal and Gedam, 2017). Here the LULC change can
be represented by the change of NDVI. The plant
greenness will determine the level of solar radiation
absorbed by the leaves. The area with a high level of
plant greenness, which is indicated by the NDVI value
of +1, will have an LST lower than that of the area
with a low level of plant greenness. The relationship
between NDVI and LST will be discussed as the first
objective of this study. The LULC change can also be
indicated by the change of the normalized difference
built-up index (NDBI). This index indicates the level
of the built-up area, particularly in the urbanized
area (Badlani et al., 2017; Ibrahim, 2017). NDBI is the
opposite of NDVI. NDBI indicates the built-up area
(impervious area), including barren land, whereas
NDVI indicates land covered by green foliage or
plants, including vegetation, agricultural land, parks,
and gardens, as well as open space. The relationship
between NDVI and NDBI can be predicted to have
a negative correlation. This phenomenon will also
be discussed as the second objective of this study.
Climate change is one of the phenomena that
should be considered in the civil work plan. One of
the climate change indicators is the increase of LST.
Devi et al. (2020) concluded that deforestation has
an effect on LST, and Liu et al. (2021) mentioned that
LST change varied over different regions. A high LST
and a low NDVI will affect the decrease of rainfall and
soil moisture (Shiraki and Shigeta, 2013). Compared
with LST, land elevation has a more significant effect
on increasing the frequency of convective rainfall
than surface temperature (Peng et al., 2020; Shiraki
and Shigeta, 2013). The relationship between LST and
rainfall characteristics needs to be analyzed, and it is
the third objective of this work. East Java Province,
Indonesia is one of the provinces in Indonesia with
rapid LULC change (BPS-SJTP, 2021; Indarto and
Hakim, 2021). The second largest city in Indonesia,
i.e., Surabaya City, is located in East Java Province. As
the second largest city, the development of Surabaya

Global J. Environ. Sci. Manage., 9(3): 1-20, Summer 2023

City is fast, and LULC change is occurring rapidly
(BPS-SSM, 2021). A well-known resort area, i.e., Batu
City, is located in East Java Province. This city was
established in 2004, and LULC change is occurring
rapidly. Under these conditions, the LULC change
represented by NDVI and its effect on the LST and
rainfall characteristics in the aforementioned areas
need to be analyzed. The study will be conducted in
three cities and four regencies in East Java Province.
The Landsat Thematic Mapper (TM), Enhanced
Thematic Mapper (ETM+), and Operational Land
Imager (OLI) imageries recorded in 1995, 2000, 2015,
and 2020 are used in this study. Daily rainfall in the
same years recorded at the rainfall stations located
surrounding each study area is used as input data
in the analysis of the relationship between LST and
rainfall characteristics. Three analyses i.e., relationship
between NDVI and LST, between NDVI and NDBI,
and between LST and rainfall characteristics will be
analyzed in this study. Given that climate change is
occurring rapidly, research on the effects of LULC
change represented by NDVI on the LST, NDBI, and
rainfall characteristics in East Java Province needs to
be conducted. The main contribution of this study is to
quantitatively analyze the LULC change in some areas
in East Java Province from 1995 to 2020 using multitemporal Landsat imagery. The main purpose of this
study is to determine the relationship between LULC
change and rainfall characteristics. It can be expected
that the results of this study can be implemented
to predict the rainfall characteristics based on LULC
change, particularly in East Java Province. This study
has been carried out in East Java Province Indonesia
with 3 cities and 4 regencies in the years 1995, 2001,
2015, and 2020.

located in a lowland area with a flat topography with
an elevation of 3–6 meters (m) above sea level and
bounded by sea and land. Malang and Batu cities
are located in a hilly area and bounded by land. The
elevation of Malang City is 445–526 m above sea
level, and the average elevation of Batu City is 897
m above sea level. The four regencies are Malang,
Probolinggo, Sampang, and Tuban. Malang Regency
is located in the southern part of East Java Province,
and its southern area is facing the Indian Ocean. The
elevation of Malang Regency is 0–3,600 m above sea
level. Probolinggo Regency is located in the middle of
East Java Province, and its northern area is facing the
Madura Strait. The elevation of Probolinggo Regency
is 0–1,500 m above sea level. Across Probolinggo
Regency is Sampang Regency. Sampang Regency
is located in the middle of Madura Island, and its
southern area is facing the Madura Strait and its
northern area is facing the Java Sea. The elevation
of the Sampang Regency is 0–375 m above sea level.
Tuban Regency is located in the western part of East
Java Province, and its northern area is facing the
Java Sea. The elevation of Tuban Regency is 0–500 m
above sea level. A summary of the geographical and
demographic conditions of the study area is shown
in Table 1. Based on these conditions, Surabaya City
represents a high-density population and lowland
area, and Malang and Batu cities represent hilly areas
and growing cities. Meanwhile, Malang Regency
represents areas located in the southern part of
East Java Province, Probolinggo Regency represents
areas located in the middle part of East Java Province,
Sampang Regency represents areas located in
the middle of Madura Island, and Tuban Regency
represents areas located in the northern part of
East Java Province. The location of the study area is
shown in Fig. 1. The aims of the current study can
be summarized as: 1) To explore the LULC changes
represented by NDVI, NDBI, and LST from Landsat
imageries data; 2) To understand interrelationships
between NDVI, NDBI, and LST; and 3) To find the

MATERIALS AND METHODS
Study area
The study area is three cities and four regencies
in East Java Province, Indonesia. The three cities
are Surabaya, Malang, and Batu. Surabaya City is

Table 1: Geographic and demographic conditions of the study locations
Table 1: Geographic and demographic conditions of the study locations
No.
1.
2.
3.
4.
5,
6.
7.

Location
Batu City
Malang City
Surabaya City
Malang Regency
Probolinggo Regency
Sampang Regency
Tuban Regency

Area (km2)
199.09
110.06
326.81
3,530.65
1,696.17
1,233.30
1,839.94

3

Population
213.046
843.810
2,970,000
2,654,448
1,152,537
969,694
1,198,012

Topography
Hilly
Hilly
Flat
Flat–mountainous
Flat–mountainous
Flat–hilly
Flat–hilly

Land surface temperature changes on rainfall characteristics

Fig. 1: Geographic location of the study area in East Java Province, Indonesia

Fig. 1: Geographic location of the study area in East Java Province, Indonesia

Fig. 2: Flow diagram of the study method

Fig. 2: Flow diagram of the study method

relationship between LST and rainfall characteristics.
In principle, the methodology used in this study
includes image processing, rainfall data analysis
using the Thiessen polygon method, and regression
analysis. The diagram of the overall methodology
used in this study is shown in Fig. 2.

Image processing
Many satellites are recording the earth’s surface
conditions. Among them is Landsat. The Landsat
satellite is equipped with the TM, ETM+, and OLI
sensors to scan the earth’s surface conditions. The
imageries scanned by these sensors are used in this
4
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research. Image processing was conducted to achieve
the study goals, which include determining the NDVI,
LST, urban heat island (UHI), and NDBI. NDVI indicates
the LULC change based on the greenness level in the
study area. The Geographic Information System (GIS)
software was used for image processing.
Extraction of NDVI
NDVI is calculated based on the ratio of visible to
near-infrared (NIR) light absorbed and reflected by
plants. For Landsat 5 TM and Landsat 7 ETM+, visible
and NIR light are recorded at Bands 3 and 4, and for
Landsat 8 OLI, visible and NIR light are recorded at
Bands 4 and 5. The value of NDVI ranges from −1 to
+1. The values from −1 to 0 indicate that the area is
covered by dead plants, rock, water, bare land, and
built-up areas (Ozyavuz et al., 2015). The NDVI values
ranging from 0 to 0.33 indicate unhealthy plants, 0.33
to 0.66 indicate moderately healthy plants, and 0.66
to 1 indicate very healthy plants (Chen et al., 2021).
The formula used to calculate the NDVI values for
Landsat TM and ETM+ is expressed in Eq. 1 (Osyavus
et al., 2015), and the formula used to calculate the
NDVI value for Landsat 8 OLI, using Eq. 2 (Chang et
al., 2021).
NDVI = (Band 4 − Band 3)/(Band 4 + Band 3)	

(1)

NDVI = (Band 5 − Band 4)/(Band 5 + Band 4)	

(2)

Extraction of NDBI
In principle, urbanization is the change of land
cover from pervious areas to impervious areas caused
by the overlay of the land surface by impervious
materials, such as concrete, asphalt, and roof. One
indicator that can be used to detect the urbanization
rate is NDBI, which is generated from satellite images.
The formula used to calculate the NDBI is expressed
in Eq. 3 (Badlani et al., 2017; Bonafoni et al., 2016).
For Landsat TM and ETM+, short wave infrared
(SWIR) and NIR are represented by Bands 5 and 4,
respectively. For Landsat 8 OLI, SWIR and NIR are
represented by Bands 6 and 5, respectively. The value
of NDBI ranges between −1 and +1. A large NDBI value
indicates that the area has large proportions of builtup and construction areas (Firozjaei et al., 2019).
NDBI = (SWIR − NIR)/(SWIR + NIR)		

(3)

Extraction of LST from Landsat TM, ETM+, and OLI
LST is a natural phenomenon that can be detected
using satellite remote sensing data. For Landsat 5 TM
and Landsat 7 ETM+, LST can be generated from Band
6. For Landsat 8 OLI, LST is analyzed using Band 10 or
11. The formula used to calculate LST from Landsat
TM and ETM is expressed using Eq. 4 (Grover and
Singh, 2015; Mustafa et al., 2020; Ranagalage et al.,
2017).
Lλ = ((Lmaxλ − Lminλ)/(QCALmax − QCALmin))*((QCAL −
QCALmin) + Lminλ),		
(4)
Where, Lλ is the temperature of the satellite
sensor (brightness radiance), Lmaxλ is the maximum
radiance, Lminλ is the minimum radiance, QCALmax is
the quantized calibrated maximum, QCALmin is the
quantized calibrated minimum, and QCAL is the digital
number (DN) of Band 6. Based on the brightness
radiance, LST can be calculated using Eq. 5 (Almeida
et al., 2021).

T=

K2
			
(5)
 K1 
ln  + 1
 Lë


Where, T is the LST (Kelvin), K1 is Constant 1, and
K2 is Constant 2. The values of K1 and K2 can be found
in the Landsat 7 (L7) Data Users Handbook (USGS,
2019). To convert the LST from degrees Kelvin to
degrees Celsius, 273.15 should be subtracted from T,
using Eq. 6 (Grover and Singh, 2015).
TC = T − 273.15	

(6)

Where, TC is the LST in degrees Celsius.
For Landsat 8 OLI, the calculation to determine
the LST can be done as follows. The first step is to
calculate the top of atmospheric (TOA) spectral
radiance, using Eq. 7 (Hua and Ping, 2018).
TOA = ML * Ccal + AL,			

(7)

Where, ML is the radiance multiplicative scaling
factor (Radiance_Mult_Band_10) obtained from
the MTL file on the Landsat data, AL is the radiance

5
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additive scaling factor (Radiance_Add_Band_10)
obtained from the MTL file on the Landsat data, and
Ccal is the digital value of Band 10. TOA can also be
calculated using the same equation expressed in Eq.
6.
The second step is to calculate the brightness
temperature in degrees Celsius, using Eq. 8 (Garouani
et al., 2021).

K2
=
TC
− 273.15 .			
 K1 
					
(8)
ln  + 1
 Lλ

For Landsat 8 OLI, K1 and K2 are the band-specific
thermal conversion constants taken from the
metadata of the imagery file.
The third step is to calculate the proportional
vegetation (PV) using the NDVI, as expressed as Eq. 9
(Alexander, 2020).
2

 NDVI − NDVI min  			
PV = 

					
(9)
 NDVI max − NDVI min 
The fourth step is to calculate the error correction
(E), using Eq. 10 (Guha et al., 2018).
E = 0.004 * PV + 0.986.	

(10)

The fifth step is to calculate the LST in degrees
Celsius, using Eq. 11 (Ranagalage et al., 2017).

LST =

{ (

TC

			
 λ TC

1+



)

}


ρ LnE 

,			


(11)

Where, λ is the DN of Band 10 (λ is the wavelength
of emitted radiance (λ = 11.5 µm for Landsat TM Band
6, λ = 10.8 µm for Landsat TIRS Band 10) [Senanayake
et al., 2013], ρ = 14,380 (ρ = h × c/σ (1.438 × 10−2 mK)),
TC is the brightness temperature, σ is the Boltzmann
constant (1.38 × 10−23 J/K), h is the Planck constant
(6.626 × 10−34 Js), c is the velocity of light (2.998 ×
108 m/s), and E is the land surface emissivity or error
correction.
6

Analyses of UHI
The analysis of the LST is associated with the UHI
phenomenon. The UHI is part of the LST located at the
center of an urbanized area and depends on where
the line of the UHI will be drawn in the study area
(Almeida et al., 2021). Normally, the line of the UHI is
initially drawn from a suburban area to an urban area
and finally reaches another suburban area or crosses
another urban area. In this study, this line is called the
UHI line. The UHI phenomenon represents the higher
atmospheric temperature and LST in the urban area
than in the suburban area, which can be used to
detect the urbanization rate (Grover and Singh, 2015;
Yuan and Bauer, 2007). The increase of UHI is affected
by anthropogenic heat generated from traffic, LULC
change, and increase of impervious area, and it affects
the urban climate because of the exchange of energy
and level of conductivity (Alexander, 2020; Neinavaz
et al., 2020; Sekertekin and Bonafoni, 2020). The
change of LST is closely related to the change of UHI
because UHI is part of the LST located at the center
of an urbanized area. The values of NDVI, NDBI, and
LST along the UHI line will be used as data to analyze
their relationship with each other. LST and NDVI have
a reverse relationship, i.e., the decrease of NDVI will
affect the increase of LST (Arnon et al., 2010; Guha
et al., 2018; Hua and Ping, 2018). The increase of LST
will affect the change of the local climate, including
the change in the rainfall characteristics.
Rainfall characteristics
The rainfall characteristics can be indicated by the
maximum, minimum, and average values of rainfall
intensity and the NRD in a certain period. The rainfall
data are recorded by rainfall stations that are located
around an area. Each rainfall station has an influence
area. Several methods are employed to analyze the
influence area of the rainfall station. One method
that is commonly used in hydrologic analysis is the
Thiessen polygon method (Brassel and Reif, 2010;
Fiedler, 2003). The influence area of the rainfall station
is obtained by drawing perpendicular bisectors on
lines intersecting near the stations to form a series of
polygons, each containing one and only one rainfall
station, and leaving the other stations at the center
of the polygons, which will vary in size according to
the spacing of the stations. Based on the Thiessen
polygon of each research area, the LST image of each
research area is cropped. The relationship between
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the changes of LST in the influence area of each
rainfall station and the changes of the maximum,
minimum, and average values of rainfall intensity and
NRD of each research area will be investigated.
RESULTS AND DISCUSSION
The imagery data used in this study are Landsat
5 TM, Landsat 7 ETM+, and Landsat 8 OLI scanned
in 1995, 2001, 2015, and 2020. All of the imagery
data were downloaded from the USGS through the
USGS Earth Explorer. In the study area, no cloud
cover percentage <10% was observed. As a result,
5-year interval imagery data starting in 1995 cannot
be obtained. The imageries scanned in 2000 were
significantly different from the imageries scanned in
2001. Due to the percentage of cloud cover, the best
imageries of ETM+ covering the Probolinggo Regency,
Sampang Regency, and Surabaya City was obtained in
2002. The overall imageries used in this study are
shown in Table 2. The ArcGIS software was used to
analyze the Landsat imagery data.
From Table 2 it can be seen that the satellite
images used were scanned between May to August
or during dry season in Indonesia. In this season,
there are relatively low cloud cover so that a relatively
clean images can be obtained. In the result, all images
with cloud cover less than 10% can be obtained for
this study. The rainfall data were obtained from the
East Java Province Water Resources Agency (Dinas
Pengairan Provinsi Jawa Timur). The number of
rainfall stations used in this study depends on the

availability of stations for each research area. Based
on the availability of data, the daily rainfall data are
used in this study. The maximum, minimum, and
average values of rainfall intensity and the NRD data
in the same year as the satellite imagery data are
used in this study.
Relationship between NDVI and LST
The NDVI of all research areas was calculated
using Eqs. 1 or 2. By using these Eqs., the minimum
and maximum values of the NDVI of all research areas
was analyzed. The result is shown that the negative
NDVI decreases year by year, whereas the positive
NDVI remains the same year by year. This finding
indicates that some areas covered by vegetation
were converted into areas covered by manmade
materials, built-up areas, or bare land. For example,
the 1995 and 2020 NDVI of Malang and Surabaya
cities is shown in Fig. 3. This figure shows that the
greenness displayed in green colour decreased from
1995 to 2020 to the non-greenness area displayed in
brown colour.
If the NDVI in the study area decreases, then solar
energy will be reflected and emitted by manmade
materials. The manmade materials strongly reflected
the solar energy, then the LST will increase. To
determine the relationship between NDVI and LST,
the LST of the research area needs to be analyzed
using Eqs. 4 to 11. For the Landsat 5 TM and Landsat 7
ETM+ imageries, QCALmax is equal to 255 and QCALmin
is equal to 1. For Band 6, Lmaxλ is equal to 15.303 and

Table 2: Landsat imagery data.
Table 2: Landsat imagery data.
No.

Path/row

Sensor

Acquisition date

1.

118/066

L5‐TM

May 24, 1995

2.
3.
4.
5.
6
7
8
9

118/065
118/065
119/065
118/066
118/065
118/065
119/065
118/066

L5‐TM
L5‐TM
L5‐TM
L7‐ETM
L7‐ETM
L7‐ETM
L7‐ETM
L8‐OLI

June 25, 1995
July 27, 1995
August 03, 1995
August 04, 2001
August 23, 2002
May 19, 2002
August 27, 2001
June 16, 2015

10

118/065

L8‐OLI

June 16, 2015

11

119/065

L8‐OLI

June 23, 2015

12

118/066

L8‐OLI

June 13, 2020

13
14
15

118/065
118/065
119/065

L8‐OLI
L8‐OLI
L8‐OLI

July 31, 2020
June 13, 2020
August 23, 2020

7

Location
Malang Regency Malang City
Batu City
Probolinggo Regency Surabaya City
Sampang Regency
Tuban Regency
Malang Regency Malang City Batu City
Probolinggo Regency Sampang Regency
Surabaya City
Tuban Regency
Malang Regency Malang City Batu City
Probolinggo Regency Surabaya City
Sampang Regency
Tuban Regency
Malang Regency Malang City Batu City
Probolinggo Regency
Sampang Regency
Surabaya City
Tuban Regency

Land surface temperature changes on rainfall characteristics

Fig. 3: NDVI of Malang and Surabaya cities in 1995 and 2020

Fig. 3: NDVI of Malang and Surabaya cities in 1995 and 2020
Lminλ is equal to 1.23. The other parameters used
and Tuban Regency increased. For Surabaya City,
to analyze LST from the Landsat 5 TM and Landsat
the maximum LST increased from 28℃ in 1995 to
7 ETM+ imageries are K1 and K2. Here, K1 is equal
34℃ in 2020, i.e., up to 6℃. This finding indicates
to 607.76 and 666.09, and K2 is equal to 1,260.56
that Surabaya City is undergoing rapid urbanization
and 1,282.71 for Landsat 5 TM and Landsat 7 ETM+
because it is the second largest city in Indonesia. For
imageries, respectively. For Landsat 8 OLI, K1 and
Tuban Regency, the maximum LST increased from
K2 for Band 10 are equal to 774.89 and 1,321.08,
28℃ in 1995 to 37.2℃ in 2020, i.e., up to 9.2℃. This
respectively. From the MTL file on the Landsat 8
finding indicates that Tuban Regency is one of the
OLI data used in this study, the ML and AL values for
areas in East Java Province that has many oil mining
Band 10 are equal to 0.0003342 and 0.1, respectively.
areas with high demand for oil fuel energy (BPS-STR,
Based on these parameters and the corresponding
2021). The LST changes from 1995 to 2020 and the
DN of satellite imagery data, the LST of all research
LST
areas was analyzed. The summary of the LST analysis
imageries of Surabaya City and Tuban Regency are
results shows that the maximum and minimum values
shown in Fig. 4. It is shown that the dark red colour
of LST in all research areas increase year by year from
increased from 1995 to 2020, meaning the LST trend
1995 to 2020. The maximum LST in Surabaya City
increased. The NDVI tends to decrease year by year,
8
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indicates that some pixels along the UHI line are not
covered by vegetation. The minimum values of NDVI
in the other years are all positive, which indicates
that some pixels along the UHI line are covered by
vegetation. This phenomenon indicates that, after
the reformation era (i.e., 1998), deforestation in East
Java Province occurred poorly. Tabel 4 shows that
the LST almost increase year by year. A decrease in
NDVI causes the energy of sunlight to be reflected
and emitted strongly and causes the LST to rise. The
relationship between NDVI and LST was depicted in
graphs. The trend line was drawn, and regression
analysis was conducted. Each research area has four
graphs for 1995,
2001, 2015, and 2020. Therefore, a total of 28
graphs are generated for the relationship between
NDVI and LST in the entire research area. Six of the 28
graphs are shown in Fig. 6 as examples. The summary
of 24 regression analyses, which consist of regression
equations and coefficients of determination, is shown

whereas the LST tends to increase year by year. To
obtain a clear understanding of these phenomena,
the relationship between NDVI and LST needs to be
analyzed. To simplify the analysis of this relationship,
the picture element (pixel) of the NDVI and LST of
each research area generated from the UHI will
be compared. The UHI is the occurrence of LST in
urbanized areas compared with the LST in suburban
areas. In this study, the UHI is represented by a line
drawn from a suburban area to a central urban area
and another suburban area. In this study, this line is
called the UHI line. The pixel values of the NDVI and
LST along the UHI line will be compared to determine
the relationship between NDVI and LST in all research
areas. For example, the UHI line of Probolinggo
Regency drawn on the land cover imageries is shown
in Fig. 5. The maximum and minimum values of NDVI
and LST along the UHI line of all research areas are
summarized in Tables 3 and 4. Table 3 shows that the
minimum value of NDVI in 2001 is negative, which

Fig. 4: LST of Surabaya City and Tuban Regency in 1995 and 2020

Fig. 4: LST of Surabaya City and Tuban Regency in 1995 and 2020
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Fig. 5: UHI line of probolinggo regency

Fig. 5: UHI
of probolinggo
regency
Tableline
3: NDVI
along the UHI lines
Table 3: NDVI along the UHI lines

Research areas
Batu City
Malang City
Surabaya City
Malang Regency
Probolinggo Regency
Sampang Regency
Tuban Regency

Min.
0.1
0.0
0.0
0.1
0.1
0.1
0.1

1995

Max.
0.4
0.4
0.4
0.4
0.4
0.4
0.4

Min.
−0.2
−0.3
−0.6
−0.3
−0.3
−0.3
−0.4

2001

NDVI
Max.
0.4
0.4
0.4
0.5
0.3
0.3
0.3

Min.
0.0
0.0
0.0
0.1
0.1
0.0
−0.1

2015

Max.
0.4
0.5
0.5
0.5
0.5
0.5
0.5

Min.
0.0
0.0
0.0
0.1
0.1
0.0
0.0

Max.
28.0
30.8
30.4
29.6
26.7
29.2
32.9

Min.
21.5
22.7
22.2
22.1
23.0
21.7
24.2

2020

Max.
0.5
0.5
0.5
0.5
0.5
0.5
0.5

Table 4: LST along the UHI lines
Table 4: LST along the UHI lines
Research areas
Batu City
Malang City
Surabaya City
Malang Regency
Probolinggo Regency
Sampang Regency
Tuban Regency

Min.
17.5
19.3
20.2
19.2
22.0
21.9
19.7

1995

Max.
26.6
27.5
26.7
26.2
25.4
25.4
25.0

Min.
22.1
25.6
20.4
23.1
26.6
24.6
27.8

in Table 5. This table shows that all coefficients of
regression have a negative value, indicating that NDVI
is inversely proportional to LST and this inline with
Alexander (2020) and Garouani et al. (2021) research
results. If the NDVI decreases, then the LST increases
and if the percentage of land covered by vegetation
decreases, then the LST increases because the area
that absorbs the emitted solar energy decreases.
This table also shows that nearly all coefficients of
determination (or R2) are >0.5. This finding indicates
that the relationship between NDVI and LST is nearly
inversely proportional. For Surabaya City, the R2
values in 1995, 2001, and 2015 are <0.1. This finding

2001

LST (℃)
Max.
36.2
35.1
33.4
32.6
33.2
32.5
37.4

Min.
20.6
22.7
23.5
21.1
16.9
19.0
23.4

2015

2020

Max.
28.5
30.0
31.4
29.7
29.7
28.0
36.5

indicates that, in Surabaya City, many objects have a
small NDVI and do not affect the LST, particularly the
objects along the UHI line, such as barren soil, open
land, and water.
Relationship between NDVI and NDBI
The built-up area is indicated by the changes of
natural land cover to artificial land cover, such as
housing, asphalt, concrete, and parking lot. The builtup area can be well detected using Landsat imagery
data (Bhatti and Tripathi, 2014). In this study, NDBI
was used to analyze the proportion of built-up area
and calculated using Eq. 3. The calculated results of
10
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Fig. 6: Relationship between NDVI and LST

Fig. 6: Relationship between NDVI and LST
covered by vegetation to land covered by manmade
NDBI represented by the minimum and maximum
materials, such as houses, concrete, and asphalt.
values of the entire research area are shown in
Urbanization will extend the built-up area to meet
Table 6. The maximum values of the NDBI of three
the need for housing, offices, business areas, and
cities in the research area, i.e., Batu, Malang, and
accessibility due to population growth. Development
Surabaya, are higher than those of three regencies
of these infrastructures will occupy the land covered
in the study area, i.e., Probolinggo, Sampang, and
by vegetation. The land covered by vegetation will
Tuban. The maximum value of the NDBI of Malang
decrease and the land covered by built-up area will
Regency is higher than those of the three other
be increased. The relationship between NDVI and
regencies because Malang Regency is categorized
as a developed regency in East Java Province (BPSNDVI should be inversely proportional.
To compare it, the NDBI along the UHI line of each
SMR, 2021). As mentioned previously, the NDBI
indicates the proportion of built-up area, whereas
research area needs to be calculated. The calculated
the NDVI indicates the proportion of land covered
results represented by the minimum and maximum
by vegetation. Urbanization is the change of land
values of each research area from 1995 to 2020 are
11
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Table 5: Relationship between NDVI and LST
Table 5: Relationship between NDVI and LST
Research areas
Batu City

Malang City

Surabaya City

Malang Regency

Probolinggo Regency

Sampang Regency

Tuban Regency

Years
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020

Regression Eq.
y = −18.377x + 28.261
y = −16.583x + 31.938
y = −13.927x + 29.027
y = −11.822x + 28.808
y = −19.067x + 27.708
y = −12.218x + 30.492
y = −15.758x + 30.241
y = −14.398x + 30.198
y = −2.714x + 24.301
y = −2.769x + 28.57
y = −5.756x + 28.351
y = −8.421x + 29.647
y = −4.852x + 23.417
y = −7.106x + 28.139
y = −7.093x + 25.954
y = −9.667x + 27.946
y = −6.064x + 24.827
y = −11.581x + 29.773
y = −20.187x + 28.83
y = −11.27x + 29.984
y = −2.845x + 22.116
y = −8.294x + 29.74
y = −6.992x + 28.067
y = −11.164x + 28.582
y = −15.092x + 2.638
y = −12.681x + 31.462
y = −10.392x + 30.351
y = −6.156x + 31.222

Regression coefficient
0.489
0.651
0.502
0.479
0.649
0.855
0.827
0.834
0.028
0.030
0.092
0.227
0.115
0.413
0.287
0.479
0.342
0.579
0.423
0.600
0.018
0.501
0.085
0.352
0.425
0.404
0.187
0.056

Table 6: NDBI of the research areas
Table 6: NDBI of the research areas
Research areas
Batu City
Malang City
Surabaya City
Malang Regency
Probolinggo Regency
Sampang Regency
Tuban Regency

Min.
−0.47
−0.36
−0.36
−0.65
−0.40
−0.41
−0.32

1995

Max.
0.41
0.47
0.45
0.55
0.40
0.28
0.25

Min.
−0.37
−0.40
−0.58
−0.56
−0.51
−0.70
−0.36

shown in Table 7. Compared with the minimum value
of NDBI of each research area, the minimum value of
NDBI along the UHI line is lower because the UHI line
is initially drawn from a suburban area to an urban
area and finally reaches another suburban area.
By drawing a two-dimensional graph of NDVI and
NDBI, the relationship between both factors can be
represented. Based on the number of research areas
and the number of years, a total of 28 NDVI–NDBI
graphs are generated. Six of the 28 graphs are shown
in Fig. 7 as examples. This figure shows

2001

NDBI
Max.
0.48
0.60
0.58
0.62
0.65
0.6
0.58

Min.
−0.48
−0.34
−0.41
−0.45
−0.47
−0.48
−0.42

2015

Max.
0.26
0.27
0.30
0.48
0.26
0.21
0.60

Min.
−0.47
−0.35
−0.41
−0.46
−0.48
−0.47
−0.43

2020

Max.
0.25
0.31
0.36
0.50
0.30
0.24
0.41

that NDVI is inversely proportional to NDBI. The
regression equations of the relationship between
NDVI and NDBI for all research areas are shown that
all of the coefficients of regression are negative,
with more than 50% having values less than −0.7.
The results show that 2 areas have coefficients of
regression greater than −0.5, 3 areas have coefficients
of regression between −0.5 and −0.7, 17 areas have
coefficients of regression between −0.7 and −1, and
2 areas have coefficients of regression less than −1.
The coefficients of determination of nearly all areas
12
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Table 7: NDBI along the UHI lines
Table 7: NDBI along the UHI lines
Research areas
Batu City
Malang City
Surabaya City
Malang Regency
Probolinggo Regency
Sampang Regency
Tuban Regency

Min.
−0.30
−0.36
−0.23
−0.28
−0.23
−0.24
−0.20

1995

Max.
0.26
0.47
0.12
0.27
0.05
0.06
0.08

Min.
−0.16
−0.10
−0.23
−0.19
−0.09
−0.31
−0.13

2001

NDBI
Max.
0.31
0.37
0.47
0.34
0.34
0.37
0.14

Min.
−0.29
−0.31
−0.33
−0.34
−0.31
−0.23
−0.29

2015

Max.
0.08
0.09
0.13
0.09
0.06
0.05
0.11

Min.
−0.29
−0.34
−0.32
−0.32
−0.36
−0.24
−0.33

2020

Max.
0.13
0.11
0.17
0.10
0.14
0.10
0.11

Fig. 7: Relationship between NDVI and NDBI

are >0.5, and only two areas have
<0.5. Thisbetween
NDBINDVI
and and
LST NDBI
in six research areas as an example.
Fig.values
7: Relationship
finding indicates that NDVI is significantly inversely
The regression analysis results of the relationship
proportional to NDBI. This result show a clearer
between NDBI and LST of the entire research area are
relationship quantitatively than the results of Grover
shown in Table 8. Table 8 show that NDBI is directly
and Singh (2015) and Guha et al. (2018)’s research. In
proportional to LST, with a significant coefficient of
the same manner, the relationship between NDBI and
regression. Among the 28 research areas, 14 areas
LST was analyzed.
have a coefficient of determination (R2) >0.5 and
Fig. 8 shows the graph of the relationship between
the minimum R2 is equal to 4.194. This correlation
13
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Fig. 8: Relationship between NDBI and LST.

Fig. 8: Relationship between
NDBI and LST.
al. (2020) stated that the increase of LST will intensify

was observed at Surabaya City in 2001, where the
development was not yet fully underway. These
results show that the relationship between NDBI and
LST is clearer than the results of Ibrahim (2017)’s study
which was only conducted in one location. Research
conducted by Ranagalage et al. (2017) resulted in the
relationship between urbanization and LST.

precipitation. To verify their statement and to find out
the relationship between the two parameters more
clearly, the relationship between LST and rainfall
characteristics is investigated. The NRD and the
average and maximum values of rainfall intensity are
considered the rainfall characteristics in this research.
The analysis of the relationship between LST and
rainfall characteristics was done by comparing the

Rainfall characteristics
The increase of LST will affect the rainfall
characteristics. The relationship between convective
precipitation frequency and LST is insignificant
(Shiraki and Shigeta, 2013). Meanwhile, Himayoun et

LST and rainfall characteristics
in each area of the Thiessen polygon for each
year. The area of the Thiessen polygon of each
14
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Table 8: Relationship between NDBI and LST
Table 8: Relationship between NDBI and LST
Research areas
Batu City

Malang City

Surabaya City

Malang Regency

Probolinggo Regency

Sampang Regency

Tuban Regency

Years
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020
1995
2001
2015
2020

Regression Eq.
y = 14.429x + 23.298
y = 27.752x + 27.343
y = 18.285x + 27.306
y = 16.716x + 27.495
y = 15.562x + 22.595
y = 18.775x + 27.543
y = 18.961x + 28.079
y = 16.492x + 27.988
y = 14.802x + 24.627
y = 4.194x + 27.143
y = 11.139x + 28.063
y = 10.137x + 28.702
y = 6.825x + 22.739
y = 15.071x + 26.892
y = 13.048x + 26.066
y = 11.859x + 26.863
y = 10.265x + 24.473
y = 14.083x + 28.670
y = 23.852x + 26.646
y = 11.898x + 28.135
y = 9.598x + 21.852
y = 11.259x + 27.686
y = 15.651x + 27.336
y = 10.722x + 25.886
y = 15.317x + 22.754
y = 28.498x + 31.707
y = 20.631x + 28.799
y = 21.558x + 30.104

R2
0.679
0.762
0.596
0.589
0.735
0.823
0.857
0.826
0.601
0.280
0.396
0.263
0.326
0.673
0.548
0.639
0.492
0.417
0.474
0.576
0.109
0.777
0.313
0.270
0.374
0.365
0.496
0.410

The rainfall characteristics of each rainfall station
and the average of maximum LST of each research
area in 1995, 2001, 2015, and 2020 of Probolinggo
Regency were analyzed based on the Thiessen
polygon. The analyses of other research areas were
conducted in the same manner. The relationship
between LST and rainfall characteristics, especially
the average of maximum rainfall intensity and
NRD was analyzed. The graph of the relationship
between average LST and average of maximum
rainfall intensity is shown in Fig. 10. This figure shows
that LST is directly proportional to rainfall intensity.
However, the coefficient of regression is only equal
to 0.1. This finding indicates that the correlation
between LST and rainfall intensity is weak but directly
proportional. Thus, the increase of LST has a weak
relationship with the increase of rainfall intensity.
Similarly, the graph of the relationship between LST
and NRD is shown in Fig. 10. The graph illustrates that
LST has an inverse relationship with NRD or NRD per
year. The coefficient of regression is −1.89, and the
coefficient of correlation is 0.1. This finding indicates

research area was drawn based on the number of
rainfall stations in each research area. For example,
the Probolinggo Regency has 11 rainfall stations.
The Thiessen polygon can be drawn based on the
locations of the rainfall stations, and the result is
shown in Fig. 9. The daily rainfall data are used in
this study. The rainfall characteristics of each rainfall
station are represented by the average and maximum
daily rainfall per year. The rainfall characteristics of
Probolinggo Regency from 1995 to 2020 are shown
in Table 9.
In case of Probolinggo Regency, the average
rainfall intensity during 2015 is higher than 2020, but
the maximum rainfall intensity is lower. Due to the
Lanina effect, this phenomenon occurs because the
rain that occurred in 2020 was not evenly distributed
throughout the region like the rain that occurred in
2020. But the maximum rainfall intensity in 2020, will
still be higher than in 2015. Based on the Thiessen
polygon of Probolinggo Regency, the LST image
was cropped, and the average and maximum LST of
each area of the Thiessen polygon were calculated.
15
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Fig. 9: Thiessen polygon of probolinggo regency
Table
9: Rainfall
Rainfall characteristics
characteristics of
of probolinggo
probolinggo regency
regency
Table 9:

Fig. 9: Thiessen polygon of Rainfall
probolinggo
regency
intensity (mm/day)

No.

Rainfall stations

1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.

Banyuanyar
Bayeman
Botogerdu
Gending
Kalidandan
Kraksaan
Malasan
Ngadisari
Paiton
Ronggotali
Tiris

Ave.
20.6
22.8
22.5
24.3
25.3
24.5
23.7
17.4
32.3
20.6
25.7

1995

Max.
95
121
80
95
92
106
102
99
188
125
80

Ave.
24.6
11.6
24.8
15.3
21.7
30.3
21.6
24.7
24.8
23.3
25.9

2001

Max.
92
54
84
75
89
145
87
332
158
84
87

Ave.
35.6
23.5
35.7
28.9
31.2
19.6
22.6
14.7
27.5
30.2
23.5

2015

Max.
110
120
97
98
148
102
165
55
89
173
164

Fig. 10: Relationship between LST and rainfall intensity and LST–NRD

Fig. 10: Relationship between LST and rainfall intensity and LST–NRD
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Ave.
22.3
17.1
25.6
21.6
17.7
22.7
29.5
17.4
32.6
33.7
26.3

2020

Max.
135
109
95
201
110
168
215
49
140
120
185
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that the correlation between LST and NRD is low with
an inverse relationship. Quantitatively, this result
is clearer than the research conducted by Garouani
et al. (2021), Himayoun et al. (2020), Hu et al.
(2020), and Shiraki and Shigeta (2013). The resulting
regression equations can be used to estimate the
increase in rainfall intensity and decrease in NRD in
East Java Province Indonesia caused by decreasing in
environmental conditions that cause an increase in
LST.

investigated. The analysis results show that LST has
a fairly weak but directly proportional relationship
with rainfall intensity, as indicated by the coefficients
of regression and determination, both of which are
<0.1. Meanwhile, the relationship between LST and
the NRD has an inverse relationship, which is also
fairly weak, as indicated by a coefficient of regression
that is equal to −1.891 and an R2 that is <0.1. This
research shows that LULC change indicated by NDVI
and NDBI changes will significantly affect LST. The
change of LST will have a fairly weak effect on rainfall
intensity and NRD.

CONCLUSION
In this research, Landsat TM, ETM+, and OLI were
used to identify the relationship between NDVI and
LST, between NDVI and NDBI, between NDBI and LST,
and between LST and rainfall characteristics. Seven
areas in East Java Province were used as test areas.
The pixel values of NDVI, NDBI, and LST along the UHI
line were used to analyze the relationship between
NDVI and LST, between NDVI and NDBI, and between
NDBI and LST. The UHI line is initially drawn from a
suburban area to an urban area and finally reaches
another suburban area. Meanwhile, the pixel values
generated from the area of the Thiessen polygon were
used to analyze the relationship between LST and
rainfall characteristics. The analysis results show that
NDVI is significantly inversely proportional to LST. All
of the coefficients of regression have negative values,
and the coefficients of determination (R2) have values
>0.4 in 16 of the 24 research areas. The analysis
results of the relationship between NDVI and NDBI
show that NDVI is significantly inversely proportional
to NDBI. The regression equation for each research
area shows that all of the coefficients of regression
are negative, with more than 50% having values less
than −0.7, and the coefficients of determination are
approximately >0.5. This relationship is plausible
because NDVI indicates land covered by vegetation
and NDBI indicates land covered by manmade
materials or built-up areas. The relationship between
NDBI and LST was analyzed in the same manner as
the relationship between NDVI and LST. The analysis
results show that NDBI is significantly directly
proportional to LST. The regression equations of
all areas show that 14 areas have the minimum
coefficient of regression, i.e., equal to 4.194, with R2
values >0.5. Thus, the increase of the built-up area
influences the increase of LST. Finally, the relationship
between LST and rainfall characteristics was
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