Analyzing the relationship between urban vegetation and land surface temperature in Raipur City, India
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Abstract: Urban vegetation and land surface temperature (LST) are recently considered as significant determinants for estimating urban environmental health. Recently, urban greeneries are gradually being declined with the increase of impervious surfaces and dry bare lands. Consequently, LST of the urban area is constantly increased. In this study, the spatiotemporal changes in LST and green vegetation inside Raipur City of India were estimated from different Landsat satellite sensors. More specifically, the relationships of LST and normalized difference vegetation index (NDVI) were produced at three different dates of winter season (16-JAN-1998, 14-JAN-2009, and 23-JAN-2018). A weak negative regression of LST-NDVI was observed for the whole of the Raipur City. This LST-NDVI regression became stronger in the area with urban vegetation inside the city.
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1. Introduction
This Landsat thermal infrared (TIR) bands are frequently used by the scientists and researchers in geographical and environmental application [1-7]. Land surface temperature (LST) and urban heat islands (UHI) analysis recently becomes a popular research field that are entirely based on TIR data [8-11]. There are several relevant numerical LST retrieval methods were developed. Normalized difference vegetation index (NDVI) is very recognized spectral index in remote sensing application domain, and it is closely related to LST as well as UHI effect [15-24]. Generally, NDVI presents a negative regression with LST but the intensity of this relationship is varied spatially and temporally [25-27]. NDVI is widely used for identifying urban vegetation which may be considered as one of the major parameters in LST variation [28-30]. The prime objectives of the research were: (1) to determine NDVI-LST relationship for three different time period in the winter season and (2) to show the role of urban vegetation in the variation of LST. 
2. Materials and methods
Raipur city, capital of Chhattisgarh State and a modern technological city in India was chosen for the present study [29-32]. The latitudinal and longitudinal extent of Raipur city is from 21o11'22"N-21o20'02"N and from 81o32'20"E-81o41'50"E (Fig. 1). The city has an elevation of around 300 m. It comes under the tropical savannah (Aw) type of climate. Winter months (December-January) remain cool and dry. A moderate rate of land conversion has been taken place in Raipur in the recent years.
[image: image1.png]sr3s0E 81°400°E

21200°N

21'150°N

21°100°N 21100°N,

81350 81400




Fig. 1. Location of the study area

Landsat sensors are one of the popular remote sensed data used in deriving LST and NDVI. It records reflected or emitted energy from Earth surface features in different wavelengths of electromagnetic spectrum (EMS). The EMS forms of radiated energy from Gamma rays to Radio waves. Landsat data records blue, green, red, near-infrared, mid-infrared, and thermal infrared wavelength regions digitally and this information are captured, processed, and stored in a data archive. Table 1 presents the spectral information of Landsat data.
Table 1. Band specification of Landsat 5 TM and Landsat 8 OLI & TIRS data
	Landsat 5 TM
	Landsat 8 OLI & TIRS
	Landsat 5 TM
	Landsat 8 OLI & TIRS

	Bands
	Wavelength (µm)
	Bands
	Wavelength (µm)

	Band1-Blue (30m)
	0.45-0.52
	Band1-Ultra Blue (30m)
	0.435-0.451

	Band2-Green (30m)
	0.52-0.60
	Band2-Blue (30m)
	0.452-0.512

	Band3-Red (30m)
	0.63-0.69
	Band3-Green (30m)
	0.533-0.590

	Band4-NIR (30m)
	0.76-0.90
	Band4-Red (30m)
	0.636-0.673

	Band5-SWIR1 (30m)
	1.55-1.75
	Band5-NIR (30m)
	0.851-0.879

	Band6-TIR (120m)
	10.40-12.50
	Band6-SWIR1 (30m)
	1.566-1.651

	Band7-SWIR2 (30m)
	2.08-2.35
	Band7-SWIR2 (30m)
	2.107-2.294

	
	
	Band8-Pan (15m)
	0.503-0.676

	
	
	Band9-Cirrus (30m)
	1.363-1.384

	
	
	Band10-TIR1 (100m)
	10.60-11.19

	
	
	Band11-TIR2 (100m)
	11.50-12.51


Cloud-free Landsat 5 data of 16 January 1998, 14 January 2009, and Landsat 8 data of 23 January 2018 (Table 2) were used for the entire study. United States Geological Survey (USGS) provides the Landsat datasets freely downloadable. Winter images were selected to reduce the impact of humidity in the image. The entire study can also be performed in monsoon, pre-monsoon, and post-monsoon seasons to validate the research outcome. Urban vegetation of the study area was significantly determined using supervised classification and suitable NDVI threshold values.
Table 2. Specification of used Landsat datasets
	Multidate Landsat data
	Sun Elevation (o)
	Sun Azimuth (o)
	Cloud Cover (%)
	Earth-Sun Distance (AU)
	Time

	Landsat5 (16.01.1998)
	37.06
	141.49
	0.00
	0.98
	14:31:37

	Landsat5 (14.01.2009)
	38.25
	144.11
	0.00
	0.98
	14:41:09

	Landsat8 (23.01.2018)
	41.35
	145.81
	0.14
	0.98
	14:56:05


AU= Astronomical Unit
2.1 LST retrieval process
The LST was estimated from the thermal infrared (TIR) bands of Landsat data (band 6 in Landsat 5 and band 10 of Landsat 8) of Raipur city from the algorithms which are given below (Artis & Carnahan, 1982): 
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Where, 
[image: image3.wmf]l

 = the effective wavelength; 
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 = Boltzmann constant (1.38x10-23 J/K); 
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 = Plank’s constant (6.626x10-34 Js); 
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 = the velocity of light in a vacuum (2.998x10-8 m/sec); 
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 = emissivity. 
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Where, 
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[image: image10.wmf]2

K

 and 
[image: image11.wmf]1

K

 = calibration constants. 
[image: image12.wmf]1

K

 = 607.76, 
[image: image13.wmf]2

K

 = 1260.56 (for Landsat 5 TM); 
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3. Results and analysis

3.1 Spatial distribution of NDVI and LST 
The spatial distribution maps of NDVI and LST were shown in different time periods (Fig. 2-4). Fig. 2 represented the NDVI and LST values for 1998 satellite image. LST values ranged between 17.68oC and 9.20oC (Table 3). North-west and south-east parts of the study area indicated high LST values where NDVI values were lesser. Fig. 3 showed The NDVI and LST values for 2009 image. The maximum and minimum LST values were 23.01oC and 11.14oC. LST and NDVI values of 2018 image were represented by Fig. 4. It was clear from the figures that high LST values were found in those places where NDVI values are lesser.
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Fig. 2. (a) NDVI and (b) LST Map for 16-JAN-1998
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Fig. 3. (a) NDVI and (b) LST Map for 14-JAN-2009
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Fig. 4. (a) NDVI and (b) LST Map for 23-JAN-2018
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Fig. 5. Urban Vegetation Map of Raipur City: (a) 16-JAN-1998; (b) 14-JAN-2009; (c) 23-JAN-2018
Special focus of the study was given on the continuous monitoring of urban vegetation. These urban vegetation zones remain cool and favourable for human settlement. TABLE IV revealed and compared the LST values for whole of Raipur city and for the area with urban vegetation within the Raipur city. The urban vegetation zones were reduced with time (Fig. 5). This land conversion was taken placed mainly due to excessive pressure of urbanization. 

	Date
	LST

(Min)
	LST

(Max)
	LST

(Mean)
	LST

(Standard deviation)

	
	W.C.
	U.V.
	W.C.
	U.V.
	W.C.
	U.V.
	W.C.
	U.V.

	16-JAN-1998
	9.20
	10.18
	17.68
	16.31
	13.65
	13.31
	1.01
	0.92

	14-JAN-2009
	11.14
	12.10
	23.01
	19.03
	17.15
	15.00
	1.64
	1.11

	23-JAN-2018
	20.93
	21.48
	31.66
	27.49
	25.26
	24.23
	1.36
	0.99


Table 3. Varation of LST (oC) for the whole city (W.C.) and for the area with urban vegetation (U.V.)
3.2 LST-NDVI relationship

Generally, LST builds a negative regression with NDVI. TABLE III showed the correlation coefficient of LST with NDVI for the whole of Raipur city and for the area with urban vegetation. The LST-NDVI regressions were weak negative for the whole Raipur city. In the area with urban vegetation, these regressions became stronger (Table 4). The changing pattern of the LST-NDVI relationships was mainly produced because of the complex nature of landscape.
Table 4. Correlation coefficient values of LST-NDVI
	Date
	Whole Raipur city
	Area with urban vegetation

	16-JAN-1998
	-0.23209
	-0.41405

	14-JAN-2009
	-0.25628
	-0.40606

	23-JAN-2018
	-0.25468
	-0.41022


4. Conclusion
In the present study, Landsat satellite sensors were used for determining the impact of urban vegetation in generating LST in Raipur city, India and to interpret the temporal variation of LST-NDVI relationship. The LST-NDVI relationships remained negative for all the three winter images of different dates. This negative relationship became stronger within the area of urban vegetation.

Some research works can be incorporated in the later studies. Seasonal correlation between NDVI-LST can be analyzed to get more reliability in LST estimation. In addition to that, any new mathematical model can also be applied to notice the LST-NDVI relationship. 
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