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सार — भारत की लगभग 60% आबादी हर साल 10 से 20 ददनों के ललए ऐसे अत्यधिक तापमान के संपकक  में 

आती है जो स्वास््य जोखिम के महत्वपरू्क स्तरों को पार कर जाता है। हालांकक, देश के ववलभन्न भौगोललक क्षेत्रों में 
गमी का ववतरर् और उससे जडुी सवेंदनशीलताएं काफी लभन्न हैं, जजससे उच्च जोखिम वाले क्षेत्रों की पहचान करना 
चनुौतीपरू्क हो जाता है।   इन हॉटस्पॉट्स को पहचानना और ननर्कय लेने की प्रकियाओ ंमें जोखिम प्रबिंन प्रर्ाललयों को 
एकीकृत करने के ललए एक व्यापक ढांचा स्थावपत करना अत्यतं महत्वपरू्क है।  ववशेष रूप से, ग्रीष्म लहरों 
(Heatwaves) के प्रनत संवेदनशील क्षते्रों में आगे के अनसुिंान के महत्व पर प्रकाश डालने के ललए सीमा मान डडटेक्शन 
(देहली पहचान) ववधियों पर ध्यान कें दित करने की आवश्यकता है।  इस अध्ययन में मध्य भारत के पजश्चमी मध्य 
प्रदेश में 2009 और 2020 के बीच घदटत 33 ग्रीष्म लहर की घटनाओ ंका ववश्लेषर् करने के ललए भारत मौसम ववज्ञान 
ववभाग (IMD) के दैननक माध्य धग्रडेड सतही वाय ुतापमान डेटा के साथ MODIS लैंड सरफेस टेम्परेचर (LST) डेटा का 
उपयोग ककया गया।  ननष्कषक प्रदलशकत करते हैं कक सैटेलाइट-व्यतु्पन्न LST डेटा प्रभावी रूप से क्षेत्रीय ग्रीष्म लहर के 
प्रनतरूपों की पहचान कर सकता है, जजसमें वाय ुतापमान ववसगंनतयों के माध्यम से िोजी गई ग्रीष्म लहरों और LST 
ववचलन का उपयोग करके अनमुाननत ग्रीष्म लहरों के बीच एक मजबतू सहसंबिं (सहसंबिं गुर्ांक लगभग 0.7) देिा 
गया है।  इसके अलावा, अध्ययन ने ग्रीष्म लहर की पहचान के ललए इष्टतम LST सीमा मान स्थावपत ककए: सामान्य 
ग्रीष्म लहरों के ललए 70वां पसेंटाइल (52.5°C) और गंभीर ग्रीष्म लहरों के ललए 90वां पसेंटाइल (53.5°C)।  इसके 
अनतररक्त, पररर्ाम उत्तरी और मध्य भारत में गलमकयों के गमक होने की एक स्पष्ट प्रववृत्त को इंधगत करते हैं, जजससे 
वपछले दशक में ग्रीष्म लहरों की आववृत्त, तीव्रता और अवधि में वदृ्धि हुई है। 

 

ABSTRACT. Approximately 60% of India's population is exposed to extreme temperatures that exceed critical 

health risk thresholds for 10 to 20 days each year. However, the distribution of heat and the associated vulnerabilities 

vary significantly across the country’s physiographical regions, making it challenging to identify high-risk areas. 
Recognizing these hotspots and establishing a comprehensive framework to integrate risk management systems into 

decision-making processes is crucial. In particular, there is a need to focus on threshold detection methods to highlight 

the importance of further research in regions susceptible to heatwaves. This study utilized MODIS Land Surface 
Temperature (LST) data alongside daily mean gridded surface air temperature data from the India Meteorological 

Department (IMD) to analyze 33 heatwave events that occurred between 2009 and 2020 in western Madhya Pradesh, 

central India. The findings demonstrate that satellite-derived LST data can effectively identify regional heatwave 

patterns, with a strong correlation (correlation coefficient approximately 0.7) observed between heatwaves detected via 

air temperature anomalies and those estimated using LST departures. Furthermore, the study established optimal LST 

thresholds for heatwave detection: the 70th percentile (52.5 °C) for standard heatwaves and the 90th percentile (53.5 °C) 
for severe heatwaves. Additionally, the results indicate a noticeable trend of summer warming in northern and central 

India, leading to increased heatwaves' frequency, intensity, and duration over the past decade. 
 

Key words  –  Land surface temperature, mortality, MODIS, IMD, heat wave. 
 

 

1. Introduction 

 

Heatwave events profoundly impact human activities 

and natural ecosystems, adversely affecting human health, 

inhibiting vegetation growth, and disrupting livestock 

processes (Zhang et al., 2016; Li et al., 2017). Projections 

from global climate models suggest that the intensity and 

consequences of heatwaves will escalate in the 21st 

century due to ongoing climate warming (Mora et al., 

2017; Dosio et al., 2018). Historical events illustrate the 

severity of such occurrences: the 2003 European heatwave 

resulted in approximately 70,000 excess deaths (Robine et 

al., 2008), while the 2010 Russian heatwave caused 

significant casualties, extensive crop failures, the 
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destruction of millions of hectares of land, and substantial 

economic losses (Barripedro et al., 2011; Trenberth et al., 

2012). In South Asia, the 2010 Ahmedabad heatwave led 

to over 1,300 fatalities, prompting the development of the 

region’s first coordinated heat action plans (Knowlton et 

al., 2014). 

 

Accurately mapping the spatial extent of heatwaves 

remains challenging due to the limited distribution of 

meteorological stations, particularly in diverse 

physiographical regions (Perkins et al., 2015). Changes in 

land use and land cover (LULC) further influence large-

scale heatwave variability, yet vegetation and surface 

moisture conditions often receive insufficient 

consideration (Findell et al., 2017). Land-atmosphere 

feedback mechanisms exacerbate extreme temperatures, 

driven by both antecedent and concurrent dry conditions 

(Russo et al., 2019; Ribeiro et al., 2020). 

 

In this context, satellite-derived Land Surface 

Temperature (LST) is a valuable tool for spatiotemporal 

heatwave analysis, particularly in regions with sparse 

meteorological networks (Snyder et al., 1998; Albright et 

al., 2011). LST is widely recognised as a key indicator in 

climate change studies, aiding in the computation of 

sensible and latent heat fluxes and identifying extreme 

climate events influenced by atmospheric circulation and 

teleconnections (Jin, 2004). Compared to air temperature, 

LST provides more detailed insights into the surface 

energy budget by capturing the Earth's thermal emissions, 

whereas air temperature data is more suited for assessing 

relatively homogenous surface conditions (Mildrexler et 

al., 2011; Oyler et al., 2016). 

 

Projections for India indicate an increase in                 

air temperature of 3-4 °C by the end of the 21st                

century, with northern regions expected to experience the 

most pronounced effects (Chaturvedi et al., 2012). Night-

time LST and minimum air temperature have 

demonstrated consistency across different land cover 

types due to their reduced sensitivity to solar insolation, 

making them robust indicators for heatwave studies (Good 

et al., 2017). 

 

This study underscores the importance of integrating 

air temperature and LST data for enhanced heatwave 

detection in western Madhya Pradesh. Situated between 

the hot arid climate of Rajasthan to the west and the 

forested state of Chhattisgarh to the east, the region 

functions as a climatic transition zone, making it critical 

for analysing heatwave movement and dynamics. The 

analysis of maximum LST anomalies from 2003 to 2014 

has proven effective in identifying abnormally high 

temperatures associated with extreme global weather 

phenomena, including heatwaves, droughts, and land-use 

changes (Mildrexler et al., 2018). For instance, continuous 

warming trends in western North America from 2002 to 

2018, driven by El Niño and La Niña events, revealed 

significant spatial LST variations (Yan et al., 2020). The 

extreme heatwave in western North America in 2021, 

characterised by exceptionally high LST and air 

temperature values, was linked to anthropogenic climate 

change (Sjoukje et al., 2021). 

 

Despite increasing global research on heatwaves, 

studies specific to India remain limited, with most 

focusing on climatology and long-term trends (Rohini et 

al., 2016; Pai et al., 2013). This research addresses a 

critical gap by examining heatwave detection in western 

Madhya Pradesh using high-resolution LST data. A 

comparative analysis of heatwave detection methods using 

IMD air temperature and satellite-based LST is presented 

in Section 4. Additionally, Section 5 outlines threshold 

LST values for heatwave zones, aligned with air 

temperature criteria. By integrating high-resolution 

satellite data with ground-based observations, this study 

advances the understanding of heatwave dynamics in a 

region prone to extreme temperatures. The findings 

contribute to improved risk management and adaptation 

strategies, supporting efforts to mitigate the escalating 

impacts of heatwaves in India. 

 

2. Data and methodology 

 

2.1. Study region 

 

Western Madhya Pradesh is situated between 

latitudes 21°4'9.8286"N and 23°56'326"N and longitudes 

76°16'48.1038"E to 78°21'23.8608"E, encompassing an 

area of 17,351.25 km² (Figure 1). The region experiences 

a semi-arid climate, characterised by hot summers and 

mild winters. Most of annual precipitation occurs during 

the monsoon season (June–September). Summers are 

typically hot and dry, with temperatures reaching 40 °C, 

while winter temperatures can drop to approximately          

10 °C. 

 

Land use and land cover (LULC) changes in the 

region are influenced by geological, topographical, 

climatic, and anthropogenic factors, resulting in a 

heterogeneous landscape comprising agricultural land, 

forests, grasslands, and urban settlements. The extreme 

summer temperatures make the region particularly 

suitable for studying satellite-derived Land Surface 

Temperature (LST) to assess temperature variability and 

its implications for the local ecology, economy, and 

society. Additionally, the availability of LST data enables 

insights into crop monitoring and management and urban 

heat island (UHI) studies, particularly in major urban 

centres such as Indore and Ujjain. 
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Fig. 1. Map of India is shown (left) along with the study region highlighted in it and the study region is enlarged to the 
right showing the locations of IMD stations 

 

2.2. Dataset 

 

To analyse heatwave characteristics through air 

temperature variations, this study utilised daily mean 

gridded surface air temperature data from the India 

Meteorological Department (IMD) at a spatial resolution 

of 1° × 1°, covering the period from 1951 to 2020. Data 

from 15 surface meteorological observatories, maintained 

by IMD, were used to validate identified heatwave events. 

Additionally, daily mean surface relative humidity 

(measured at 2 m) and wind data (at 850 hPa) were 

obtained from the NCMRWF-IMDAA (Indian Monsoon 

Data Assimilation and Analysis) reanalysis dataset, which 

provides a spatial resolution of 12 km and spans from 

1979 to 2020. 

 

Air temperature observations were collected from 

ground-based meteorological stations following World 

Meteorological Organization (WMO) standards. 

Measurements were taken at a height of 2 m above ground 

level and included daily maximum air temperature values. 

The study incorporated data from 15 meteorological 

stations located across diverse environmental conditions 

in western Madhya Pradesh (Fig. 1). 

 

Satellite-based data included Land Surface 

Temperature (LST) at a spatial resolution of 1 km, derived 

from the Moderate Resolution Imaging Spectroradiometer 

(MODIS) sensors aboard the Terra satellite. Terra follows 

a sun-synchronous orbit, crossing the equator from south 

to north at approximately 1:30 a.m. local time. The 

MODIS LST data were processed using the split-window 

algorithm, which utilizes thermal infrared band channels 

31 (10.78–11.28 µm) and 32 (11.77–12.27 µm) 

(Vancutsem et al., 2010). This algorithm corrects for 

atmospheric effects and surface emissivity by applying a 

look-up table derived from global land surface emissivity 

data in the thermal infrared spectrum (Wan et al., 2002). 

 

2.3. Methodology 

 

This study employs a comprehensive approach to 

analyzing heatwave phenomena by integrating MODIS 

LST data with ground-based air temperature observations. 

As clear-sky conditions are a prerequisite for heatwave 

identification, particular attention was given to cloud 

cover in the analysis. A comparative assessment was 

conducted between MODIS daytime daily LST data and 

maximum air temperature measurements from 15 

meteorological stations. In Fig. 2, several important 

aspects are illustrated: (a) a comparison is made between 

land surface temperature (LST) and air temperature, 

highlighting the variations and differences observed; (b) 

the relationship between LST and air temperature is 

analyzed through a linear regression model, demonstrating 

how predicted LST values correlate with actual air 

temperature readings; (c) data collected from 15 different 

ground-based monitoring stations is graphically 

represented, showing the recorded values of both LST and 

air temperature for a comprehensive analysis.
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Figs. 2(a-c) (a) the difference between LST and air temperature is shown; (b) based on a linear regression 

model, the predicted LST values are correlated with the air temperature; (c) the LST and air 

temperature from 15 ground-based stations are plotted 

 

 

To ensure methodological robustness, the study 

implemented the following three-step process: 

 

Data Extraction: LST values were extracted from 

MODIS pixels corresponding to the geographical 

locations of the 15 meteorological stations. 

 

Outlier Removal: Observations with discrepancies 

exceeding 7 °C between IMD air temperature data and 

MODIS-derived LST were excluded to retain only clear-

sky observations. Additionally, air temperature readings 

above 40 °C were filtered to ensure the dataset captured 

relevant heatwave events. 

 

Hybrid Algorithm: A novel approach was developed 

to combine MODIS LST data with air temperature 

observations for heatwave detection. This method 

involved calculating grid-based LST values to construct a 

spatial representation of heatwave dynamics across the 

study area. 

 

The analysis was conducted using MODIS daytime 

LST data spanning from 2003 to 2020, focusing on the 

heatwave-prone months of March to June. The dataset was 

analysed on a high-resolution 2 km × 2 km grid, enabling 

an in-depth assessment of heatwave patterns. 

Thresholds Based on Percentiles: To quantify 

heatwave intensity and frequency, the study established 

temperature thresholds based on daily LST percentiles 

ranging from the 50th to the 95th percentile. Additionally, 

the Excess Heat Factor Index was employed by overlaying 

maximum temperature contours obtained from MODIS 

data with IMD gridded air temperature data to enhance 

validation. 

 

Relative Humidity and Synoptic Conditions: Further 

analysis incorporated the role of surface relative humidity 

and synoptic wind conditions at 850 hPa to assess their 

influence on heatwave exposure and thermal comfort 

levels. Given that the Terra satellite’s overpass occurs 

near peak daily air temperature, the correlation between 

LST and air temperature readings was significantly 

enhanced. An examination of daily LST trends from 

March to June revealed distinct heatwave patterns, with 

notable spatial and temporal variations in intensity and 

prevalence. The analysis of relative humidity highlighted 

its substantial impact on thermal discomfort during 

heatwave events, particularly when coupled with 

prevailing wind conditions.  

 
By integrating MODIS LST data                            

with  air  temperature  observations,  this   study   provides   
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TABLE 1 

 

The number of heat wave events over west Madhya Pradesh 

 from 2009 to 2020 

 
S No. Year Months Duration 

1 2009 May 17-19 

2 2010 May 24 

3 2011 May 23-29 
4 2012 April 3-5, 8-11 

  May 26-28 

5 2013 May 18-26 
6 2014 May 23, 29-30 

  June 2, 4, 5, 6, 7-9, 11 

7 2015 May 17-21, 23-24 
8 2016 March 25-26 

  May 13, 15-20 

  June 07-09 
9 2017 March 26-31 

  April 3-4, 15-21 

  May 13-14, 17 
10 2018 May 19, 22-29, 31 

11 2019 May 29-31 

  June 03-12, 
12 2020 May 22-25, 27 

 
a comprehensive understanding of heatwave dynamics, 

particularly in regions with sparse meteorological 

coverage. The inclusion of relative humidity and synoptic 

wind patterns further refines the assessment of heatwave 

impacts on human thermal comfort and regional 

vulnerability, contributing to improved preparedness and 

mitigation strategies. The hybrid approach developed in 

this study has broad applications, including urban heat 

island research, climate adaptation planning, and early 

warning system development for extreme heat events. By 

leveraging satellite data and advanced algorithms, this 

methodology effectively bridges gaps in heatwave 

detection, offering valuable insights into their spatio-

temporal variability and associated risks. 

 

2.4. Mechanism of heatwave 

 

For the formation and sustenance of heat waves, there are 

some favorable conditions such as: 

 

(i) The region should have warm and dry air with an 

appropriate flow of hot air from the adjoining areas, (ii) 

Little or no moisture present in the upper air, (iii) 

Cloudless sky to allow maximum incoming solar 

radiation, (iv) Nearly dry adiabatic lapse rate, (v) There 

should be a well-defined ridge over the mid-troposphere 

region to allow air subsidence. 

 

2.5. Criteria for detection of heat wave in air 

temperature 

 

According to Indian Meteorological Department 

(IMD), heat wave is defined as, when maximum 

temperature (Tmax) of a station reaches ≥40 °C for plains 

and ≥30 °C for hilly regions. Also, there are three 

different categories based on which the following criteria 

 

(i) Based on departure from normal, (a). Departure of 

Tmax from normal is 4.5-6.4°C: heat wave, (b). Departure 

of Tmax from normal is ≥6.5 °C: severe heat wave  

 

(ii) Based on actual maximum temperature, (a). When 

actual Tmax ≥45 °C: heat wave, (b). When actual Tmax ≥ 

47° C: severe heat wave  

 

(iii) Criteria for heat wave for coastal stations (a). When 

the departure of actual Tmax from normal is greater than 

4.5 °C.  

 

3. Results and discussion 

 

3.1. Heatwave detection criteria adopted using LST 

 

This study utilized MODIS Land Surface 

Temperature (LST) data as a proxy for heatwave 

detection, integrating it with ground-based ambient air 

temperature measurements. While air temperature data are 

traditionally employed to identify heatwaves, their 

relatively low spatial resolution limits their effectiveness 

for regional-scale analyses. In contrast, LST has been 

established as a reliable indicator for heatwave studies 

(Kawashima et al., 2000; Good et al., 2017; Bahi et al., 

2016). To enhance detection accuracy, a hybrid algorithm 

combining LST and air temperature data was developed to 

establish heatwave detection thresholds. 

 

A detailed analysis was conducted on 33 heatwave 

(HW) events, with a particular focus on western Madhya 

Pradesh, a region in central India known for frequent 

heatwave occurrences, especially during summer. The 

geographical location of this region-positioned between an 

arid zone to the west and a forested area to the east-makes 

it an optimal site for studying heatwave movement and 

propagation. This transitional zone provides a unique 

opportunity to trace the progression of heatwaves from 

source regions (arid zones) to sink regions (cooler, 

forested zones), thereby highlighting temperature 

gradients and movement dynamics. Understanding these 

patterns can aid meteorologists in predicting heatwave 

propagation and its associated impacts. 

 
Table 1 summarises the 33 identified heatwave 

events between 1979 and 2020, providing details on their 

dates, years, and months of occurrence. This summary 

offers insights into the temporal distribution and evolution 

of heatwaves over the study period and serves as a 

foundation for the subsequent analyses presented in the 

results section. 
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Fig. 3. The relationship of Air Temperature (Tair) from individual ground-based IMD stations located over western Madhya Pradesh with the 

LST from MODIS for May months over 2009-2020 with correlation coefficients and p-values denoted in each 
 

 

To examine the spatial and temporal variability of 

heatwaves, freely available MODIS LST data were 

accessed via the Google Earth Engine (GEE) platform for 

western Madhya Pradesh. A gridded analysis was 

conducted at a spatial resolution of 2 km × 2 km, enabling 

the identification of heatwave duration, frequency, and 

intensity. This approach provides a comprehensive 

assessment of heatwave dynamics, contributing to a more 

refined understanding of their impacts in the region. 

 

3.2. Comparison of heat wave events from LST 

and air temperature 

 

The relationship between Land Surface Temperature 

(LST) and ambient air temperature (T_air) was analysed 

across two agro-meteorological eco-regions in western 

Madhya Pradesh (WMP). Fig. 3 illustrates how 

environmental, topographic, and methodological factors 

influence this relationship. Pearson correlation 

coefficients (R) between LST and T_air were calculated 

using data from 15 ground-based meteorological stations 

operated by the India Meteorological Department (IMD), 

covering the period from May 2009 to 2020. 

 

The analysis revealed that increased terrain 

roughness weakens the LST-T_air correlation. For 

instance, stations in the southern Deccan Plateau exhibited 

moderate correlations, with R values of 0.43 in Khandwa, 

Betul, and Dhar, likely due to of high solar insolation with 

mountainous terrain. Urban areas demonstrated notable 

effects on the LST-T_air relationship due to the Urban 

Heat Island (UHI) phenomenon. In major cities such as 

Indore (R = 0.49) and Ujjain (R = 0.48), the replacement 

of natural vegetation with impervious surfaces contributed 

to elevated surface temperatures. In contrast, regions with 

significant forest cover, such as Bhopal and Hoshangabad, 

exhibited reduced UHI effects, with correlation 

coefficients exceeding 0.5. 

 

Northern parts of the state, including Gwalior (R = 

0.68) and Datia (R = 0.66), demonstrated the strongest 

correlations between LST and T_air. These areas are 

characterised by relatively flat terrain, which likely 

enhances consistency between surface and air temperature 

measurements. Statistical significance was tested for all 

correlations, with p-values provided alongside the 

correlation coefficients in Fig. 2. A significant p-value 

greater than 99.xxxx percent confidence level was found 

in all cases, allowing for the rejection of the null 

hypothesis (H₀) and confirming a statistically significant 

relationship between maximum air temperature and land 

surface temperature (LST). 

 

The UHI effect, particularly pronounced in densely 

populated urban areas, results from the replacement of 

natural vegetation with impervious surfaces such as 

buildings and roads, leading to local microclimate 

alterations. The combined impact of UHI and heatwaves 

in urban regions exacerbates thermal discomfort and stress 

among residents (Lee et al., 2017; Steeneveld et al., 

2011), increasing their vulnerability to heat-related risks. 

 

A widely used approach for detecting seasonal 

heatwave trends involves percentile-based threshold
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Fig. 4.  Distribution of LST (MODIS) and Air Temperature (IMD gridded dataset) for the heat wave event of 04 June 2014 

 
temperatures. This method entails calculating the 70th and 

90th percentiles of LST values over a specific period (e.g., 

a month) and using these thresholds to identify heatwave 

conditions. For instance, defining a heatwave as a period 

when at least 50% of the area exhibits LST values above 

the 70th percentile enables the analysis of seasonal 

heatwave trends across western Madhya Pradesh. This 

approach facilitates a more comprehensive understanding 

of heatwave patterns, contributing to improved climate 

adaptation strategies and risk mitigation efforts.  

 

3.3. Heat wave patterns observed from LST and air 

temperature in 2014 

 

Fig. 4 illustrates the Land Surface Temperature 

(LST) variation over the study region on June 3, 4, and 6, 

2014, highlighting dynamic patterns influenced by 

environmental and meteorological factors. On June 3, the 

LST exhibited distinct spatial heterogeneity. Urban areas 

showed significantly higher temperatures compared to 

cooler regions, such as vegetated landscapes and water 

bodies. This pattern is indicative of the Urban Heat Island 

(UHI) effect, wherein built-up areas retain more heat due 

to reduced vegetation and impervious surfaces (Mora et 

al., 2017; Dosio et al., 2018). By June 4, a notable 

increase in LST was observed across various land cover 

types. This rise was likely driven by solar radiation and 

changing atmospheric conditions, suggesting a transitional 

phase where the environment begins responding to 

evolving meteorological parameters. On June 6, the LST 

distribution showed a further increase, signifying 

intensified terrestrial radiation combined with prolonged
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Fig. 5. LST (Land Surface Temperature) distribution and Air Temperature over Madhya Pradesh for 19 May 2015 
 

 

solar insolation. These temporal and spatial variations in 

LST highlight the importance of monitoring surface 

temperature to understand local climate dynamics and 

identify potential heatwave hotspots. 

 

The middle row of Fig. 4 represents maximum 

temperature variations across the region. Notably, the 

latitude range between 17.5° N and 27.5° N was marked 

by heightened temperature conditions. However, while the 

LST patterns were well-defined, corresponding air 

temperature variations remained less pronounced until 

June 6, when a clearer correlation emerged. The third row 

depicts airflow patterns, which revealed a significant 

influx of hot winds from the northwest. This airflow 

pattern was a major driver of the heatwave events 

observed on June 4 and 6, contributing to the thermal 

stress experienced in the region. This analysis underscores 

the value of LST in capturing the spatial and temporal 

dynamics of heatwaves and their interactions with 

atmospheric conditions, providing crucial insights for 

identifying and managing heatwave hotspots effectively. 

 

3.4. Heatwave patterns observed from LST and air 

temperature in 2015 

 

Fig. 5 illustrates the progression of heatwave 

conditions on May 17, 19, and 21, 2015, based on Land 

Surface Temperature (LST) data from MODIS. The 

analysis reveals a clear intensification of thermal stress 

across the study region during this period. On May 17, an 

initial surge in LST was observed, particularly in urban 

and densely built-up areas, marking the early onset of
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Fig. 6. Physiographical distribution of Heatwave areas as reflected from LST in May from the period 2012 to 2020 
 

 

elevated temperatures. By May 19, LST values had risen 

significantly, covering a broader geographical area. The 

persistence of heightened temperatures indicated the 

intensification of the heatwave, likely influenced by 

atmospheric conditions, prolonged solar exposure, and 

anthropogenic factors (Chaturvedi et al., 2012; Narkhede 

et al., 2022). By May 21, although LST values began to 

normalise, the widespread effects of the heatwave 

remained evident, highlighting the sustained nature of 

thermal stress. 

 

The middle row of Fig. 5 presents the distribution of 

maximum temperatures. On May 17, peak temperatures 

reached approximately 42.5 °C in northern India. By May 

19, temperatures in western Madhya Pradesh had risen to 

around 45 °C, marked by a heat stress contour (indicated 

in green). By May 21, the heatwave appeared to migrate 

southward, in alignment with changes in LST values 

depicted in the first row. The bottom row provides 

additional atmospheric context, displaying wind vectors 

and shaded relative humidity (RH). The prevailing 

northwesterly wind flow facilitated the advection of hot, 

dry air masses into the region, exacerbating heat 

conditions. Relative humidity remained low-a typical 

characteristic of heatwaves-further intensifying thermal 

stress. Additionally, the bottom row highlights Excess 

Heat Factor (EHF) values, which increased notably 

between May 17 and 19, particularly in western Madhya 

Pradesh. The alignment of these EHF values with LST 

and maximum temperature data underscores regions 

experiencing extreme heat, emphasising the severity of the 

heatwave during this period. 

 

This comprehensive analysis highlights the interplay 

between atmospheric dynamics, land surface 

characteristics, and anthropogenic influences in shaping 

heatwave conditions and their intensification across the 

study region. Understanding these interactions is essential 

for improving heatwave prediction and mitigation 

strategies. 

 

3.5. Inter-annual characterization of heat waves 

hot spots in LST 

 

The analysis of Land Surface Temperature (LST) 

data for the study region from May 2012 to May 2020 

reveals significant temporal variations, as illustrated in 

Fig. 6. Each sub-figure represents the monthly  mean  LST 
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Fig. 7. Average duration of heat waves (HW) (70th percentile LST) and severe heat waves (SHW) (90th percentile LST) from 2012 to 

2020 for May over Western Madhya Pradesh, India 

 

for May of a specific year, providing valuable           

insights into the region’s thermal dynamics                           

and susceptibility to climatic shifts. In 2012,                     

LST exhibited a relatively stable pattern, with only               

minor fluctuations observed along riverbed                         

areas. However, by 2013, a subtle increase in LST                 

was evident, suggesting an emerging shift in                      

climatic conditions. This trend intensified notably in 2015, 

when a pronounced spike in LST was observed, 

coinciding with a significant heatwave that impacted the 

plateau region of the state. The year 2016 marked a return 

to relatively normal conditions, with LST values 

stabilising. However, in 2017 and 2018, elevated LST 

levels were recorded, particularly over the southwestern 

plateau region, indicating a sustained warming trend. 

Patterns for 2018 and 2019 continued to show heightened 

LST values with intermittent deviations, suggesting 

ongoing climatic fluctuations. By 2020, the data indicate a 

potential adaptation of the region to varying 

environmental influences, with LST trends reflecting 

broader climatic patterns. 

 
This temporal analysis underscores the utility of LST 

in monitoring the thermal dynamics of the area and 

highlights its role as a complementary tool to air 

temperature data for heatwave detection. These findings 

align with previous studies (Zhang et al., 2016; Mora et 

al., 2017), offering a comprehensive perspective on the 

region’s vulnerability to climate fluctuations. The ability 

to detect year-on-year variations in LST enhances its 

application as a key tool for assessing heatwave patterns 

and informing climate adaptation strategies. 

 

3.6. Decadal distribution of heat wave and severe 

heat wave days over the study region in may 

 

Fig. 7 illustrates the variation in heat wave (HW) and 

severe heat wave (SHW) durations during May, averaged 

from 2012 to 2020, based on Land Surface Temperature 

(LST) data. The findings indicate that the study region 

experienced prolonged HW and SHW conditions, with 

varying durations. Notably, areas with higher urban 

development, particularly in the central region, exhibited 

more pronounced heat wave occurrences. In contrast, 

forested areas in the northeast displayed minimal heat 

wave activity, likely due to differences in radiation 

balance. 

 

The analysis reveals that heat waves in May 

extended up to 22 days, suggesting a prolonged period of 

elevated temperatures that may impact local ecosystems, 

agriculture, and human health. Severe heat waves 

persisted for a maximum of 20 days, further intensifying 

thermal stress in the region. These prolonged episodes 

highlight an increasing frequency of extreme temperature 

events in May, potentially driven by broader climatic 

trends and anthropogenic influences. Continuous 

monitoring of LST in conjunction with air temperature 

data is essential for developing adaptive strategies to 

mitigate the adverse effects of extreme heat.
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Figs 8(a-e). (a): Number of HW days from the 70th and 90th percentile LST over the study region for March, April, May, and June combined 

for 2003-2020; (b-e) represents the number of days from the 70th and 90th percentile LST in March, April, May, and June 

separately from 2003-2020 

 

3.7. Decadal distribution of heatwave and severe 

heatwave days 

 

Fig. 8 presents the seasonal trends of heat waves 

from March to June over the period 2003-2020, revealing 

distinct patterns in LST variations. Fig. 8(a) illustrates the 

mean LST changes over these months, highlighting 

seasonal transitions. In March, the onset of spring is 

marked by a gradual temperature rise. By April, heat wave 

occurrences become more frequent as temperatures 

continue to increase. In May, heat waves intensify, 

marking the transition into summer, with LST peaking 

during this month. June represents the peak of the spring-

to-summer transition, characterised by the highest 

frequencies of heat waves and maximum LST values. This 

seasonal analysis provides insight into the evolution of 

temperature extremes from early spring to early summer 

over the study period. 

 

Figs. 8(b-e) further analyse heat wave trends from 

2003 to 2020, focusing on March, April, May, and June. 

The data highlight LST patterns at the 70th and 90th 

percentiles. The 70th percentile LST (52.5 °C) 

consistently indicates higher temperatures during heat 

wave events, suggesting extended HW durations. 

Conversely, the 90th percentile LST (53.5 °C) reflects a 

broader range of temperature variability, associated with 

shorter SHW durations (Rohini et al., 2016; Oyler et al., 

2016). These findings indicate that while the region 

experiences SHW conditions, HWs tend to be longer in 

duration, with sustained heating at the 70th percentile 

threshold. The subplots offer valuable insights into the 

intensity and extent of extreme heat, as measured by LST, 

over the studied period. 

 

3.8. Discussions 

 

Ground-based observations of ambient temperature 

are the most commonly used data for studying heatwaves 

(Mishra et al., 2017; Papanastasiou et al., 2014). 

However, these measurements lack the spatial granularity 

required for disaster risk reduction, as they do not provide 

fine-scale (~2 km) spatial variability. An alternative 

dataset that addresses this limitation is the Moderate 

Resolution Imaging Spectroradiometer (MODIS) Land 

Surface Temperature (LST) dataset, which has provided 

continuous daily day- and night-pass data at a 1-km 

resolution since 2003 (Bahi et al., 2016). Several studies 

have demonstrated a strong correlation between LST and 

ambient temperature (Good et al., 2017; Kawashima et 

al., 2000; Bahi et al., 2016). In this study, a correlation 

coefficient exceeding 0.5 was obtained for most of the 
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stations analyzed (Fig. 3), suggesting that MODIS LST 

can serve as a reliable proxy for ambient air temperature 

in examining the spatio-temporal characteristics of 

heatwaves at a local scale. 

 

Heatwave frequency in India has increased 

significantly, rising from 25 events in the period 1981-

1990 to 67 in 2001-2010 (IMD, 2019; Rohini et al., 2016). 

This trend is exacerbated by rapid urbanization and 

changes in land use and land cover (LULC) (Rathee, 

2014; Geetika, 2014). Figs. 4 and 5 indicate that land 

cover characteristics, particularly vegetation type, 

cropping patterns, and changes in built-up areas, play a 

critical role in the spatial distribution of heatwave 

hotspots. The study region is predominantly covered by 

dry deciduous forests, which remain leafless from April to 

June (Roy et al., 2012). Additionally, the widespread 

presence of rainfed cropland (Kharif) results in large areas 

of fallow land during the peak summer months (April–

June). These conditions create a landscape with minimal 

green cover and reduced evapotranspiration, leading to 

high temperatures with limited moderation. This pattern is 

particularly pronounced in the southern and western parts 

of the study area (Fig. 6). 

 

Urbanization has further intensified warming trends 

by reducing permeable surfaces, increasing albedo, and 

consequently elevating temperatures. Due to the limited 

coverage of ground-based temperature observations, 

MODIS LST data have been widely used as a substitute 

for ambient air temperature measurements. While LST 

does not always accurately reflect actual ambient 

temperatures-particularly in non-vegetated areas where it 

tends to be higher-it remains a valuable tool for analyzing 

spatial temperature variations. Previous studies have 

successfully applied LST in heatwave research for cities 

such as Bhopal, Hoshangabad, and Gwalior (Bahi et al., 

2016; Good et al., 2017; Kawashima et al., 2000). 

Nonetheless, an expanded network of ground-based 

observations would improve modelling accuracy, enabling 

better projections and pattern identification. 

 

Seasonal and monthly variations in LST, as 

illustrated in Figs. 8(a-e), are influenced by several 

meteorological factors, including wind speed, cloud cover, 

climatology, and atmospheric stability. Additionally, 

significant spatial differences in LST have been linked to 

the effects of El Niño and La Niña (Yan et al., 2020). The 

expansion of impervious surfaces in urban areas has also 

contributed to rising surface temperatures, altering surface 

radiation and moisture dynamics (Tian et al., 2021). The 

Urban Heat Island (UHI) effect, driven by dense high-rise 

buildings, heat-absorbing artificial materials, reduced 

vegetation cover, anthropogenic heat  emissions, disrupted 

urban ventilation, and air pollution, further exacerbates 

urban temperature increases (Steeneveld et al., 2011; 

Mirzaei, 2015; Aleksandrowicz et al., 2017; Palme et al., 

2017; He, 2019). Land  cover composition is critical in 

determining UHI   intensity, with the relationship between 

LST and the Normalised Difference Vegetation Index 

(NDVI) serving as a key indicator of land cover changes 

(Singh & Grover, 2015). LST, and atmospheric 

temperature remain among the most widely used indices 

for assessing UHI effects (Sheng et al., 2017; Eludoyin et 

al., 2019; Sun et al., 2020; Tian et al., 2021). 

 

4. Conclusions 

 

Analysis of LST in western Madhya Pradesh across 

daily (Figs. 4 and 5), monthly over a nine-year period 

(Fig. 6), and yearly (Figs .7 and 8) timescales confirms the 

efficacy of satellite-based LST in detecting regional 

heatwave patterns. A strong correlation (correlation 

coefficient, CC ≥ 0.5) was found between heatwaves 

identified through IMD air temperature anomalies and 

those estimated using LST anomalies. The study 

establishes optimal LST thresholds for heatwave 

detection: 52.5 °C (70th percentile) for standard heatwaves 

and 53.5 °C (90th percentile) for severe heatwaves. 

Additionally, an LST exceeding 47 °C, combined with a 

temperature anomaly of 4-5 °C, is proposed as an 

effective threshold for identifying heatwave conditions 

over inland stations. 

 

The findings further underscore that summer 

warming trends in northern and central India have 

significantly increased the frequency, intensity, and 

duration of heatwaves over the past decade (Rao et al., 

2021). Yearly heatwave patterns are well captured at a 

monthly scale in LST data, providing valuable insights 

into temporal and spatial variability. However, the study 

highlights the need to refine regional coefficients of LST 

anomalies to improve alignment with air temperature 

methodologies. This suggests that further research is 

required to enhance the integration of these 

complementary approaches. 

 

In conclusion, satellite-derived LST data have 

proven to be a reliable and valuable resource for detecting 

and monitoring heatwaves, particularly in the context of 

rising temperatures and their growing environmental and 

human health impacts. The integration of LST data with 

traditional air temperature observations can strengthen 

early warning systems and contribute to more effective 

heatwave mitigation strategies. 
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