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Abstract: Urbanization is a human activity that changes the surface of the earth and degrades the
surroundings of major cities all over the world. The problem is more acute in many developing cities
with a high population and rapid economic growth. The present study focuses on the effect of land
use/land cover (LULC) on the land surface temperature (LST) in Sonipat district, Haryana India. The
LULC derived from multispectral satellite data of two periods, 2011 and 2021, indicated a significant
increase in urban areas by (3%) and barren and fallow land by (7%), whereas crop land has decreased
by (11%) and water bodies have remained the same, in comparison with 2011. The LST, derived
from a thermal infrared sensor, showed an overall increase in LST by 5 ◦C from 2011 to 2021. The
results also showed that there was a significant LST difference across the LULC units. Pearson’s
correlation analysis results showed an inverse correlation between LST and NDVI across urban areas
and other land use classes, whereas a positive correlation over water bodies were observed in the
study area. Therefore, LST and its relationship with NDVI via LULC, is a key parameter to investigate
the thermal glitches in an urban ecosystem. This can be adopted as a useful tool for analyzing the
environmental influence on the ecological unit.

Keywords: land surface temperature; land use; land-cover; normalized difference vegetation index;
urbanization; industrialization

1. Introduction

The implications of the changes in land use and land cover affect all regions and
sectors. Land cover is a remarkable feature on the earth’s surface that is influenced by
several present-day human activities. Climate is greatly affected by the human activities
through changes in land use/land cover (LULC) at spatio-temporal level [1], such as
growing food, cutting trees, building cities or covering the physical characteristics of the
land surface in other ways, e.g., comprising grain crops, trees, or concrete [2]. This change
in land can have positive and negative effects on human well-being [3]. The review of the
link between land surface temperature (LST) and land use/cover has immense relevance in
understanding the changing dynamics of the environment [4]. Various factors contribute
to LST, varying from direct to indirect. The most visible effect of anthropogenic activities,
at regional and local levels, are therefore changes in the LULC, which changes the surface
energy balance, in turn influencing the surface temperature and changing the microclimate
of the region [5]. Previously, scientists used the meteorological temperature of weather
stations, which was discontinuous and necessitated extrapolation [6]. Today, however,
the LULC change can be measured continuously over time and space, utilizing remote
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sensing techniques [7]. Remote sensing is a relatively cost effective and easier way of
achieving up-to-date data about a large geographic area, and providing data about remote
areas that are inaccessible [8]. The focus of this study was to investigate the connection
between LULC and LST, defined by the temporal and spatial variations in the Sonipat
District of Haryana. A quantitative analysis of the link between LULC and LST showed
the cause-effect analysis and the statistical relationship between these two parameters, and
the land surface temperature rises in one decade.

2. Study Area

The Sonipat district was chosen as the study area for this work. It falls under the
National Capital Region. The district headquarters are in the city of Sonipat. Sonipat
borders the states of Delhi and Uttar Pradesh. The overall climate of the Sonipat district
remains dry with a hot summer, cold winter, and a rainy season for 3 months in July,
August, and September. Winter starts in December. January is the coldest month, and the
summer months are May and June with the maximum temperatures. Light rains appear in
December, January, and February.

3. Methodology
3.1. Object-Based LULC Classification in Google Earth Engine (GEE)

The general steps for creating a LULC classification are summarized in a Figure 1.
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Figure 1. The LULC classification workflow integrated in Google Earth Engine (GEE).

3.2. Estimation of LST

LST was quantified using the Landsat 8 and 5 thermal bands. This simply requires
applying a set of equations of a mono-window algorithm through a raster calculator
with ArcMap.

3.3. NDVI Calculations

The NDVI ratio is the normalized difference between near-infra-red (NIR) and red
color band, which can be calculated using the formula below:

NDVI = (Band 5 − Band 4) / (Band 5 + Band 4), (1)

4. Result and Discussion
4.1. LULC Classification

The LULC classification for the Sonipat district obtained from the analysis using
Sentinel and Landsat data is shown in Figure 2a,b. The figures indicate that there was less
fallow land, barren land, and water bodies than built-up and agricultural land. Most of the
surrounding region comprised cropland and fallow land.
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4.2. The Relationship between LST and NDVI by Land Use/Cover Types

Karl Pearson’s correlation coefficients were computed between LST, with NDVI for
the LULC classes. Table 1 shows the correlation between LST and NDVI for LULC types
for the study area (Figures 3 and 4).

Table 1. The correlation between LST and NDVI for selected LULC types.

Year Land Use n R R2 Significance Level

2011

Urban and
Built-Up 20 −0.341 R2 = 0.1166 0.01

Water Bodies 15 0.159 R2 = 0.0255 0.01

Cropland 30 −0.759 R2 = 0.5761 0.01

Others
Fallow/Barren 12 −0.846 R2 = 0.7158 0.01

2021

Urban and
Built-Up 20 −0.490 R2 = 0.2404 0.01

Water Bodies 15 0.537 R2 = 0.2884 0.01

Cropland 30 −0.598 R2 = 0.3585 0.01

Others
Fallow/Barren 15 −0.752 R2 = 0.5655 0.01
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Figure 4. Mean LST values (a) LST image 2011; (b) LST image 2021.

All the correlation coefficients were significant, at a 0.01 level of significance, and
the (n) values in Table 1 show the total numbers of a polygon taken for selected LULC
types for calculating the correlation between LST and NDVI. NDVI values tended to be
negatively correlated with LST of all LULC, except for waterbodies for both the years. In
2011, the strongest negative correlation between LST and NDVI was found over the others:
fallow/barren (–0.846), followed by cropland (−0.759) and urban and built-up (−0.341). In
the 2021, the same trend of correlation between NDVI and LST was observed, LULC-wise.

5. Conclusions

This study examined the LULC changes in the Sonipat District of Haryana from
2011 to 2021. The results indicated that urban and built-up land, and the supporting
infrastructure, has expanded by 3%, whereas cropland has declined by 11%. Fallow/barren
land has increased by 7%. The observed changes in LULC were largely attributed to rapidly
growing infrastructure and poor land-use planning. Changes in LULC were accompanied
by changes in LST. An identification of such hotpots in the urban environment can be
useful in strategic planning for more resilient and sustainable cities.
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