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INTRODUCTION 

Recently, the global climate is changing very fast. One 

of the phenomena of global climate change is global 

warming. This phenomenon is affected by the increase 

in LST. Increasing LST is caused by several reasons, 

among them is caused by land use and land cover 

(LULC) change (Yeneneh et al., 2022 and; Prasetya et 

al., 2020). In general, LULC change is indicated by the 

change of land covered by vegetation to land covered 

by manmade materials such as concrete, asphalt, and 

other impervious materials. The land covered by con-

crete can be shown as land covered by parking lot are-

as, roads, buildings, and other civil structures. Besides 

that, the land covered by asphalt can be shown as land 

covered by roads, parking lots, and other civil  

structures.  

Consequently, the sunlight will be emitted and reflected 

directly by manmade materials. The emitted and reflect-

ed sunlight energy will increase the air temperature (Fu 

et al., 2020; Martel et al., 2021). Recently, this phenom-

enon has happened a lot in urban areas. Based on the 

worldwide population growth, which is high, urbaniza-

tion is growing rapidly (Satterthwaite, 2019). Therefore, 

urbanization has caused an increase in the LST, espe-

cially in urbanized areas (Imran et al., 2021). An in-

crease in LST will reduce air's relative humidity (RH). 

Consequently, the evaporation will increase and will be 
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caused by the formation of clouds that multiply quickly 

(Roelofs and Kamphuis, 2019). This natural process 

affects the rainfall characteristics. The rainfall charac-

teristics can be described by a hyetograph and intensity

-duration-frequency (IDF) graph (Sun et al., 2019). 

Satellite remote sensing data is very useful to analyze 

the LULC and LST changes (Kumar et al., 2018 and 

Faisal et al., 2021). Normally, LULC change is ana-

lyzed using visible wave bands, and LST change is 

analyzed using thermal bands. Both bands are availa-

ble in Landsat data with sensor Thematic Mapper (TM), 

Enhanced Thematic Mapper plus (ETM+), and Opera-

tional Land Imager (OLI) (Mansourmoghaddam et al., 

2023). Consequently, Landsat imagery can be used to 

analyze the LULC and LST changes. Meanwhile, one 

indicator of LULC change that is often used is NDVI. 

(Husain et al., 2023). 

Usually, rainfall data is represented by the minimum, 

average, and maximum rainfall intensity recorded at the 

rainfall station. In Indonesia, the rainfall data is general-

ly observed in daily rainfall. Usually, the hourly rainfall 

intensity data is used to analyze the surface runoff dis-

charge. To change the daily to hourly rainfall intensity 

data, one of the most popular methods used is the 

Mononobe method (Suwarno et al., 2021). Hourly rain-

fall intensity and minute rainfall intensity can be ana-

lyzed using the Mononobe method. Hourly rainfall in-

tensity is commonly used to analyze rainfall character-

istics. On the other hand, rainfall characteristics repre-

sented by the IDF curve with a certain rainfall duration 

are detailed enough to show the rainfall characteristics. 

The IDF curve can be generated from the average daily 

rainfall intensity using the Mononobe method (Faradiba, 

2021). The average rainfall intensity is analyzed using 

the Thiessen polygon method (Song and Park, 2021). 

As mentioned above, LULC change affects the change 

in NDVI. NDVI change affects LST, and LST change 

affects rainfall characteristics. Therefore, this research 

investigates the effect of LST change caused by LULC 

change on rainfall characteristics. One method to show 

changes in rainfall characteristics is the IDF curve. The 

IDF method shows the rainfall intensity characteristics 

in hourly to minutes. This research is important be-

cause the rain pattern has been irregular lately and 

sometimes out of season (Murthy and Kumar, 2022). It 

is necessary to conduct this research to know the rea-

son for this phenomenon. The present study aimed to 

determine the relationship between LST and rainfall 

intensity by comparing trends of both parameters from 

1995 to 2021 and to know the increase in LST and rain-

fall intensity of the study area during this period.   

MATERIALS AND METHODS 

Study area  

East Java Province: Malang City and Pasuruan City, 

were used as research areas because Malang City is 

located in a hilly area, and Pasuruan City is located in a 

flat area near a beach. Both cities have rapid growth 

populations; therefore urbanization rate is high. Malang 

City's population in 2021 is estimated to be 844,933, 

with a population growth of 0.28% (BPS-SMM, 2022). 

Fig. 1. Map showing studied area (Malang City and Pasuruan Area) 
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The area of Malang City is 110.06 km2, with an eleva-

tion of 527 m above sea level. Geographically, the loca-

tion of Malang City is between 112.060 - 112.070 E and 

7.060 - 8.020 S. Population of Pasuruan City in 2021 is 

209,528, with a population growth of 0.55% (BPS-SPR, 

2022). The area of Pasuruan City is 35.29 km2, with an 

elevation of 4 m above sea level.  It is located between 

112045’-112055’ and 7035’ - 7045’ E. Because the area 

of Pasuruan City was minimal, the boundary of the re-

search area for Pasurusan City was extended to the 

surrounding area and named Pasuruan Area with a 

total area equal to 612.1 km2. Thus, Malang City repre-

sents a city in the mountains and the Pasuruan Area, a 

city on the coast (Fig. 1). 

 

Data used  

The imageries scanned by Landsat satellite were used. 

The imageries with paths and rows 116/065 and 

116/066, which covered Malang City and Pasuruan 

Area, were generated. The imageries scanned by TM in 

1995 and OLI in 2015, 2017, 2019, and 2021 were 

downloaded from the United States Geological Survey 

website (USGS, 2019). The images with cloud cover-

age that covered less than 10% were selected (Table 

1). 

The rainfall data at the research areas were collected 

for the same years. The daily rainfall intensity data was 

collected for each rainfall station based on the data 

available. There were three rainfall stations in Malang 

City and 13 in Pasuruan Area. The names and loca-

tions of rainfall stations for both research areas are 

shown in Fig. 2. The rainfall data in Malang City was 

collected from Dinas Pengairan (Water Resources 

Agency) East Java Province and rainfall data in Pasur-

an Area was collected from Dinas Sumber Daya Air, 

Cipta Karya, dan Tata Ruang Kabupaten Pasuruan 

(Water Resources, Human Settlement, and Spatial 

Planning Agency Pasuruan Regency) in East Java 

Province. 

 

Research methods 

The satellite imageries and rainfall data were collected. 

The radiometric and geometric correction was done for 

imagery data. A Universal Transverse Mercator (UTM) 

coordinate system was used for coordinate reference. 

NDVI, NDBI, and LST were analyzed from the correct-

ed imageries using the appropriate method. Finally, the 

NDVI, NDBI, and LST data of the research areas were 

acquired. The relationship between NDVI-NDBI, NDVI-

LST, and NDBI-LST was shown by drawing the curves. 

This analysis found each research area's minimum, 

average, and maximum LST in 1995, 2015, 2017, and 

2021. 

Daily rainfall data was collected from each rainfall sta-

tion in each research area in the same year as for the 

imagery data. The maximum rainfall intensity of each 

year from each station was selected. The Thiessen pol-

ygon method was used to analyze the average rainfall 

intensity in each research area. Using the Mononobe 

method, the average daily rainfall intensity was 

changed to hourly and minute rainfall intensity. The IDF 

curve was drawn from this data with the X axis as time 

and the Y axis as rainfall intensity. The relationship be-

tween the change in LST and the change in rainfall 

characteristics was determined by comparing the LST 

data and IDF data. The curve showing the LST change 

and rainfall intensity change in each year was drawn. 

The research method used in this study is shown dia-

grammatically in Fig. 3.  

 

Image processing 

Currently, many artificial satellites are orbiting the earth 

to record the condition of the earth's surface. Among 

them is the Landsat satellite jointly programmed by 

NASA and USGS. The first satellite (Landsat 1) was 

launched on 23 July 1972 and the last (Landsat 9) was 

launched on 27 September 2021. Landsats 1 to 3 car-

ried out Multi-Spectral Scanner (MSS) sensor, Landsats 

4 to 5 carried out TM scanner, Landsat 6 to 7 carried 

out ETM+ sensor, and Landsats 8 to 9 carried out OLI 

(including Thermal InfraRed Sensor-TIRS) scanners.  

The imageries scanned by TM, ETM+, and OLI were 

used. There were 7 bands for Landsat TM, 8 for Land-

sat ETM+, and 11 for Landsat OLI. The image analysis 

was made using the Geographic Information System 

(GIS) software used. 

One of the important parameters to analyze LULC 

change is NDVI. This parameter was analyzed using 

Landsat data. The NDVI was calculated based on the 

ratio between visible to near-infrared (NIR) light ab-

sorbed and reflected by the plant. The formula to calcu-

late NDVI is shown in Eq. 1 (Pei et al., 2021). For Land-

sat TM and ETM+, NIR and Red are represented by 

band 4 and band 3, respectively. NDVI for Landsat OLI 

NIR and Red are represented by band 5 and band 4, 

respectively. The value of NDVI is from -1 to +1. From -

1 to 0, it represents land that is not covered by vegeta-

tion. NDVI greater than 0 indicates that the land is cov-

ered by vegetation. Plus one indicated that the land 

was 100% covered by vegetation and smaller than one 

such land was covered with less than 100% vegetation. 

             Eq. 1 

The change of NDVI indicates LULC change. Decreas-

ing NDVI increases the manmade materials covering 

the land, especially in an urbanized area. The increase 

of manmade materials covering the land was detected 

by satellite data using the NDBI method. Short wave-

length infrared (SWIR) more reflected manmade materi-

als until bare soil than NIR. The water body does not 

reflect on the Infrared spectrum and in NDVI indicated 

dReNIR

dReNIR
NDVI

+

−
=
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by -1 to 0 values. The formula used to calculate the 

NDBI is shown in Eq. 2 (Orieschnig et al., 2021). The 

imageries of Landsat TM and ETM+, band 5, and band 

4 represent SWIR and NIR. Landsat OLI imageries for 

SWIR and NIR represent band 6 and 5. The value of 

NDBI is from -1 to +1. The value -1 to 0 represent the 

water bodies and higher values represent manmade 

materials or built-up area.   

             Eq. 2 
NIRSWIR

NIRSWIR
NDBI

+

−
=

A decrease in NDVI will increase NDBI. This phenome-

non is common in urban areas. This event will increase 

LST and its occurrence can be detected with satellite 

imagery data. The thermal band is commonly used for 

evaluating the LST. For Landsat TM and ETM+, band 6 

was used to evaluate the LST. For Landsat OLI, band 

10 or 11 (TIRS band) is used to evaluate the LST. For 

Landsat TM and ETM+, Eq. 3 - 5 are used to evaluate 

the LST (Attiah et al., 2023). Eq. 3 to calculate the tem-

perature of the satellite sensor (brightness radiance). 

Fig. 2. Rainfall station in the studied area (Malang City and Pasuruan Area) 

Fig. 3. Flow diagram of the research methodology  
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LST in Kelvin unit is calculated with Eq. 4. Finally, LST 

in Celsius unit is calculated by Eq. 5. To evaluate the 

LST from Landsat OLI imagery, Eq. 6 - 10 are used 

(Sekertekin and Bonafoni, 2020). The maximum LST 

value of each research area in each year is used to 

analyze the effect of LST change on rainfall character-

istics. 

  Eq. 3 

Where Lλ is the Top of Atmospheric (TOA) radiance at 

the sensor’s aperture in W/(m2sr μm), QCALmax and 

QCALmin are the highest and the lowest points of the 

range of rescaled radiance in digital number (DN), Lmin 

and Lmax are the TOA radiances that were scaled to 

QCALmin and QCALmax in W/(m2srμm) 

               Eq. 4 

               Eq. 5 

Where T is the effective at-satellite brightness tempera-

ture in Kelvin, K1 = 607.76 (W/m2srμm), K2 = 1,260.56 

(Kelvin) were calibration constants, T is the tempera-

ture in Kelvin, and Tc is the temperature in Celsius. 

              Eq. 6 

Where ML is the radiance multiplicative scaling factor 

(Radiance_Mult_Band_10 or 11) obtained from the 

MTL file on the Landsat data, AL is the radiance addi-

tive scaling factor (Radiance_Add_Band_10 or 11) ob-

tained from the MTL file on the Landsat data, and DN is 

the digital value of Band 10 or 11. 

 Eq. 7 

Here, Lλ is calculated using Eq. 3. 

                          Eq. 8 

Where PV is proportional vegetation calculated using 

the NDVI value, NDVI is DN of NDVI. 

                          Eq. 9 

Here, E is error correction. 

           Eq. 10 

Where, DN is the digital number of Band 10 (DN is the 

wavelength of emitted radiance), 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), and c is the 

velocity of light (2.998 × 108 m/s).  

 

( )

minQCALmaxQCAL

minLminQCALDN*minLmaxL
L

−

+−−
=

( )1L/1Kln

2KT
+

=


15.273TcT −=

LADN*
L

MTOA +=

( )
15.273

1L/1Kln

2K
cT −

+
=




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


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




−

−
=

minNDVImaxNDVI

minNDVINDVI
PV

986.0PV*004.0E +=

( )  Eln*/cT*DN1

cTLST
+

=

Extraction of Intensity-Duration-Frequency Curve  

There were five steps to evaluate the IDF curve. The 

first step was to select the maximum daily rainfall inten-

sity each year for each rainfall station. The second step 

was to calculate the average daily rainfall intensity each 

year for each research area using the Thiessen poly-

gon method. The third step calculated the hourly and 

minute rainfall intensity using the Mononobe method. 

The fourth step drew the IDF curve with X-axis as time 

and Y-axis as rainfall intensity. As a comparison, the 

rainfall intensity with several return periods was also 

evaluated. The statistical method was used to evaluate 

the rainfall intensity with several return periods (Murthy 

and Kumar, 2022; Liu et al., 2023). Finally, the IDF 

curve with several hourly and minute rainfall intensities 

was drawn. The Thiessen polygon of Malang City is 

shown in Fig. 4. There were three rainfall stations in 

Malang City. The steps for drawing Thiessen polygons 

were as follows. The first was by drawing a line con-

necting each rainfall station. The second was to divide 

the line that connects rain stations right in the middle. 

The third was to make a line perpendicular to the mid-

point to the boundary of the area under review. The 

results of the Malang City and Pasuruan Area Thiessen 

polygons depiction are mentioned in Fig. 4. The area of 

influence of each rain station was calculated. The total 

area of each rainfall station's influence was equal to the 

area of Malang City. The average rainfall intensity us-

ing the Thiessen polygon method is shown in Eq. 11 

(Han et al., 2023; Xu et al., 2023). 

           Eq. 11 

Where    is the average rainfall intensity, A1 is the in-

flunce area of rainfall intensity station 1, A2 is the influ-

ence area of rainfall intensity station 2, A3 is the influ-

ence area of rainfall intensity station 3, and An is the 

influence area of rainfall intensity station n.  

RESULTS AND DISCUSSION  

Change of Normalized Difference Vegetation Index 

The Landsat TM scanned in 1995 and OLI scanned in 

2015, 2017, 2019, and 2021 were used for analyzing 

NDVI using Eq. 1. The analyzed results of NDVI in 

1995, 2015, and 2021 of research areas are shown in 

Fig. 5. It was seen that the area of negative, 0-0.1, and 

0.1-0.2, represented as red and yellow colors increased 

from 1995 to 2021 for both Malang City and Pasuruan 

Area. Hartoyo et al. (2021) mentioned that the NDVI 

with values negative and 0-0.1 indicated that the area 

was covered by bare soil, artificial materials, and water, 

and 0.1-0.2 indicated that there was no canopy vegeta-

tion (grasslands) or senescing crops. Furthermore, Mi-

lanović et al. (2019) mentioned that 0.3-0.4 and 0.4-0.5 

NDVI classes represent the land covered by mid-low 

nA......3A2A1A

nA.......3A2R*2A1R*1AR
+++

+++
=
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canopy cover, low vigor or low canopy cover, and high 

vigor. The area of each NDVI class every year for both 

research areas is shown in Fig. 6. This graph shows 

that in Malang City, the 0.2-0.3 and 0.3-0.4 NDVI  

classes had an uptrend and the other classes had a 

down trend. The area of negative, 0-01, and 0.1-0.2 

NDVI classes in 1995 was 41.865 km2; in 2021, it was 

60.399 km2. On the other hand, 0.3-0.4 and 0.4-0.5 

NDVI classes representing the land covered by mid-low 

canopy cover, low vigor or low canopy cover, and high 

vigor decreased from 1995 to 2021. The area of 0.3-0.4 

and 0.4-0.5 classes in 1995 was 36.589 km2; in 2021, it 

became 26.352 km2. The 0.5-0.6 NDVI class area rep-

resents dense vegetation of 0 km2 in 1995 and only 

0.022 km2 in 2021. It means no big and dense vegeta-

tion in Malang City. 

For the Pasuruan Area, the NDVI classes between 0- 

0.1 and 0.3-0.4 had an upward trend. It meant the veg-

etation with a low canopy (shrubs and grasslands) was 

going up. On the other hand, class NDVI between 0.4-

0.5 and 0.5-0.6 had a downward trend. Therefore, the 

vegetation with the middle canopy went down. For 

NDVI greater than 0.6, it only existed in 1995; after 

that, it was gone. Since 2015, there has been vegeta-

tion with a mid-high canopy in the Pasuruan Area.  

Change of Normalized Difference Built-up Index 

(NDBI) 

NDBI has indicated the condition of urbanization  

activity. Positive NDBI indicated that the area has pro-

gressed built-up activity or urban land, and negative 

NDBI represented non-urban land. The NDBI of Malang 

City and Pasuruan area generated from Landsat im-

ageries is shown in Fig. 7. The NDBI area increased 

from 1995 to 2021. Based on the graphs shown in Fig. 

8, it was seen that the positive NDBI was going up in 

Malang City and going down in Pasuruan Area. It 

meant that urbanization in Malang City had positive 

progress and steady conditions in Pasuruan Area. 

 

Change of Land Surface Temperature (LST)  

LST is represented as the temperature at the land sur-

face area. This temperature was estimated using satel-

lite imagery. The thermal band (TIRS) of TM and OLI 

sensors were used. With band 6 of Landsat 5 TM as 

input data and applying Eqs. 3-5 for calculation, the 

LST of the research area in 1995 was evaluated. The 

values of Lmax and Lmin were equal to 15.303 and 1.23, 

respectively. K1 and K2 were equal to 607.76 and 

666.09. Based on the DN of band 6, the QCALmax was 

equal to 255 and QCALmin was equal to 1. Here the 

Table 1. Landsat imageries data of covered research areas 

No. Path/Row Satellites Sensors Scanned dates Covered areas 

  1. 118/066 Landsat-5 TM 24 May 1995 Malang City 

  2. 118/065 Landsat-5 TM 25 June 1995 Pasuruan Area 

  3. 118/066 Landsat-8 OLI 16 June 2015 Malang City 

  4. 118/065 Landsat-8 OLI 16 June 2015 Pasuruan Area 

  5. 118/066 Landsat-8 OLI 5 June 2017 Malang City 

  6. 118/065 Landsat-8 OLI 09 September 2017 Pasuruan Area 

  7. 118/066 Landsat-8 OLI 13 July 2019 Malang City 

  8. 118/065 Landsat-8 OLI 13 July 2019 Pasuruan Area 

  9. 118/066 Landsat-8 OLI 15 May 2021 Malang City 

10. 118/065 Landsat-8 OLI 04 September 2021 Pasuruan Area 

Source: USGS website (https://earthexplorer.usgs.gov/) 

Fig. 4. Thiessen polygon of Malang City and Pasuruan Area 

https://earthexplorer.usgs.gov/
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LST was equal to the calculation result of Tc. The result 

of the calculation is shown in Table 2. The LST in the 

years 2015 to 2021 were calculated using Eqs. 6-10. 

Band 10 of Landsat 8 OLI was used. Here K1 and K2 

were equal to 774.89 and 1,321.08, respectively. From 

the MTL file on the Landsat 8 OLI data used in this  

research, the ML and AL values were equal to 

0.0003342 and 0.1, respectively. Based on these pa-

rameters and the corresponding DN of satellite imagery 

data, the LST of all research areas from 2015 to 2021 

were analyzed. The results are summarized in Table 2.  

The change in LST in the study area from 1995 to 2021 

is illustrated in the images Fig. 9.  It was seen that the 

LST from 1995 to 2021 had an upward trend. It is 

shown that the red colour representing the LST with a 

temperature of more than 300 C increases yearly and is 

marked with a wider red colour. 

 

Intensity-Duration-Frequency (IDF) curve 

The IDF curve shows the characteristics of the rainfall 

intensity. The daily rainfall intensity of the research ar-

ea was collected from rainfall stations, as shown in Fig. 

2. The daily maximum rainfall intensity from 1995 to 

2021 for each rainfall station was selected. There were 

3 data for Malang City and 13 data for Pasuruan Area 

for each year. From this data, the average rainfall inten-

sity of the research area was evaluated using the 

Thiessen polygon method for each year. Based on Fig. 

4, the area of influence of each rainfall station was cal-

culated. Using the Mononobe method, the average dai-

ly rainfall intensity was calculated for the hourly and 

minute rainfall. The result of the rainfall intensity evalu-

ation is summarized in Table 3. The IDF curve was 

drawn and shown in Fig. 10 based on the hourly and 

minute rainfall intensity. 

 

Land Use Land Cover and rainfall characteristic 

changes 

Based on the analysis result, the LULC change repre-

sented by NDVI increased from 1995 to 2021. In con-

trast, the NDBI fell from 1995 to 2021. In other words, 

NDVI was inversely proportional to NDBI. The lower the 

Fig. 5. NDVI images trends of Malang City and Pasuruan Area 

Fig. 6. NDVI trend of the studied areas: a) Malang City and b) Pasuruan Area 
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NDVI value, the higher was the NDBI value. This is 

because land change is from land covered with vegeta-

tion (high NDVI) to land covered with manmade materi-

als (high NDBI). The inverse relationship between 

NDVI and NDBI is agrees with the results of research 

done by Shahfahad et al., 2020 and Hasan et al., 

2022). According to some previous research results, 

NDVI and LST have an inverse relationship (Guha et 

al., 2020; Garouani et al., 2021). If the NDVI value is 

greater, the LST value will decrease. If the NDVI de-

creases, the normalized difference built-up index 

(NDBI) will increase. Consequently, LST is directly pro-

portional to NDBI. This means that if the NDBI goes up, 

LST will also increase (Guha et al., 2020; Meng et al., 

2022). 

Land covered with vegetation absorbs strongly and 

emits weak sunlight energy (Dou et al., 2023; Gennaro 

et al., 2023). On the other hand, land covered with 

manmade materials will strongly reflect and radiate 

solar energy. Consequently, the LST will increase if the 

NDVI decreases and NDBI increases. In the case of 

Malang City and Pasuruan Area, the maximum and 

average LST increased from 1995 to 2021. Therefore, 

it can be summarized that LST is directly proportional to 

NDBI and inversely proportional to NDVI. The relation-

ship between LST, NDBI, and NDVI in studied areas 

from 1995 to 2021 agrees with the research done by 

the previous researcher (Kaiser et al., 2022 and 

Kulsum and Moniruzzaman, 2022) in Porto Alegre city, 

Rio Grande do Sul state, Brazil. An increase in LST 

decreases the atmosphere's relative humidity (RH) 

(Lee et al., 2022; Dou et al., 2023). Consequently, if the 

RH decreases, the soil surface evaporation will in-

crease. As a result of this phenomenon, the formation 

of clouds becomes denser due to increasing LST. 

Therefore, the possibility of rain with higher intensity will 

be more obvious. This phenomenon occurred in the 

Malang City and Pasuran Area from 1995 to 2021. The 

LST and maximum-average rainfall intensity increased 

from 1995 to 2021. Therefore, it can be summarized 

Fig. 7. NDBI images of Malang City and Pasuruan Area 

Fig. 8. NDBI trend in the research area: a) Malang City and b) Pasuruan Area 
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that LST was directly proportional to rainfall intensity. 

The regression and correlation method was applied to 

evaluate the relationship between LST and rainfall in-

tensity changes. The results of regression and correla-

tion analyses have been compared to determine the 

relationship between LST and rainfall intensity trends 

from 1995 to 2021.  

The hourly rainfall intensity is generally used as input 

data to evaluate the runoff discharge. Daily rainfall was 

converted to hourly rainfall to more clearly see changes 

in rain intensity. Consequently, based on the IDF 

curves, as shown in Fig. 10, the hourly rainfall data was 

used to analyze the trend of rainfall intensity from 1995 

to 2021. The curves showing the trends of LST and 

hourly rainfall intensity in the studied areas are shown 

in Fig. 11. This figure shows that the trend of both LST 

and rainfall intensity increased year to year. In the case 

of Malang City, the trend of increasing LST is smaller 

than the trend of increasing rainfall intensity. The differ-

ence in this trend can be seen numerically from the 

significant differences in the values of the regression 

and determination coefficients. The coefficients of re-

gression of the LST and rainfall intensity trend are 

0.418 and 3.774 and the coefficients of determination 

are 0145 and 0.573, respectively. This phenomenon 

occurs because of the geographical location of Malang 

City, which is in a mountainous area with an elevation 

of 527 m above sea level. Consequently, LST will be 

lower in flat and low areas, with higher rainfall due to 

the orographic rainfall. For the Pasuruan Area, both 

LST and rainfall intensity have almost the same in-

crease trends. Numerically, these trends can be shown 

by the regression and determination coefficients from 

both regression equations. The coefficients of regres-

sion of LST and rainfall intensity trends were 1.827 and 

2.829, with coefficients of determination equal to 0.547 

and 0.459, respectively. In 2015, some data was con-

trary to the overall trend. In that year, LST fell, but rain-

fall intensity rose. This is because the La Nina effect 

occurred in coastal areas in the East Java Province 

area in that year (BPS-SJTP, 2020). However, the 

overall trend for LST and rainfall increased yearly. Be-

cause Pasuruan Area is flat and close to the coast, 

there was no orographic rain effect. Therefore, the 

trend of rising LST and rainfall intensity becomes the 

same or in line.  

Fig. 9. LST of Malang City and Pasuruan Area 

Table 2. LST of studied areas 

  LST (0C) 

Research areas 1995 2015 2017 2019 2021 

  Min. Max. Min. Max. Min. Max. Min. Max. Min. Max. 

Malang City 13.8 28.4 16 32 21.2 33 19 30.7 19.6 31 

Pasuruan Area 18.4 29.2 18.6 33.8 15.2 39.3 17.9 37 17.2 36.8 
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Conclusion 

The present study determined the relationship between 

LULC changes and changes in NDBI, LST, and rainfall 

intensity characteristics from 1995 to 2021 in Malang 

City and Pasuruan Area. NDVI changes indicated 

LULC changes and the IDF curve represented rainfall 

intensity characteristic changes. Landsat imageries 

scanned by TM and OLI sensors were used. The daily 

rainfall data was collected for the related research area. 

From the analyzed result, it was concluded that the 

NDVI was inversely proportional to NDBI and also to 

LST. On the other hand, NDBI was directly proportional 

to LST. There was an upward trend of LST and rainfall 

Table 3. Maximum and average rainfall intensity in the studied areas 

Source: Analyzed result (https://hidrologi.dpuair.jatimprov.go.id/) 

Fig. 10. IDF of research areas: a) Malang City and b) Pasuruan Area 

Fig. 11. Trend of LST and rainfall intensity: a) Malang City and b) Pasuruan Area 

Research 
areas 

  Rainfall intensity (mm/day) 
Rainfall 1995 2015 2017 2019 2021 

Stations Max. Ave. Max. Ave. Max. Ave. Max. Ave. Max. Ave. 
Malang Blimbing 84 70   96 122 104 113   82 115 123 128 
City Kedungkandang 92   110   106   135   133   

  Sukun 96   170   132   130   120   

Pasuruan Badung 88 83   77   84   95 93 187 129 123 101 

Area Bangil 93     98     91     93   102   

  Bekacak 88   135   108   100     93   

  Gading 87   112   110     70     66   

  Kawisrejo 50     87   108   111   117   

  Kwd. Grati 67     62   117   126     85   

  Lumbang 85     98     84   136     71   

  P3GI 87     68     67   100     93   

  PG Kedawung 48     95   116   129   103   

  Ranu Grati 74     75   114   144     89   

  Selowongso 87     85     98     70     96   

  Winongan 92     77     53   130   130   

  Wonorejo 87     67     89     81     98   

https://hidrologi.dpuair.jatimprov.go.id/
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intensity yearly.  In mountainous areas represented by 

Malang City, the increasing trend of LST was higher 

than the rainfall intensity trend. This happened because 

the influence of orographic rain in mountainous areas 

increased the rainfall intensity. In contrast, with an ele-

vation of 527 m above sea level, the LST of Malang 

City decreased along with its height. Meanwhile, the 

relationship between LST and rainfall for flat areas 

close to the coast (Pasuruan Area) had a correspond-

ing upward trend. The trend had the same increasing 

value for LST and rainfall intensity. The results of this 

study can be used to predict the amount of rainfall that 

will fall based on LST data in Malang City and the 

Pasuruan Area. This will be useful in predicting floods. 

To increase the accuracy, research needs to be carried 

out over a wider area, for example, the entire East Java 

Province, Indonesia. 
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