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Abstract
Temperature variability is a key indicator of climate change and an important determinant of regional climate risk. This study investigates long-term
temperature dynamics in the Bankura-Purulia region of eastern India using maximum and minimum temperature records from 1995 to 2025. Trend
analysis, change-point detection, diurnal temperature range assessment, climate-risk mapping, and ARIMA-based forecasting were employed to
examine historical and future thermal behaviour. The results reveal a significant warming trend across all stations, accompanied by a climatic regime
shift during 2007–2008 and an acceleration of warming in the most recent decade. A declining diurnal temperature range indicates increasing
nighttime warming, while seasonal analysis identifies the strongest warming during the monsoon season. Climate-risk assessment highlights the
southern and south-eastern sectors as major thermal vulnerability hotspots. Future projections suggest the persistence of elevated temperature
conditions in the coming decades. The findings demonstrate that the region is undergoing a substantial thermal transition with increasing climate
risk and provide a scientific basis for regional adaptation and climate-resilience planning.

Highlights
1. Persistent regional warming was observed during 1995–2025.

2. Thermal variability exhibited significant changes under a warming climate.

3. A climatic regime shift occurred during the late 2000s.

4. Temperature projections indicate continued warming in the coming decade.

5. Climate-risk hotspots were identified through integrated thermal-risk assessment.

1. Introduction
Climate change has become one of the most critical environmental challenges of the contemporary world (Steffen et al., 2022; Sultana, 2022;
Abbass et al., 2022; McCulloch et al., 2024). Among the various manifestations of climate change, temperature variability is widely recognized as a
fundamental indicator of alterations in the Earth’s climatic system (Guo et al., 2021; Forster et al., 2023; Forster et al., 2024). Temperature reflects
changes in atmospheric energy balance and influences several environmental processes, including hydrological cycles, ecosystem functioning,
agricultural productivity, and human health (Yuan et al., 2024; Miralles et al., 2025). Rising air temperatures have intensified thermal extremes and
heat-wave events in many parts of the world (AghaKouchak et al., 2020; Di Capua & Rahmstorf, 2023). However, temperature variability is not solely
governed by atmospheric processes; it is influenced by the combined effects of natural climatic fluctuations and anthropogenic modifications of the
environment.

Recent assessments indicate that global warming has intensified during the last century, with India experiencing a corresponding rise in mean
temperature and increasing climatic extremes (Allan et al., 2023; Krishnan et al., 2020a). The Sixth Assessment Report of the Intergovernmental
Panel on Climate Change reported that the global mean surface temperature increased by approximately 1.1°C relative to the 1850–1900 baseline
period (Allan et al., 2023). This warming has contributed to more frequent thermal extremes, an increase in warm nights, and heightened climate-
related risks (Clarke et al., 2022; Tavares et al., 2024). The implications of these changes extend beyond the physical environment and increasingly
affect food security, water availability, urban sustainability, and public health. The country’s average temperature increased by approximately 0.7°C
between 1901 and 2018, and future projections indicate a substantial rise in temperature during the twenty-first century (Krishnan et al., 2020b).
Studies suggest that mean temperature may increase by as much as 4.4°C by the end of the century (Chakraborty et al., 2020), while maximum
temperature is projected to rise within a range of 2.5°C to 4.4°C (Bal et al., 2016).

One of the major consequences of rising temperatures is the increasing likelihood of drought occurrence. Future climate projections indicate that
several regions of India may experience more frequent and severe drought events after the 2030s. Areas such as the Kangsabati River Basin, the
Aravalli region, and the Bundelkhand region are projected to face multiple severe-to-extreme drought episodes under future climatic conditions
(Gupta et al., 2020; Mujumdar et al., 2020; Shrestha et al., 2020; Bhatla et al., 2025; Tayyaba et al., 2025). These concerns are particularly important
for dryland environments, which support more than 38% of the global population and are highly sensitive to climatic fluctuations (Huang et al., 2016;
Yaning et al., 2022). Rising temperatures and increasing aridity can accelerate land degradation processes, reduce ecosystem resilience, and
intensify desertification risks (Huang et al., 2016; Sun et al., 2023; Jain et al., 2024; Morán-Tejeda et al., 2026). Consequently, understanding the
behaviour of temperature at regional scales has become increasingly important for assessing future climate vulnerability and adaptation needs.

Beyond changes in average temperature, recent climate research has highlighted the significance of thermal variability and temperature extremes
(Goswami et al., 2018; Marx et al., 2021; van der Wiel and Bintanja, 2021; Molina et al., 2025). Variations in maximum and minimum temperatures
provide important insights into the changing nature of regional climates. Rising minimum temperatures are often associated with enhanced
nighttime warming, which reduces nocturnal cooling and limits thermal recovery. Such conditions can increase physiological stress on human
populations and ecosystems. Another important indicator is the Diurnal Temperature Range (DTR), defined as the difference between daily maximum
and minimum temperatures. Changes in DTR influence atmospheric instability, cloud formation processes, and land-atmosphere energy exchanges.
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Although global and national studies have generated substantial evidence regarding long-term warming trends, climate variability is inherently
spatially heterogeneous. Local climatic conditions are shaped by interactions among topography, land-use characteristics, vegetation cover,
atmospheric circulation, and human activities. As a result, broad-scale climate assessments often mask significant regional differences in warming
patterns and thermal extremes. Regional-scale investigations are therefore essential for identifying localized warming hotspots, understanding
thermal instability, and assessing climate vulnerability under changing environmental conditions. Such analyses contribute to the development of
place-specific climate adaptation and risk-management strategies (Saha et al., 2022; Datta and Behera, 2022a, 2022b).

A variety of statistical and modelling approaches have been employed to investigate long-term temperature variability. Among them, non-parametric
statistical techniques have gained widespread acceptance because of their robustness in analysing hydro-climatic datasets that often violate
assumptions of normality. The Mann-Kendall trend test and Sen’s slope estimator have been extensively applied to detect the direction and
magnitude of temperature trends (Bal et al., 2016; Chakraborty & Das, 2016; Machiwal et al., 2019; Ishaku et al., 2024). While trend analysis provides
valuable information regarding long-term climatic change, recent studies have increasingly focused on identifying abrupt shifts in climate regimes.
Change-point detection techniques offer an effective means of detecting sudden transitions in climatic behaviour (Militino et al., 2020). Among these
methods, Pettitt’s non-parametric test has been widely used to identify abrupt changes in hydro-climatic time series and evaluate temporal climate
transitions (Jaiswal, 2015; Kumar et al., 2023a, b).

Alongside trend detection and change-point analysis, forecasting future temperature conditions has become an important component of climate
research. Time-series models enable researchers to examine temporal dependencies within climatic datasets and estimate future trajectories of
climate variables. The Auto-Regressive Integrated Moving Average (ARIMA) model has emerged as one of the most widely used forecasting
techniques in climatological studies because of its ability to capture both systematic temporal patterns and stochastic variations (Shumway &
Stoffer, 2017; Goswami et al., 2017; Nury et al., 2017). The model has been successfully applied in temperature projection studies to estimate future
warming trends and support climate adaptation planning.

Despite significant advances in temperature trend analysis, climate regime detection, and temperature forecasting, important research gaps remain.
Although numerous studies have investigated temperature trends, climatic shifts, thermal anomalies, and future projections, these components are
generally examined separately. Consequently, limited attention has been given to developing an integrated framework capable of simultaneously
evaluating long-term warming, thermal variability, climatic regime transitions, future temperature trajectories, and climate risk. This limitation
restricts a comprehensive understanding of regional thermal vulnerability under changing climatic conditions.

The present study seeks to address this gap by developing an integrated framework for analysing regional thermal dynamics and future climate
vulnerability. The specific objectives of the study are: (1) to quantify long-term trends in maximum and minimum temperatures; (2) to evaluate
changes in diurnal and seasonal temperature variability; (3) to identify abrupt shifts in climatic regimes; (4) to project future temperature trajectories;
and (5) to develop an integrated temperature-based climate-risk assessment framework for evaluating regional thermal vulnerability.

2. Materials and methods

2.1 Study area
The study was conducted in the Bankura and Purulia districts of western West Bengal, India (Fig. 1). Purulia district extends between 22.60°N-
23.50°N latitude and 85.75°E-86.65°E longitude, while Bankura district lies between 22°38′N-23°38′N latitude and 86°36′E-87°46′E longitude. Located
along the transition between the Chotanagpur Plateau and the lower Gangetic Plain, the region exhibits marked physiographic and climatic
heterogeneity and is recognized as one of the drought-prone areas of eastern India. The terrain is dominated by Precambrian formations, lateritic
uplands, and undulating plateaus, with elevation ranging from less than 15 m in the east to more than 700 m in the west. Major rivers, including the
Damodar, Dwarakeswar, Kangsabati, and Shilabati, drain the region, although seasonal water scarcity remains common because of limited soil
moisture retention and variable monsoon rainfall. The climate is tropical monsoonal, characterized by hot summers, a concentrated monsoon
season, and mild winters. Summer temperatures frequently exceed 40°C, while annual rainfall averages about 1400 mm in Bankura and 1321 mm in
Purulia. The strong seasonality of rainfall, coupled with recurrent drought conditions, makes the region highly sensitive to climatic variability (Hazra
et al., 2017; Sarkar, 2022; Singha et al., 2023).

According to the 2011 Census, the combined population of the two districts exceeds 6.5 million, with more than 87% residing in rural areas.
Agriculture is the dominant livelihood activity, making local communities highly dependent on climate-sensitive natural resources (Census of India,
2011). The combination of recurrent droughts, thermal stress, environmental vulnerability, and dependence on agriculture makes Bankura and Purulia
an ideal region for examining temperature variability, climatic regime shifts, and emerging climate risks.

2.2. Study design and analytical framework
This study adopted a station-based climatological assessment framework to quantify long-term temperature variability, thermal extremes, and
climate risk dynamics using daily temperature observations collected from fourteen meteorological stations during 1995–2025. The analytical
workflow consisted of five sequential stages: (i) data preprocessing and quality assessment, (ii) derivation of thermal indicators, (iii) seasonal and
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decadal aggregation, (iv) trend and variability analysis, and (v) climate risk assessment and forecasting. A station-wise analytical framework was
adopted to capture local-scale thermal heterogeneity and reveal spatial differences in warming behaviour. Daily observations were employed to
maximize the detection of thermal variability, extremes, and long-term climatic trends.

2.3 Data acquisition, quality assessment, and preprocessing
Daily maximum temperature (Tmax) and minimum temperature (Tmin) data for the period 1995–2025 were obtained from the India Meteorological

Department (IMD). The dataset was derived from the high-resolution gridded temperature product available at a spatial resolution of 0.1° × 0.1°. To
capture the spatial variability of temperature across the study area, fourteen representative grid-based stations located within and surrounding
Bankura and Purulia districts were selected for analysis. A total of 11,323 daily observations spanning January 1995 to December 2025 were utilized.
The dataset contained no substantial missing observations and therefore required minimal preprocessing prior to analysis. The daily records were
subsequently aggregated into monthly and annual time series to facilitate the assessment of long-term temperature variability, trend detection,
climatic regime shifts, and future thermal projections.

To maintain equal temporal windows during decadal analysis, observations from 2025 were excluded from decade-based assessments. Three non-
overlapping decades were considered: (a) 1995–2004, (b) 2005–2014, and (c) 2015–2024. Temporal variables including year, month, season, and
decade were extracted from daily records to support multi-scale climate analysis.

2.4 Derivation of thermal indicators

2.4.1 Mean temperature (daily mean temperature)
Daily mean temperature was used to represent overall atmospheric thermal conditions because it integrates daytime heating and nighttime cooling
into a single climatic indicator. Mean temperature is widely applied in climate variability and warming assessments because it reduces short-term
fluctuations while preserving long-term climate signals (Legg, 2021; Wilks, 2011).

1

where = Mean temperature (°C), = Maximum temperature (°C), = Minimum temperature (°C)

2.4.2 Diurnal Temperature Range (DTR)
DTR was selected because it measures thermal amplitude and reflects interactions among cloud cover, radiation balance, atmospheric circulation,
and land-surface processes. Variations in DTR are frequently used to assess asymmetric warming and thermal stress (Easterling et al., 1997;
Braganza et al., 2004).

2

where DTR = Diurnal Temperature Range (°C), = Daily maximum temperature, = Daily minimum temperature

2.4.3 Seasonal and decadal aggregation
Seasonal classification followed the India Meteorological Department framework to maintain consistency with regional climatological studies: (a)
Winter (January-February), (b) Pre-Monsoon (March-May), (c) Monsoon (June-September), and (d) Post-Monsoon (October-December).

Decadal aggregation was performed to minimise short-term climatic fluctuations and enhance long-term signal detection. Decadal aggregation
minimises interannual climatic variability and enhances identification of persistent warming signals. Long-term averaging is widely adopted to
distinguish climate change signals from short-duration variability (Wilks, 2011; Legg, 2021).

3

where DTM = Decadal mean temperature, = Temperature observation, = Total number of observations within the decade

2.5 Trend detection and magnitude estimation

2.5.1 Mann-Kendall trend statistic

Tmean =
Tmax + Tmin

2

Tmean Tmax Tmin

DTR = Tmax − Tmin

Tmax Tmin

DTM = ∑
n

i=1
Ti

1

n

Ti n
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The Mann-Kendall test was selected because climatic datasets often violate assumptions of normality and may contain outliers. This non-
parametric approach is robust for environmental time series and effectively detects monotonic trends without requiring normally distributed
observations (Mann, 1945; Kendall, 1975; Yue & Pilon, 2004).

4

Sign Function:

5

where = Mann–Kendall statistic, = observations at times and , = number of observations

2.5.2 Sen’s slope estimator
Sen’s slope estimator was employed because it provides robust estimates of trend magnitude and is relatively insensitive to outliers and skewed
distributions. It complements Mann-Kendall testing by quantifying warming intensity (Sen, 1968; Yue & Pilon, 2004). Pairwise slope:

6

Overall slope:

7

where = Individual pairwise slope, = Sen’s slope estimate, = observations

2.6 Climate Variability Index (CVI)
The Climate Variability Index (CVI) was used to quantify the relative variability of temperature across stations and time periods. The index is based
on the conventional Coefficient of Variation (CV), which standardizes the standard deviation relative to the mean temperature and enables
comparison among locations characterized by different thermal regimes. Higher CV values indicate greater climatic variability and thermal instability,
whereas lower values reflect more stable temperature conditions. The coefficient of variation has been widely applied in climatological studies to
evaluate temporal and spatial variations in temperature and other meteorological variables (Wilks, 2011; Legg, 2021).

8

where CVI(CV) = Climate Variability Index (Coefficient of Variation) (%), = Standard deviation of temperature, = Mean temperature

2.7 Temperature anomaly
Temperature anomalies remove baseline climatic differences and emphasise departures from long-term normal conditions. Anomaly analysis is
widely used to assess abnormal warming and thermal extremes (Legg, 2021).

9

where = Temperature anomaly, = Observed temperature, = Long-term average temperature

2.8 Heatwave threshold
Percentile-based thresholds were preferred because they account for local climatic conditions and spatial variability. Station-specific thresholds are
more suitable than fixed temperature cutoffs for heterogeneous climatic regions (Perkins & Alexander, 2013; Legg, 2021).

S = ∑
n−1

i=1
∑

n

j=i+1
sgn(xj − xi)

sgn (x) =

⎧⎪
⎨
⎪⎩

1, x > 0

0, x = 0

−1, x < 0

S xi,xj i j n

Qi =
xj − xi

j − i

Q = Median (Qi)

Qi Q xi,xj

CV I (CV ) = × 100
σ

μ

σ μ

Ai = Ti−
′

T

Ai Ti
′

T
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Threshold equation:

10

Heatwave occurrence:

11

where = Heatwave occurrence, = 95th percentile threshold

2.9 Climate Risk Index (CRI)
The integrated index approach combines warming intensity, thermal variability, and extreme heat exposure into a unified framework, allowing
multidimensional climate risk assessment (Dolan & Walker, 2006; Legg, 2021). Equal weighting was adopted because no prior empirical evidence
justified differential weighting among the selected indicators. Standardization ensured comparable contribution of each component to the
composite index.

12

where CRI = Climate Risk Index, = Standardized variable, SenSlope = Trend magnitude, Heatwave = Heatwave frequency, CVI = Climatic variability

2.10 Warming rate
Warming rate expressed in °C decade⁻¹ provides a standardised measure for comparing thermal changes across stations and decades (Hartmann et
al., 2013).

13

where WR = Warming rate (°C decade⁻¹), where β represents Sen’s slope (°C year⁻¹).

2.11 ARIMA forecasting model
ARIMA models were selected because they efficiently capture temporal autocorrelation, trend persistence, and stochastic variability in climate time
series, making them suitable for temperature forecasting (Box et al., 2015).

General form:

14

Expanded form:

15

where = Temperature at time , = Autoregressive order, = Differencing order, = Moving average order, = Error term

3. Results

3.1 Long-term temperature trends
The analysis of temperature records from 1995 to 2025 reveals a consistent warming trend across the Bankura-Purulia region (Fig. 2; Table 1).
Annual maximum temperature increased from approximately 32.0°C during the mid-1990s to more than 32.3°C in recent years, while minimum
temperature rose from about 19.1°C to 20.8°C over the same period (Figs. 2a-b). The stronger increase in minimum temperature indicates enhanced
nighttime warming, a characteristic feature of contemporary climate change.

P95 = Quantile(Tmax, 0.95)

HW = {
1, Tmax ≥ P95

0, Tmax < P95

HW P95

CRI = Z (SenSlope) + Z (Heatwave) + Z (CV I)

Z

WR = β × 10

ARIMA(p, d, q)

Yt = c +∑
p

i=1
ϕ iYt−i +∑

q

j=1
θ jϵt−j + ϵt

Yt t p d q ϵt
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The annual mean temperature exhibited a clear upward trajectory, increasing from nearly 25.0°C during the late 1990s to over 26.5°C by 2024
(Fig. 2c). The fitted regression line confirms a persistent warming tendency throughout the study period. Temporal variations in maximum, minimum,
and mean temperatures further demonstrate that warming has affected all components of the regional thermal regime (Fig. 2d).

Station-wise statistics also indicate spatially coherent warming across the study area (Table 1). Mean annual temperature varied from 25.41°C at
Stations 1 and 2 to 26.84°C at Station 14. Sen’s slope estimates remained positive at all monitoring stations, ranging between 0.0125 and 0.0238°C
year⁻¹, while Kendall’s Tau values varied from 0.256 to 0.411. The strongest warming trend was recorded at Station 3 (Sen’s slope = 0.0238°C year⁻¹,
τ = 0.402, p = 0.0016), whereas Stations 6, 7, 10, and 11 exhibited comparatively lower but statistically significant warming rates of 0.0125°C year⁻¹
(p = 0.0449).

Temperature variability remained relatively low across the region (Table 1), with coefficients of variation ranging from 1.31% to 1.75%, indicating
stable thermal conditions despite the progressive rise in temperature. Furthermore, all stations recorded statistically significant positive trends (p < 
0.05), confirming that warming is a region-wide phenomenon rather than a localized climatic anomaly. Collectively, the results demonstrate that the
Bankura-Purulia region has experienced sustained and statistically significant warming during the last three decades, with increasing temperatures
becoming a defining feature of the regional climate system.

Table 1
Descriptive statistics and long-term trends of temperature across weather monitoring stations in the area under study (1995–2025).

Station
ID

Mean Maximum
Temperature (°C)

SD
Max

Mean Minimum
Temperature (°C)

SD
Min

Mean
Temperature
(°C)

CV
(%)

Sen’s Slope
(°C/year)

Kendall’s
Tau

p-value

1 31.35 0.51 19.47 0.38 25.41 1.75 0.0222 0.411 0.0012

2 31.35 0.51 19.47 0.38 25.41 1.75 0.0222 0.411 0.0012

3 31.53 0.48 19.76 0.47 25.65 1.66 0.0238 0.402 0.0016

4 31.74 0.44 20.29 0.41 26.01 1.49 0.018 0.346 0.0065

5 31.74 0.44 20.29 0.41 26.01 1.49 0.018 0.346 0.0065

6 32.11 0.39 21.1 0.35 26.61 1.31 0.0125 0.256 0.0449

7 32.11 0.39 21.1 0.35 26.61 1.31 0.0125 0.256 0.0449

8 31.74 0.44 20.29 0.41 26.01 1.49 0.018 0.346 0.0065

9 31.74 0.44 20.29 0.41 26.01 1.49 0.018 0.346 0.0065

10 32.11 0.39 21.1 0.35 26.61 1.31 0.0125 0.256 0.0449

11 32.11 0.39 21.1 0.35 26.61 1.31 0.0125 0.256 0.0449

12 31.96 0.42 20.67 0.47 26.31 1.59 0.0141 0.303 0.0173

13 31.96 0.42 20.67 0.47 26.31 1.59 0.0141 0.303 0.0173

14 31.49 0.4 22.18 0.37 26.84 1.36 0.0131 0.269 0.0351

Note: SD = Standard Deviation; CV = Coefficient of Variation; Sen’s Slope represents the annual rate of temperature change (°C year⁻¹); Kendall’s
Tau indicates the strength and direction of monotonic trends; p-values < 0.05 indicate statistically significant trends at the 95% confidence level.

3.2 Climate regime shift and decadal thermal transition
The Pettitt change-point test identified a distinct shift in the annual mean temperature series during 2007–2008 (Fig. 3). The results indicate the
presence of two contrasting thermal phases within the study period. The first phase (1995–2007) was characterized by relatively lower annual mean
temperatures, whereas the second phase (2008–2025) exhibited consistently higher temperature values. Prior to the detected change point, annual
mean temperature generally remained below 25.6°C. Following the shift, annual temperatures increased substantially, with values frequently
exceeding 26.0°C. The highest annual mean temperature recorded after the transition was approximately 26.75°C in 2010, while similarly elevated
temperatures were observed during the early 2020s (Fig. 3). The regime shift was also reflected in the central tendency of the temperature series.
Before the change point, the median annual mean temperature remained below 26.0°C. After the shift, the median temperature increased to
approximately 26.25°C, indicating a higher thermal baseline during the latter period of observation.

Decadal statistics further support the presence of a climatic transition (Table 2). Mean temperature increased across all stations between the first
(1995–2004) and third (2015–2024) decades. Stations 1 and 2 recorded an increase from 25.08°C to 25.57°C, while Station 3 increased from
25.34°C to 25.89°C. Stations 6, 7, 10, and 11 showed an increase from 26.41°C to 26.75°C. Station 14 exhibited the highest decadal mean
temperature, increasing from 26.67°C during 1995–2004 to 27.03°C during 2015–2024 (Table 2).
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Temperature anomaly analysis revealed a corresponding temporal shift (Fig. 6a). Negative anomalies dominated the first decade across most
stations. For example, Stations 1 and 2 recorded mean anomalies of − 1.07°C during 1995–2004, while Station 3 recorded − 0.81°C. During 2015–
2024, anomaly values increased substantially, reaching − 0.26°C at Station 3, 0.33°C at Stations 12 and 13, 0.60°C at Stations 6, 7, 10, and 11, and
0.88°C at Station 14 (Table 2).

The decadal trend statistics indicate that several stations displayed weak cooling tendencies during the first and second decades. However, all
stations exhibited positive Sen’s slope values during the most recent decade (2015–2024). The highest warming rates during this period were
observed at Stations 4, 5, 8, and 9 (0.0553°C year⁻¹), followed by Stations 12 and 13 (0.0493°C year⁻¹), while Stations 1 and 2 recorded warming rates
of 0.0169°C year⁻¹ (Table 2).
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Table 2
Decadal changes in temperature and DTR (1995–2024).

Station ID Decade Mean
Temp

SD
Temp

Mean
DTR

Kendall’s Tau P Value Sen’s Slope Warming
Rate

Mean
Anomaly

1 1995–
2004

25.08 0.12 11.71 0.16 0.59 0.015273 0.09 -1.07

2005–
2014

25.37 0.39 11.91 -0.11 0.72 -0.02362 -0.18 -0.78

2015–
2024

25.57 0.47 11.78 0.11 0.72 0.016867 0.38 -0.58

2 1995–
2004

25.08 0.12 11.71 0.16 0.59 0.015273 0.09 -1.07

2005–
2014

25.37 0.39 11.91 -0.11 0.72 -0.02362 -0.18 -0.78

2015–
2024

25.57 0.47 11.78 0.11 0.72 0.016867 0.38 -0.58

3 1995–
2004

25.34 0.19 11.75 -0.02 1 -0.00218 -0.01 -0.81

2005–
2014

25.66 0.43 11.94 -0.07 0.86 -0.01066 -0.1 -0.49

2015–
2024

25.89 0.41 11.53 0.16 0.59 0.037969 0.34 -0.26

4 1995–
2004

25.79 0.24 11.29 -0.29 0.28 -0.04157 -0.42 -0.36

2005–
2014

25.96 0.38 11.66 -0.07 0.86 -0.01625 -0.13 -0.19

2015–
2024

26.21 0.34 11.6 0.24 0.37 0.055313 0.46 0.06

5 1995–
2004

25.79 0.24 11.29 -0.29 0.28 -0.04157 -0.42 -0.36

2005–
2014

25.96 0.38 11.66 -0.07 0.86 -0.01625 -0.13 -0.19

2015–
2024

26.21 0.34 11.6 0.24 0.37 0.055313 0.46 0.06

6 1995–
2004

26.41 0.15 10.82 0.11 0.72 0.008266 0.01 0.26

2005–
2014

26.63 0.36 11.19 -0.16 0.59 -0.0176 -0.19 0.48

2015–
2024

26.75 0.3 10.87 0.11 0.72 0.020109 0.14 0.6

7 1995–
2004

26.41 0.15 10.82 0.11 0.72 0.008266 0.01 0.26

2005–
2014

26.63 0.36 11.19 -0.16 0.59 -0.0176 -0.19 0.48

2015–
2024

26.75 0.3 10.87 0.11 0.72 0.020109 0.14 0.6

8 1995–
2004

25.79 0.24 11.29 -0.29 0.28 -0.04157 -0.42 -0.36

2005–
2014

25.96 0.38 11.66 -0.07 0.86 -0.01625 -0.13 -0.19

2015–
2024

26.21 0.34 11.6 0.24 0.37 0.055313 0.46 0.06

9 1995–
2004

25.79 0.24 11.29 -0.29 0.28 -0.04157 -0.42 -0.36

Note: SD = Standard Deviation; DTR = Diurnal Temperature Range; Sen’s Slope indicates the rate of temperature change; positive anomaly values
represent warmer-than-average conditions.
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Station ID Decade Mean
Temp

SD
Temp

Mean
DTR

Kendall’s Tau P Value Sen’s Slope Warming
Rate

Mean
Anomaly

2005–
2014

25.96 0.38 11.66 -0.07 0.86 -0.01625 -0.13 -0.19

2015–
2024

26.21 0.34 11.6 0.24 0.37 0.055313 0.46 0.06

10 1995–
2004

26.41 0.15 10.82 0.11 0.72 0.008266 0.01 0.26

2005–
2014

26.63 0.36 11.19 -0.16 0.59 -0.0176 -0.19 0.48

2015–
2024

26.75 0.3 10.87 0.11 0.72 0.020109 0.14 0.6

11 1995–
2004

26.41 0.15 10.82 0.11 0.72 0.008266 0.01 0.26

2005–
2014

26.63 0.36 11.19 -0.16 0.59 -0.0176 -0.19 0.48

2015–
2024

26.75 0.3 10.87 0.11 0.72 0.020109 0.14 0.6

12 1995–
2004

26.11 0.2 11.29 -0.33 0.21 -0.03556 -0.3 -0.04

2005–
2014

26.31 0.35 11.61 -0.11 0.72 -0.021 -0.16 0.16

2015–
2024

26.48 0.31 11.18 0.2 0.47 0.049304 0.37 0.33

13 1995–
2004

26.11 0.2 11.29 -0.33 0.21 -0.03556 -0.3 -0.04

2005–
2014

26.31 0.35 11.61 -0.11 0.72 -0.021 -0.16 0.16

2015–
2024

26.48 0.31 11.18 0.2 0.47 0.049304 0.37 0.33

14 1995–
2004

26.67 0.15 9.17 -0.02 1 -9.10E-05 -0.06 0.52

2005–
2014

26.87 0.34 9.53 -0.16 0.59 -0.02238 -0.2 0.72

2015–
2024

27.03 0.29 9.21 0.07 0.86 0.02325 0.2 0.88

Note: SD = Standard Deviation; DTR = Diurnal Temperature Range; Sen’s Slope indicates the rate of temperature change; positive anomaly values
represent warmer-than-average conditions.

3.3 Decadal spatial evolution of warming patterns
Decadal analysis further demonstrated DTR compression during the recent period. At Station 3, DTR declined from 11.94°C during 2005–2014 to
11.53°C during 2015–2024, while Stations 12 and 13 decreased from 11.61°C to 11.18°C. Station 14 recorded the lowest DTR, declining from 9.53°C
to 9.21°C over the same period (Fig. 4; Table 2). The reduction in DTR coincided with higher minimum temperatures across several stations. Station
14 recorded the highest mean minimum temperature (22.18°C) and the lowest mean DTR (9.27°C), whereas Stations 1 and 2 exhibited lower
minimum temperatures (19.47°C) and higher DTR values (11.80°C) (Table 1). The results indicate a gradual narrowing of day–night temperature
differences across the Bankura-Purulia region during the study period.

3.4 Diurnal temperature range dynamics
The analysis revealed a general decline in Diurnal Temperature Range (DTR) across the study area during 1995–2025 (Table 3). Mean DTR varied
from 9.27°C at Station 14 to 11.80°C at Stations 1 and 2. Most stations exhibited negative Mann-Kendall Tau values, indicating a reduction in the
difference between daytime and nighttime temperatures. Statistically significant declining trends were observed at Stations 3, 12, 13, and 14 (p < 
0.05). The strongest decrease was recorded at Stations 12 and 13 (τ = −0.0495, Sen’s Slope = − 0.0000743), followed by Station 14 (τ = −0.0222,
Sen’s Slope = − 0.0000313). In contrast, Stations 1 and 2 showed negligible positive trends (τ = 0.0012).
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Table 3
Spatial variability and trend characteristics of Diurnal Temperature Range (DTR) across the study region (1995–2025).

Station ID Mean DTR SD DTR DTR Tau P Value Sen’s Slope

1 11.804440 3.756888 0.001166 0.852371 0.000002

2 11.804440 3.756888 0.001166 0.852371 0.000002

3 11.742730 3.839232 -0.014070 0.024742 -0.000024

4 11.483400 3.408661 -0.002830 0.651078 -0.000004

5 11.483400 3.408661 -0.002830 0.651078 -0.000004

6 10.940270 3.378240 -0.012200 0.051540 -0.000019

7 10.940270 3.378240 -0.012200 0.051540 -0.000019

8 11.483400 3.408661 -0.002830 0.651078 -0.000004

9 11.483400 3.408661 -0.002830 0.651078 -0.000004

10 10.940270 3.378240 -0.012200 0.051540 -0.000019

11 10.940270 3.378240 -0.012200 0.051540 -0.000019

12 11.299100 3.212423 -0.049500 0.000000 -0.000074

13 11.299100 3.212423 -0.049500 0.000000 -0.000074

14 9.268553 2.942653 -0.022170 0.000405 -0.000031

Note: DTR denotes Diurnal Temperature Range. Tau and Sen’s Slope were derived from the Mann–Kendall and Sen’s slope trend analyses,
respectively. Negative values indicate DTR contraction, while positive values indicate DTR expansion. Trends are considered statistically
significant at p < 0.05.

3.5 Seasonal thermal behaviour and heatwave characteristics
Seasonal analysis revealed substantial differences in warming patterns across the four climatic seasons (Fig. 5). The detailed seasonal statistics are
provided in Table S1. The strongest warming trend was observed during the monsoon season, where all stations recorded statistically significant
positive trends (p < 0.01). Sen’s slope values ranged from 0.030°C year⁻¹ to 0.037°C year⁻¹, indicating a cumulative temperature increase of
approximately 0.90°C-1.11°C between 1995 and 2024.

Spatially, winter mean temperature varied from 18.93°C in the northern part of the study area to about 21.0°C in the south (Fig. 5a). The pre-monsoon
season recorded the highest seasonal temperatures, with warmer conditions concentrated in the southern and central sectors of the study area
(Fig. 5b), whereas during the monsoon season the warmer zone shifted towards the south-eastern region (Fig. 5c). During the post-monsoon season,
mean temperature ranged from 21.90°C to 24.15°C (Fig. 5d).

Heatwave occurrence was strongly concentrated during the pre-monsoon season, reflecting the intense thermal stress that characterizes the study
area is presented in Table S1. Seasonal heatwave frequency ranged from 420 to 457 days across the monitoring stations during the study period,
with the highest occurrences recorded at Stations 6, 7, 10, and 11 (457 days), followed by Station 3 (445 days) and Stations 4, 5, 8, and 9 (442 days).
In contrast, heatwave events were absent during the winter and post-monsoon seasons. Monsoon-season heatwave occurrences were considerably
lower, varying between 91 and 128 days. The concentration of more than 75% of total heatwave events during the pre-monsoon period indicates that
extreme thermal conditions are becoming increasingly persistent before the onset of the southwest monsoon, thereby enhancing regional heat
stress and climatic vulnerability.

3.6 Climate risk and thermal vulnerability
The Climate Risk Index (CRI) revealed substantial spatial variation in thermal vulnerability across the study area (Fig. 6d). The station-wise values of
the integrated Climate Risk Index (CRI) are summarized in Table S2. CRI values ranged from 0.30 to 0.67, indicating the presence of both relatively
low-risk and high-risk zones. The lowest CRI values (< 0.35) were concentrated in the north-western sector, whereas the highest values (> 0.60)
occurred in the southern and south-eastern parts of the region.

The spatial distribution of thermal risk closely corresponded with the observed temperature anomaly patterns (Fig. 6a-b). Negative temperature
anomalies dominated the earlier part of the study period, while positive anomalies became increasingly prominent after 2008 and intensified during
the most recent decade. The highest anomaly values were recorded in stations located within the high-risk zone, particularly during the 2015–2024
period (Table 2).

The hotspot analysis identified several localized clusters of elevated climate risk in the southern and south-eastern sectors of the study area
(Fig. 6d). These hotspot zones corresponded with higher mean annual temperatures (26.48–27.03°C), lower DTR values (9.27–11.18°C), and positive
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temperature anomalies ranging from 0.33°C to 0.88°C. In contrast, stations situated within the lower-risk north-western zone exhibited comparatively
lower mean temperatures (25.08–25.57°C) and predominantly negative anomaly values during the earlier decades.

The Climate Variability Index (CVI) further indicated marked interannual fluctuations in climatic conditions across the study area (Fig. 6c). Despite
year-to-year variability, the overall thermal regime showed a persistent warming tendency, reflected in the progressive increase in temperature
anomalies and the spatial expansion of high-risk zones. The results collectively indicate a concentration of thermal vulnerability in the southern and
south-eastern parts of the Bankura-Purulia region, where elevated temperatures, positive anomalies, and higher CRI values coincide (Fig. 6d).
Detailed station-level climate risk statistics are presented in Table S2.

3.7 Future thermal trajectories
The ARIMA(0,1,0) model demonstrated satisfactory forecasting performance (AIC = 27.30, RMSE = 0.363°C, MAE = 0.298°C, MAPE = 1.141%), and
residual diagnostics confirmed the absence of significant autocorrelation (Ljung-Box p = 0.656), indicating that the model adequately captured the
temporal structure of the annual temperature series (Fig. 7a). The complete ARIMA forecast values and their corresponding 95% prediction intervals
for all weather monitoring stations are presented in Table S3. The residuals remained approximately centred around zero and exhibited a near-normal
distribution, supporting the reliability of the forecasting framework.

Forecast results suggest that the warming conditions identified during the historical period are likely to persist throughout 2026–2035 (Fig. 7b).
Station-wise projected temperatures for 2026–2035 are provided in Table S3. Projected mean temperatures range from 25.85°C at Stations 1 and 2
to 26.84°C at Station 14, while several stations are expected to maintain temperatures above 26.50°C during the forecast horizon. The 95%
prediction intervals widen gradually with increasing lead time, reflecting greater uncertainty in long-term projections. For example, the forecast range
at Station 1 expands from 25.03–26.67°C in 2026 to 23.26–28.45°C by 2035. Despite this uncertainty, projected temperatures remain consistently
above the cooler conditions observed during the late 1990s and broadly correspond to the warmer climatic regime established after the 2007–2008
shift. The results indicate the continued persistence of elevated thermal conditions across the Bankur-Purulia region over the coming decade.

4. Discussion
The findings reveal that the Bankura-Purulia region has experienced a persistent warming trend during 1995–2025, indicating a substantial
modification of the regional thermal regime. The positive temperature trends recorded across all stations suggest that warming is spatially pervasive
rather than localized. Similar warming patterns have been documented across India, where increases in annual mean, maximum, and minimum
temperatures have been attributed to the combined influence of greenhouse-gas forcing, land-use transformation, and changing land-atmosphere
interactions (Ray et al., 2019; Sanjay et al., 2020). Recent assessments further indicate that semi-arid and plateau regions are particularly sensitive to
rising temperatures because of their limited moisture availability and high evaporative demand (Krishnan et al., 2020b). The warming observed in
Bankura and Purulia therefore reflects both broader climatic changes occurring across India and the inherent environmental sensitivity of the
western plateau fringe of West Bengal.

A notable outcome of the study is the identification of a significant climatic regime shift around 2007–2008. The abrupt transition from a relatively
cooler phase to a persistently warmer thermal regime indicates that climate change in the region has not evolved solely through gradual warming but
also through structural reorganization of the climatic system. Similar regime shifts have been reported across India, particularly during the late
twentieth century, where abrupt changes in temperature-related indices were associated with large-scale atmospheric and climatic adjustments
(Soorya Gayathri et al., 2023; Sankaran et al., 2024). Recent evidence also suggests that climatic non-stationarity and regime transitions have
become increasingly prominent across India under ongoing global warming (Aruna et al., 2026). The persistence of elevated temperatures after the
detected change point indicates that the regional climate has entered a new thermal state characterized by higher baseline temperatures and greater
climatic stress.

The decline in diurnal temperature range (DTR) observed across most stations provides further evidence of changing thermal characteristics.
Negative DTR trends indicate that minimum temperatures are increasing more rapidly than maximum temperatures, resulting in enhanced nighttime
warming. Similar asymmetric warming has been reported across India, where reductions in DTR have been linked to increased atmospheric moisture,
cloud cover, urbanization, and enhanced long-wave radiation trapping (Oza & Kishtawal, 2015; Mall et al., 2021). Studies from the Sutlej Basin and
other regions of India have likewise shown that rising minimum temperatures constitute a major component of contemporary climate change (Singh
et al., 2015; Sonali & Kumar, 2016). In drought-prone environments such as Bankura and Purulia, declining DTR may intensify thermal stress by
limiting nocturnal cooling and increasing cumulative heat exposure.

Seasonal analysis demonstrated that monsoon temperatures exhibited the strongest warming signal. This finding is particularly important because
the southwest monsoon traditionally moderates thermal conditions across eastern India. Similar monsoon-season warming has been reported at
national and regional scales, where rising temperatures during the monsoon have been associated with increasing atmospheric instability and
changing moisture-energy dynamics (Ray et al., 2019; Das & Goswami, 2023). The simultaneous occurrence of significant monsoon warming and
frequent pre-monsoon heatwave conditions suggests an expansion of thermal stress across a larger portion of the annual climatic cycle. Such

Page 12/21



changes may increase evapotranspiration losses, alter soil-moisture dynamics, and reduce agricultural resilience in a region already characterized by
recurrent drought and water scarcity (Hazra et al., 2017; Ghosh, 2019).

The spatial pattern of climate risk highlights considerable heterogeneity in thermal vulnerability. Higher Climate Risk Index values were concentrated
in the southern and south-eastern sectors of the study area, where elevated temperatures, stronger anomalies, and lower DTR values occurred
simultaneously. This pattern supports the argument that climate vulnerability emerges from the interaction between warming intensity, thermal
variability, and environmental sensitivity rather than from temperature increase alone. Previous investigations in Bankura and Purulia have similarly
identified drought-prone sectors characterized by greater climatic stress, agricultural vulnerability, and water-resource constraints (Senapati et al.,
2021; Goswami et al., 2023). The coincidence of warming hotspots and drought-sensitive landscapes suggests that future climate impacts may be
disproportionately concentrated within these sectors.

The projected continuation of warming derived from ARIMA modelling indicates that current thermal trends are likely to persist in the coming
decades. Although the projected increase appears moderate, climate literature consistently demonstrates that even small increases in mean
temperature substantially increase the probability, duration, and intensity of extreme heat events (Maurya et al., 2024; Prajapat et al., 2025). Future
warming may therefore intensify drought occurrence, increase atmospheric water demand, and amplify heat-related risks for agriculture,
ecosystems, and rural livelihoods. This concern is particularly relevant for Bankura and Purulia, where recurrent drought, rainfall variability, and
dependence on climate-sensitive agriculture already constrain adaptive capacity (Das & Tahir, 2026; Hazra et al., 2017).

Climate change in the western plateau fringe of West Bengal is manifested through interconnected processes of sustained warming, climatic regime
shifts, declining diurnal temperature range, intensified seasonal warming, and spatially differentiated climate risk. These findings support emerging
evidence that regional climate systems are increasingly characterized by non-linear thermal transformations rather than simple temperature
increases alone. The convergence of these processes suggests that Bankura and Purulia are entering a period of heightened climatic vulnerability,
emphasizing the need for region-specific adaptation strategies, climate-resilient water management, and long-term monitoring of thermal extremes
to strengthen resilience under future climate change.

5. Conclusions
The present study demonstrates that the Bankura-Purulia region has experienced a substantial transformation in its thermal regime over recent
decades, characterized by persistent warming, shifts in temperature behaviour, changes in diurnal thermal patterns, and increasing climatic
variability. The emergence of a warmer climatic phase, accompanied by seasonal disparities in warming intensity and spatial differences in
vulnerability, highlights the growing influence of climate change on this drought-prone transitional landscape. The identification of thermal hotspots
and the persistence of elevated future temperature conditions indicate that climatic risks are becoming increasingly concentrated across specific
parts of the region. The study provides a comprehensive understanding of regional climate dynamics and establishes a scientific basis for
strengthening climate resilience, environmental planning, and long-term adaptation strategies in the western plateau fringe of West Bengal.

Limitations of the study

This study focuses primarily on temperature-based indicators and therefore does not capture the influence of other climatic variables that may affect
regional climate risk. The analysis is based on gridded temperature data, which may overlook localized thermal variations. In addition, the climate-
risk assessment emphasizes thermal conditions and does not explicitly incorporate socioeconomic dimensions of vulnerability. Future studies
integrating higher-resolution climatic and socio-environmental datasets could provide a more comprehensive understanding of regional climate
change impacts.
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Figures

Figure 1

Study area and spatial configuration of weather monitoring stations.
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Figure 2

Long-term temperature variability and warming trends in the Bankura–Purulia region during 1995-2025. (a) Annual maximum temperature trend; (b)
annual minimum temperature trend; (c) annual mean temperature trend with fitted linear regression line; and (d) temporal variation of maximum,
minimum, and mean temperatures. Dashed lines indicate linear trend estimates, while shaded areas represent 95% confidence intervals around the
fitted trends.
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Figure 3

Change point detection and regime shift for annual mean temperature (a) Pettitt Change Point Detection (the dashed blue vertical line marking the
changing climate regime). (b). Boxplot showing the distribution, median, and variability of annual mean temperatures before and after the changing
point.

Figure 4
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Spatial distribution of mean temperature and warming-rate trends during (a) 1995-2004, (b) 2005-2014, and (c) 2015-2024. Upward triangles indicate
increasing warming rates, whereas downward triangles represent decreasing warming rates.

Figure 5

Spatial distribution of seasonal mean temperature and heatwave conditions across the Bankura-Purulia districts during (a) winter (January-
February), (b) pre-monsoon (March-May), (c) monsoon (June-September), and (d) post-monsoon (October-December) seasons.
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Figure 6

Integrated assessment of regional thermal dynamics showing (a) annual temperature anomalies, (b) spatio-temporal distribution of station-wise
temperature anomalies, (c) temporal variation in climate variability, and (d) spatial distribution of the Climate Risk Index (CRI) across the Bankura-
Purulia region.

Figure 7

(a) Diagnostic evaluation of the ARIMA model showing residual behaviour and autocorrelation structure. (b) Forecasted annual mean temperature
for 2026–2035 with associated prediction intervals.
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