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Long term temperature monitoring, regime shift detection, and machine learning—based seasonal forecast
in the mountainous region of northeast India

Abstract

Monitoring long-term temperature variability and near-term temperature projections is essential for evidence-
based climate adaptation planning in data-sparse, climate-sensitive mountainous regions. In this context, the
present study integrated historical temperature trends, abrupt regime shifts, spatiotemporal warming patterns, and
machine-learning—based seasonal forecasts in Manipur, a hilly state in Northeast India. The analysis was based
on validated high-resolution ERAS reanalysis data (0.25° x 0.25°) spanning 1940-2021 across 33 grid points. For
statistical and spatial change mapping, the Modified Mann—Kendall test, Sen’s slope estimator, Pettitt’s test and
spatial interpolation techniques were used. Results revealed statistically significant increasing trends in annual
minimum (Tmin), maximum (Tmax), and mean (Tmean) temperatures, with warming rates 0.016°C/yr,
0.020°C/yr, and 0.017°C/yr, respectively. Abrupt change points were detected at 1985 (Tmin), 1992 (Tmax), and
1984 (Tmean), suggesting a transition to a warming phase concentrated in the mid-1980s to early 1990s. However,
warming was spatially uneven, with the western and southwestern areas experiencing the most pronounced
warming while the northeastern parts registering comparatively lower rates of increase. Seasonal temperature
forecasts for 2022-2030, generated using Support Vector Regression (SVR) and Artificial Neural Network—Multi-
Layer Perceptron (ANN-MLP) models, projected continued warming, particularly during the summer and post-
monsoon seasons. Although inter-model divergence was observed in winter Tmin forecasts, SVR generally
performed better than ANN-MLP for Tmin and Tmean across most seasons. The study highlighted the
effectiveness of integrating statistical trend analysis and machine-learning approaches for historical and future
temperature forecasting to inform climate resilience planning. Moreover, the it also offers a replicable framework
for similar investigations in mountainous regions of the wider tropics.

Keywords: Manipur; temperature trends; ERAS; Modified Mann—Kendall; machine learning forecasting.



62

63
64
65
66
67
68
69
70
71
72
73
74

75
76
77
78
79
80
81
82
&3
84
85
86
87
88
&9
90
91

92
93
94
95
96
97
98
99
100

INTRODUCTION

Climate change is widely recognised as one of the most pressing global environmental challenges, manifested
through persistent increases in temperature, shifts in climatic regimes, and a rising frequency of extreme weather
events (IPCC 2021). Warming has accelerated markedly over the past century, driven primarily by increasing
greenhouse gas concentrations, leading to widespread alterations in the Earth’s climate system (Hansen et al.
2025). The latest report on the State of the Global Climate confirms that 2015-2025 were the hottest 11 years on
record, with the annually averaged global mean near-surface temperature in 2025 being 1.43 °C + 0.13 °C above
the industrial-era average (WMO 2026). The report further documents warming’s profound influence on
hydrological systems, ecosystems, agriculture, and human well-being across diverse geographical contexts. In
recent decades, mountain regions have experienced greater warming than other terrain types (Pepin et al. 2025).
Increased atmospheric moisture at high elevations, leading to enhanced downward longwave radiation, has been
identified as the key physical driver of elevation-dependent warming in mountainous terrain (Palazzi et al. 2018;

Rangwala et al. 2013).

Indian subcontinent has experienced substantial warming over recent decades, characterised by significant
increases in annual and seasonal temperatures, a narrowing diurnal temperature range, and intensified heatwaves
(Banerjee et al. 2025). The Himalaya region has become hotspot of climate change with system wide documented
alterations in its climate affecting ecosystem services that benefit millions of people (Chauhan et al.2023). Within
this broader national context, Northeast India, being part of the Himalayas, has registered rapid warming relative
to surrounding lowlands, reflecting the combined influence of complex topography, monsoonal circulation, and
land—atmosphere interactions (Krishnan et al. 2020). This pattern of warming is a characteristic of the wider
tropical mountainous regions of the world. The region is also a climate-sensitive region owing to its strong
monsoonal influence and highly complex terrain. Studies have documented increased minimum and mean
temperatures, and elevation-linked variability across the region (Kumar et al. 2020; Ahamed et al. 2024). Singh
et al. (2021) identified persistent long-term climatic shifts, including temperature-induced hydroclimatic changes
in the region and the eastern Himalayan extension, while Manzoor and Ahanger (2022) reported a region-wide
warming in the Himalayan states of India. Gautam et al.’s (2025) study further confirmed statistically significant
warming trends and shifts in temperature regimes, indicating persistent and accelerating warming signals in the
region. The documented warming across Northeast India and its adjoining regions is expected to exert profound
impacts on regional biodiversity and increase climate-related vulnerabilities in hydrological systems, agriculture,

ecosystems, and human settlements.

The warming across the region till date has been predominantly identified through analyses of long-term
observational and gridded datasets (interpolated from observed and reanalysis data) focusing on evaluating
historical temperature changes (Gautam et al. 2025). However, to develop informed mitigation and adaptation
policies to reduce and avoid future impacts from persistent warming, there is a strong need to understand the
patterns of future temperature behaviour, in addition to historical examinations. At present, few studies have
attempted to project future temperature conditions in Northeast India. Existing projection studies have largely
relied on general circulation model (GCM)-based approaches. For instance, Paul and Maity (2023) employed
CMIP6 projections to estimate substantial future increases in maximum and minimum temperatures across

Northeast India under high-emission scenarios. In contrast, Rahman and Pekkat (2025) used machine-learning—
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driven multi-model ensemble approaches applied to long-term temperature observations, which can substantially

improve the prediction of maximum and minimum temperatures across the region.

On the other hand, the data-driven, flexible nature of machine-learning (ML) techniques has shown a clear
advantage over traditional statistical and dynamical approaches for predicting climate variables, particularly under
changing climatic conditions. Machine-learning models can learn complex, nonlinear relationships directly from
historical climate data without requiring explicit physical parameterisation (Saha et al. 2020). Consequently,
temperature prediction studies have employed a wide range of ML techniques (Shrivastava et al. 2023), which
can be broadly categorized into traditional statistical and machine-learning methods (e.g., regression, support
vector machines, and tree-based ensemble models), artificial neural networks (ANN) such as multi-layer
perceptron (MLP) for modelling nonlinear relationships, and more advanced deep-learning architectures,
including convolutional neural networks (CNNs), long short-term memory networks (LSTMSs), and hybrid spatio-
temporal models capable of capturing complex spatial and temporal dependencies in high-dimensional climate
data (Kent et al. 2025; Alkhezi 2026). Despite recent methodological developments, the application of such
approaches to long-term temperature assessment and near-term seasonal forecasting in topographically complex,

data-sparse mountain regions of Northeast India remains critically underexplored.

Another issue with the existing literature on temperature analysis for the region is that previous studies have been
geographically uneven in coverage and methodologically incomplete. For instance, regional-scale assessments by
Gautam et al. (2025) provide broad warming signals but lack the state-level resolution needed for localised
adaptation planning. Available studies at this scale are limited to Assam (Tamuly et al. 2019; Ahmed et al. 2022)
and, to a lesser extent, to Meghalaya (Saha et al. 2025). The interior hill states, including Nagaland, Mizoram and

Manipur, have remained almost entirely unexamined at this level (Roy et al. 2021; Pandey et al. 2024).

This study, therefore, provides a case for providing an integrated assessment combining long-term temperature
analysis for spatiotemporal characterization, and ML-based seasonal forecasting specifically in Manipur. The
state’s complex topography, a severely sparse observational network, and high socio-ecological climate sensitivity
broadly represent the conditions of India’s northeast and tropical mountainous regions. Therefore, the framework
and findings from the study may offer a replicable analytical framework for analogous data-scarce states across
the broader eastern Himalayan region and wider monsoon tropics. Specifically, the present study examines long-
term temperature variability in Manipur using high-resolution ERAS reanalysis data (1940-2021), integrating
nonparametric trend analysis, regime-shift detection, spatiotemporal characterization, and ML-based seasonal

forecasting within a single coherent analytical framework.

The specific objectives of this study are to: (i) examine changing patterns of temperature fluctuation and
variability, (ii) detect long-term trends and abrupt change points, (iii) visualise spatial and temporal warming
patterns, and (iv) forecast near-term seasonal temperatures of Manipur. To achieve these objectives, nonparametric
statistical techniques for trend and change-point detection, Inverse Distance Weighted interpolation for
spatiotemporal characterization, and Support Vector Regression (SVR) and Artificial Neural Network—Multi-

Layer Perceptron (ANN-MLP) models for seasonal temperature forecasting are employed.
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METHODOLOGY

Study Area

Manipur, situated in northeastern India, covers an area of approximately 22,327 km?. The state lies between
92°58'23.422" E and 94°43'35.553" E longitudes and 23°49'45.530" N and 25°42'1.456" N latitudes (Fig. 1).
Physiographically, rugged hilly terrain occupies about 90% of the geographical area, while the saucer-shaped
Imphal Valley constitutes the remaining 10%. The state’s altitude ranges from 8 m in the valley to 2,984 m, with
multiple parallel hill ranges running NNE to SSW—northern hills reaching 2,000-3,000 m, while southern hills
are lower (800—-1,500 m). The state has a humid subtropical monsoonal climate (Cwa) according to the Koppen-
Geiger classification (Beck et al. 2018). The summer season (March to May) is hot, with temperatures reaching
up to 35-38°C, though they usually drop after frequent thunderstorm showers. The monsoon months (June to
September) are warm (25-32°C) but cooler than summer, due to heavy rainfall (1,200-2,700 mm annually). In
contrast, the winter season (December to February) is cold and dry with temperatures ranging between 5-20°C.
Annual mean temperatures span 14.5-25°C spatially, driven by elevation. The state is ecologically part of the
environmentally fragile eastern Indian Himalayan Region (IHR), a region deemed one of the most climate-
vulnerable regions of South Asia (Elangbam and Singh 2025; Sekhri et al. 2020). Changes in temperature and
monsoon rainfall patterns in Manipur have already placed critical sectors, including agriculture, water resources,
forestry, and public health, under increasing stress (Sharma et al. 2024). This vulnerability is further intensified
by the strong dependence of the state’s majority population, i.e. low-income communities, on climate-sensitive
agriculture and allied activities for their livelihoods. Future changes in these climatic variables are likely to place
additional pressure on regional ecosystems, thereby further threatening livelihood security and socio-ecological
sustainability across the state. As such, evaluating historical temperature variability and providing reliable
information on future temperature changes are imperative for guiding adaptation planning and management

strategies across ecosystems, water resources, agriculture, and other climate-sensitive sectors.
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Fig. 1 Location map of the study area showing Manipur state boundary, ERA5 reanalysis grid points (n=33, 0.25° x 0.25°
resolution), and the IMD surface meteorological station at Imphal (24°46°N, 93°54’E).

Data

This study uses temperature data from the European Centre for Medium-Range Weather Forecasts Reanalysis 5th
Generation (ERAS). The ERAS dataset has a spatial resolution of 0.25° x 0.25° and covers the period from 1940
to the present. For this study, temperature data were extracted from 33 grid points located within the study area
for the period 1940-2021. Previous studies have shown that ERAS data perform well in representing observed
temperature patterns in many parts of the world, including India (Liu et al. 2024; Vishal and Rani 2022). However,

validation with observed data is necessary, especially in regions with low station density, such as Northeast India
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(Satyapragyan et al. 2026). Therefore, the accuracy of the ERAS data was assessed using station data from the
study area, performed by comparing the minimum temperature (Tmin), maximum temperature (Tmax), and mean
temperature (Tmean) data of the ERAS grid point (24.75°N, 93.75°E) located nearest to the Indian Meteorological
Department (IMD) station (Imphal; 24°46'N, 93°54'E; elevation 781 m above sea level) over the period from
1969 to 2018, which included a total of 600 observations. The statistical measures, including the Pearson
correlation coefficient (r), bias (ERAS minus IMD), root mean square error (RMSE), and mean absolute error
(MAE), were calculated for the purpose of evaluating the performance of ERAS5 data. ERAS validation against
IMD Imphal station data (1969-2018, n=600) shows strong agreement (r > 0.95 for Tmin, Tmax, Tmean), low
RMSE, and consistent biases typical of reanalyses in complex terrain (Fig.2). However, in sparse regions like
Northeast India’s hills, ERAS5 may overestimate warming due to limited gauge input and elevation effects, as
noted in validation studies (e.g., positive Tmin bias in mountains). Trends here focus on relative changes, robust
to such biases. Moreover, the suitability of ERAS for long-term trend analysis is established because relative
changes over time rather than absolute values are the primary analytical focus in this study. After validating the
ERAS data, autocorrelation was evaluated to determine whether the Modified Mann—Kendall (MMK) test should
be applied instead of the classical Mann-Kendall (MK) test. Autocorrelation functions (ACFs) were calculated up
to lag 19, and Durbin—Watson (DW) statistics were computed for temperature variables (Tnin, Tnax, and Tinean).

Figure 3 illustrates the detail methodology adopted in the study.
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Fig.3 Methodology flowchart
Results show strong positive lag-1 autocorrelation and persistence (r1: Tnin = 0.688, Tyax = 0.637, Tinean = 0.665),
with 11-14 of the first 19 lags >0.30 across variables; moreover, all lags from 1 to 19 were positive. DW tests
indicate significant first-order positive autocorrelation for all three variables (Ti: DW = 1.195, p < 0.001; Tpa:
DW = 1.294, p < 0.001; Tyean: DW = 1.478, p < 0.001). Based on the decision rule (o = 0.05), the MMK with
adequate sample size variance correction was employed when either the DW test indicated significant
autocorrelation or the ACF showed persistent positive correlation at early lags. Autocorrelation diagnostics were

performed on the same aggregated series used for trend analysis to maintain consistency.
Data Analysis

The study was conducted at monthly and seasonal scales to examine variability, trends, abrupt shifts, and
spatiotemporal distributions. Non-parametric trend analysis was assessed using the Modified Mann-Kendall
(MMK) test and Sen’s slope estimator, with Pettitt’s test applied to detect significant change points over the 1940—
2021 record. Seasonal temperatures — classified following IMD convention into winter, summer, monsoon, and
post-monsoon were forecast for 2022-2030 using two machine learning models: Support Vector Regression
(SVR) and Artificial Neural Network—Multi-Layer Perceptron (ANN-MLP). Spatial temperature patterns across
Manipur were determined using Inverse Distance Weighted (IDW) interpolation. The following subsections

describe the techniques in detail.
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Descriptive analysis

The daily temperature data were analysed to observe the statistics such as mean, standard deviation, and
coefficient of variance. Standard deviation indicates the extent to which the data deviates from the mean in
absolute value. The coefficient of variation (CV) examines the variation in every data point from the mean, which
helps assess variability. A higher CV value means a significant variability. Temperature variability is classified
(Getahun et al. 2021) using the coefficient of variation (CV) into three categories: low variability (CV < 20%),
moderate variability (20% < CV < 30%), and high variability (CV > 30%) CV depicts the relative variability of

temperature data.

cV = %x 100 (1)

where, ¢ = standard deviation and ¢ = mean
Trend Analysis
Modified Mann-Kendall's test (MMK)

Mann—Kendall (MK) test observes the size and the direction of (monotonic) trend (consistently rising or falling
pattern) (Mann 1945; Kendall 1975). The Modified Mann—Kendall (MMK) test is a refinement of the classical
MK test, introduced to account for autocorrelation often present in hydro-climatic datasets (Hamed & Rao, 1998).
While the MK test assumes independence among observations, autocorrelation inflates the variance of its test
statistic, potentially leading to false detections of trends. The MMK test corrects this issue by adjusting the

variance through a practical sample size approach.

The classical MK test statistics are calculated as:

S = Yri Xlikr Sig(x; — x3) 2

Where n denotes the total length of temperature data, while x; and X, are used to represent the values of the data

at subsequent years.

=1, if (q—x) <0
siglqg —x) =10, if (x;—x)=0 (3)
+1, if (x;—x,) >0

The S statistic is standardized to assess the statistical significance of the trend. This procedure relies on the
property that for a time series of sufficient length (n > 8), the statistic approximates a normal distribution. Under
the null hypothesis of no trend, the mean of the distribution, E(S), is 0, and the variance, Var(S), is calculated as
follows:

n(n—l)(2n+5)—zgl=1 tp(tp—1)(2tp+5)
18

Var(S) = 4)

where t,, is the size of the pt" group of tied observations and m is the number of tied groups.

The standardized MK statistic is then given by

10
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S-1

T if $S>0
Z;=| 0,  ifS=0 (5)
S+1 .
Ok if S<0

A positive value for the Z; signifies an increasing trend, while a negative value indicates a decreasing trend. This
analysis is conducted at a significance level (o) 0.05, corresponding to a 5% significance threshold. If the absolute

value of Zg exceeds the critical value from the standard normal distribution, Z;_q/, (which is 1.96 for a = 0.05),

the null hypothesis of no trend is rejected.

Time series in climatology and hydrology often exhibit positive autocorrelation, especially at lower lags. This
serial dependence inflates Var(S) Furthermore, this leads to an overestimation of trend significance. To address
this, the MMK test modifies the variance using a correction factor based on the adequate sample size ng

nn-1)(2n+5) n
18 ng

V*(S) = Var(S) ni = (6)

. n . .
The ratio s obtained as
S

=14+ —— ¥l - )(n—j - D)(n —j - ps()) (7)

ng n(n-1)(n-2)

where p; (j) represents the autocorrelation function of the ranks of the observations, and n signifies the length of
the data series. The statistical significance of any trend is determined by comparing the standardized test statistic,
Z,. The underlying correlation structure that defines the autocorrelation of the ranks of the observations is referred

to as the parent correlation function, p(j)
p() = 2 sin (Zp, () (8)
Sen’s Slope Estimator

Sen’s Slope Estimator (SSE) is a robust, non-parametric method that measures the magnitude of the trend without
assuming normality in the time series data. It works by calculating the median of the slopes between all possible
data point pairs, ensuring reliable results even when the data contains outliers or is not normally distributed (Sen

1968).

t;—t
Q =" ©)

for all N possible pairs of data points (t;, ;) in the series, where the time index | > k

The set of N slope values is then ranked in ascending order. The Sen’s Slope Estimator, denoted as Q04 is the

median of this distribution.

Qn+1 if Nisodd
—

Qmea = QN+ON+2 (10)

%, if Niseven

A positive value of Q,,.4 signifies an increasing (upward) trend, whereas a negative value indicates a decreasing

(downward) trend over the observation period. The magnitude of Q,,.4 represents the median rate of change.

11
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Pettitt test

Pettitt test, a non-parametric statistical method developed by Pettitt (1979), assesses the occurrence of rapid
changes in temperature data and helps identify abrupt changes or sudden shifts that occur in the centre of the time
series data. This test is widely used for change-point detection due to its suitability for non-normally distributed
data, a common characteristic of hydro-climatic variables like rainfall and temperature. The initial step begins by

computing the U}, statistic for each time point k, which is based on the Mann—Whitney ranks of the observations.
Ue=2%1—k(n+1) (11)

where, 7; is the rank of the i** observation in the series, n is the total number of observations, and k represents

the index of the potential change point.

A change point is determined to occur at the time k where the absolute value of the statistic, | Uy |, reaches its

maximum. This maximum value is defined as the test statistic K,
K,=max |U,|; 1<k<n (12)
A change-point will be determined when U, attains the maximum value of K in the series.

The statistical significance of this detected change point is then assessed by comparing the calculated. K,, value
to a critical value, K, derived from the desired significance level, a. If K}, is greater than K, the null hypothesis

of data homogeneity is rejected.
3 2
K, = /ln<a>(++n> (13)

where n is the number of observations, and « is the significance level.

GIS Analysis

The Inverse Distance Weighting (IDW) technique shows the spatial distribution of temperature over different
periods. The spatial changes in temperature can be understood after the datasets were divided into two parts based
on Pettitt’s test results. IDW method assumes that data points closer to each other are more similar than those

farther apart (U. Kumar et al. 2023).
Machine Learning Models

Traditional forecasting techniques, such as the autoregressive integrated moving average (ARIMA) and the
seasonal autoregressive integrated moving average (SARIMA), are often used to predict hydrological and climatic
data (Parasyris et al. 2022). These models, however, have limitations when applied to non-linear hydro-climatic
datasets, including issues with serial correlation, non-linearity, and predictive bias (Canchala et al. 2020).
Advanced artificial intelligence (AI) models offer a promising solution to address these challenges (Saha et al.
2020). This study employs two machine learning models: the SVR and ANN-MLP models, applied to the ERAS
dataset, to predict temperatures from 1940 to 2021. After the models achieved sufficient accuracy, they were

subsequently used to forecast the next nine years, from 2022 to 2030.

Support Vector Regression (SVR)

12
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A Support Vector Machine (SVM) is a robust supervised learning algorithm for classification and regression
analysis (Mohammed et al. 2025; Cortes and Vapnik, 1995). For regression analysis, the algorithm is known
explicitly as Support Vector Regression (SVR). SVR’s fundamental principle is finding an optimal hyperplane in
a high-dimensional space that best fits the data points within a specified error margin (Che Rose et al. 2025). The

prediction function f(x) to determine the optimal association between input data and output data is given as
fx)=wlix+b (14)

where x is the input data vector, w is the weight vector, T denotes the transpose, and b is the bias component. The
algorithm aims to find the optimal values of w and b to minimize the error between the model’s predictions and

the actual data.

To capture complex, non-linear patterns, SVR employs a kernel function to transform the input data into a higher-
dimensional feature space, where a linear separation by the hyperplane becomes possible. The data points that
ultimately define the position and margin of the hyperplane are referred to as support vectors (Samantaray et al.

2020).
Artificial Neural Network-Multilayer Perceptron (ANN-MLP)

ANN is a machine learning algorithm modelled after the human brain’s information processing system, composed
of a network of interconnected nodes called neurons (Rahaman et al. 2024). A widely used ANN architecture for

supervised classification and regression is the Multi-Layer Perceptron (MLP) (Mohammed et al. 2025).

The MLP consists of an input layer, one or more hidden layers, and an output layer, where each neuron receives
weighted inputs from the previous layer, adds a bias term, and applies a non-linear activation function (Ahmed et
al. 2020). This introduction of non-linearity is crucial, enabling the network to model complex and dynamic
relationships within the data. The network learns by iteratively adjusting its connection weights using the
backpropagation algorithm, which minimizes the error between the predicted and actual output values (Salaeh et

al. 2022). The predicted output y; of an MLP can be expressed mathematically as:
Vi = ol 2R wiifi (BT=1 wijx; + b;) + by | (15)

where x; represents the input variables, w;; and wy; are the connection weights between the input-hidden and
hidden-output layers, respectively, b; and b;, are the bias terms for the hidden and output layers, f; and f, are the
activation functions for the hidden and output layers. Common choices include Sigmoid, hyperbolic tangent, or

Rectified Linear Unit (ReLU), n and m are the number of neurons in the input and hidden layers, respectively.
Modelling Process

This study forecasts temperature scenarios from 2022 to 2030 using ERAS5 gridded data from 1940 to 2021. Time-
series forecasting employs models that analyse past data to predict future values. Seasonal climatic data were used
as input to forecast temperatures for the corresponding seasons in subsequent years. The supervised machine
learning model was applied to forecast seasonal temperature using historical data. Lagged features were

incorporated as predictor variables to capture the temporal relationships in time series data.
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In this study, two lagged variables were created: the temperature from the corresponding season in the previous
year, indicating a one-year lag, and the two-year moving average of temperature, representing a two-year lagged
period. Combined with the observation year and the categorical seasonal variable, these lagged features functioned
as predictor variables for forecasting future temperature values. The same lag structure and input variables were
consistently maintained in all models to ensure comparability and avoid differing predictor inputs. The dataset
was split chronologically into training and testing sets, with 80% used for training the models and the remaining

20% allocated for testing predictive accuracy.
Model evaluation

The accuracy and performance of the ANN-MLP and SVR models have been assessed using four statistical
evaluation metrics: the Coefficient of Determination (R?), Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), and Mean Squared Error (MSE) as described in Table 1. For the error-based metrics, lower values
indicate higher model accuracy. The MAE quantifies the average magnitude of the errors between predicted and
observed data regardless of their direction. The MSE computes the average of the squared differences, thereby
placing a greater penalty on larger prediction inaccuracies. The RMSE is calculated as the square root of the MSE,

which measures the average distance between the data points and the fitted regression line.

On the other hand, the R? assesses the goodness-of-fit by representing the proportion of the total variance in the
dependent variable that the independent variables can explain through the regression model. Hence, a higher value
signifies a better model fit to the data, whereas a lower value suggests a poorer fit. These metrics collectively

provide a robust framework for quantitatively comparing the predictive power of the models.

Table 1 Model evaluation metrics and equation

Evaluation Metrics Equation Value ranges  Best Value
N (0, —P)
R2=1-— i=1(0; i
. o 5 = Se=n
Coefficient of determination (R?) N (0, -0) [0,1] 1

N
1
Root mean squared error (RMSE) RMSE = NZ(OL‘ - P)? [0, +oo] 0
i=1
N
1
Mean absolute error (MAE) MAE = ﬁz 10 — A [0, +o0] 0
i=1
L
— 2
Mean squared error (MSE) MSE = ﬁz(oi —P) [0, +oo] 0
i=1

Note: where N is the total number of observations, O; is the observation value, and P; is the forecasted
value and O is the average value of observed values

RESULTS
Descriptive Statistics

The temperature statistics of Manipur, India, from 1940 to 2021 are given in Table 2. The average annual
temperature (7eqn) in Manipur for the last 82 years is 19.40 °C. The average Ty is 15.28 °C, closer to Thean,
indicating relatively cooler nights (Jhajharia and Singh 2011). On average, T is 24.44 °C, which shows a
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significant gap with T,., suggesting a substantial diurnal temperature range, a common phenomenon for

mountainous states like Manipur (Vinnarasi et al. 2017).

Table 2 Descriptive statistics of the temperature of Manipur (1940-2021)

Variables Mean (°C) Standard CV (%) Max (°C, Year) Min (°C, Year)
deviation

Minimum (Tmin) 15.28 0.492 3.22 27.40 (2019) -1.18 (1983)

Maximum (Tmax) 24.44 0.652 2.67 39.24 (1957) 8.88 (1953)

Annual (Tmean) 19.40 0.512 2.64 30.89 (1979) 4.68 (1953)

The standard deviation of all variables, Tuin, Tmar, and Tiuean, shows a moderate year-to-year temperature
fluctuation, with values of 0.492, 0.652, and 0.512, respectively, indicating a low fluctuation of less than 1 °C.
The analysis of the recorded temperature data reveals significant trends in temperature variations over time.
Extreme temperature values underscore the state’s climatic range. Tmin oscillates from a minimum of -1.18°C in
1983 to a peak of 27.40°C in 2019, whereas Tmax ranges from 8.88°C in 1953 to a maximum of 39.24°C in 1957.
The annual Tmean followed a similar trend, with the lowest value of 4.68 °C in 1953 and the highest of 30.89 °C
in 1979. Although these extremes may appear large, they are not atypical for a mountainous region with strong
seasonal contrasts and elevation-driven variability. The annual maximum recorded temperatures show a T, of
27.40°Cin 2019, a Tyar 0£39.24°C in 1957, and a Tyean 0f 30.89°C in 1979. While the annual lowest temperatures
were documented as T, of -1.18°C in 1983, T of 8.88°C in 1953, and Thuean Of 4.68°C in 1953. The tables

provide a comprehensive overview of temperature behaviour in Manipur over the past 82 years (1940-2021).

Temperature variability and distribution

Table 2 presents the coefficient of variation (CV) for the three temperature parameters, providing an insightful
analysis of their relative variability. Based on the classification adopted (low < 20%, moderate 20-30%, high >
30%), all three variables fall within the low-variability category (CV < 20%). This suggests that temperature
changes in the region are gradual and systematic rather than erratic. All CV values are below 5%, which indicates
a high degree of consistency and low relative variability in temperature trends throughout the study period. Among
the parameters, the minimum temperature (7,.») exhibits the highest CV at 3.22%, suggesting a marginally greater
variability in comparison to the maximum temperature (7,u.) and mean temperature (7iean). This could be

attributed to greater sensitivity to nighttime climate dynamics or localized microclimatic influences.

In contrast, Ta and Tiuean exhibit lower variability, with CV values of 2.67% and 2.64%, respectively, reflecting
stable and consistent temperature patterns. The low standard deviation and CV across all analyzed variables further
indicate that the temperature trends in Manipur have experienced a gradual warming trajectory. This finding
reinforces the evidence of sustained, long-term climatic change in the region. The box plots (Fig. 4) illustrate
Manipur’s strong seasonal temperature cycle, with the lowest temperatures in winter, rising through summer,
peaking during the monsoon, and then decreasing. Box plot analysis reveals notable inter-seasonal differences:
summer and monsoon seasons exhibit wider interquartile ranges, indicating higher variability, while winter shows
a relatively compact distribution, attesting to more stable temperature conditions. Furthermore, the presence of
outliers in summer and monsoon points towards the occurrence of occasional extreme events, reinforcing the role

of seasonal atmospheric dynamics in shaping temperature variability.
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Fig.4 Monthly temperature distribution of (a) Tmin, (b) Tmax, and (c) Tmean for Manipur (1940-2021)

Trend Analysis

Table 3 summarizes the trend analysis results for temperature in Manipur over the 82 years from 1940 to 2021,

using the non-parametric Modified Mann-Kendall (MMK) test and Sen’s slope estimator. The analysis was

performed at a 5% level of significance to assess long-term warming trends across three temperature variables:

minimum (7yin), maximum (7ax), and mean annual temperature (Tpean)-

Table 3 Result of trend analysis for temperature (at 5% significance level) of Manipur (1940-2021)

Categories MMK test  Sen’sslope p-value Trend
(Z-statistics)  (Q-statistics)

Minimum (7Znin) 3.130 0.016 0.00 Increasing

Maximum (Tinax) 3.305 0.020 0.00 Increasing

Annual (Tean) 3.609 0.017 0.00 Increasing
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The MMK Z-statistics for all three variables are highly significant, with values of 3.130 for Ty, 3.305 for Tax,
and 3.609 for Tyear, and corresponding p-values <0.00, indicating robust increasing trends. Sen’s slope estimator
shows annual increases of 0.016°C for Tin, 0.020°C for Tinux, and 0.017°C for Tinean, reflecting a steady warming

trend across the decades. Over the 82-year study period, these translate into cumulative increases of
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Fig.5 Warming Stripes and temporal variation of temperature (a) Tmin, (b) Tmax, and (c¢) Tmean for Manipur (1940-2021)
(Hawkins, 2025)

1.31 °C for Tmin, 1.64 °C for Tmax, and 1.39 °C for Tmean, underscoring a substantial long-term warming signal.
The relatively greater increase in Tmax suggests that daytime temperatures are rising faster than nighttime

temperatures, indicating an intensification of heat conditions.

Further, the linear regression analysis supports these findings, with coefficient of determination (R?) values of
0.562, 0.545, and 0.642 for Tmin, Tmax, and Tmean, respectively. These values demonstrate that long-term trends
explain a significant proportion of temperature variability. Tmean shows the most consistent and pronounced

warming, indicated by a high R? value. The warming stripes (Fig. 5) visualize the observed long-term temperature
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changes in the study area and closely mirror the linear trends. The warming stripes are coloured stripes—blue
indicates cooler years and red indicates warmer years than the average value (Hawkins 2025). It shows a

progressive transition from cooler to warmer years, particularly after the 1980s.

Change point analysis

The Pettitt’s test was applied to detect a change point in Manipur’s monthly temperature data set. The test results
identified change points for the T, Timax, and Tpesn trends as 1985, 1992, and 1984, respectively. This result
reveals a significant warming post-1980s, with accelerated rises in recent decades. A comparison of pre- and post-
change periods reveals substantial temperature increases. Tyi» rose from 14.96 °C in 1940-1985 to 15.69 °C in
1986-2021, marking an increase of 0.73 °C, while T, increased from 24.11 °C in 19401992 to 25.04 °C during
1993-2021, reflecting a rise of 0.93 °C. Similarly, Tyean climbed from 19.07 °C in 1940-1984 to 19.80 °C in
1985-2021, indicating a warming of 0.73 °C (Fig. 6). Tmax shows the largest change, reinforcing the finding of

stronger daytime warming.
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Fig. 6 Graphical representation of Pettitt’s test used for detecting change points in temperature trend of (A) Tmin, (B) Tmax,
and (C) Tmean for Manipur

These change points align closely with the globally observed acceleration of warming since the 1980s, widely
attributed to increased greenhouse gas concentrations and regional climate feedback mechanisms. Similar post-
1980s warming trends have been recorded in Northeast India (Gautam et al. 2025), indicating this observed shift
is part of a broader regional and global climatic transition. Figure 6 further illustrates these changes, revealing a
distinct inflection point in the time series and a clear upward shift in mean temperature after the identified
breakpoints. The step-like elevation in the post-change mean line further confirms a regime shift rather than a

gradual linear progression.

Assessment of spatial change
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The long-term temperature dataset for Manipur was divided into two distinct periods based on the change points
identified through Pettitt’s test: 1940—1985 and 1986-2021 for Tyin, 1940—1991 and 1992-2021 for T, and
1940-1984 and 19852021 for Tean. Following this division, Inverse Distance Weighted (IDW) interpolation was
incorporated to generate spatial distribution maps for each segment, illustrating the monthly variations in
minimum (75ix), maximum (Tinax), and mean (7 ean) temperatures across the state. The maps used a color-coded
scheme to display temperature variation, with dark red indicating the highest temperature value and cool green
highlighting the lowest. This approach makes it easy to see how temperature patterns are distributed across

different parts of Manipur during the studied periods.

Minimum Temperature (Tin)

The spatial distribution of minimum temperature (7,in) across Manipur from January to December (Figure 6)
shows a statewide warming trend when comparing the 1940—1985 and 1986-2021 periods. The most pronounced
shifts are concentrated in the transitional months at either end of the winter season. February exhibits the largest
warming, with a statewide mean increase of +0.99°C (from 8.45°C to 9.44°C). This month also represents the
most dramatic spatial transformation across all regions. The central valley shows the sharpest increase of up to
1.05 °C. The widespread replacement of green-shaded areas (6.2—8.0°C) in the 1940—1985 maps by orange and
red hues (7.1-9.5°C) in the 19862021 period is evident (Fig.7). October and November experience the next most
substantial warming at +0.92°C and +0.85°C, respectively. During these post-monsoon months, the western region
— comprising Jiribam (Imphal East) and Churachandpur districts — shows a prominent expansion of orange and
red zones (15.1-20.9°C in October; 10.2—15.9°C in November) that were absent earlier. The southwestern region
records an annual average 7., warming of +0.88°C, the highest of any sub-region, confirming the western fringe

as a consistent warming hotspot across the post-1986 period.

In contrast, the months of April (+0.46°C) and May (+0.44°C) manifest comparatively subdued shifts. The spatial
maps for these summer months show only minor color transitions between the two periods, with the distribution
of green and orange hues remaining broadly similar, suggesting that nighttime temperatures during the pre-
monsoon period have been less sensitive to the post-1985 regime shift. The northeast highlands, including Ukhrul
district and its eastern reaches, consistently show the smallest warming increases across all months, with an annual

average difference of +0.66°C, approximately 0.22°C lower than in the most affected southwestern areas.
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Maximum Temperature (Tpax)

Figure 8 illustrates the spatial changes in maximum temperature (7q) in Manipur, comparing 1940-1992 with
1993-2021. A distinct upward trend is observable throughout the year. In the winter and pre-monsoon months
from January to May, the maps for the post-1993 period consistently show an expansion of areas shaded in orange,
red, and dark red, signifying higher maximum temperatures. The shift is particularly notable in April and May,
when orange and red areas (27.51°C to 30.50°C) become more prominent in the central and eastern parts of the
state. During the monsoon months of June, July, August, and September, the warming pattern persists, with the
1993-2021 maps displaying more widespread orange and red shading (26.51°C to 30.00°C) compared to the
earlier period. A significant increase in 7). is seen in the post-monsoon months. The map for October in the 1993-
2021 period shows large patches of dark red (28.51°C to 30.00°C) that were absent in the 1940-1992 map.
Similarly, November and December in the later period show a marked increase in the extent of orange and red

areas, indicating substantially higher maximum temperatures across the state.
Mean Temperature (Tpean)

The spatiotemporal distribution of the mean temperature (7ineqn) for the 1940-1984 and 1985-2021 periods is
shown in Fig. 9. The analysis reveals a clear and consistent increase in mean temperatures across all twelve
months. Beginning with January, the post-1985 map shows a definite shift to warmer temperatures, with orange
and red areas (13.01°C to 15.00°C) replacing the cooler green shades of the earlier period. This warming trend
becomes more pronounced from February to May, with the maps for the 1985-2021 period showing a significant
expansion of red and dark red areas, particularly in March. The monsoon months from June to September continue
to display this warming pattern. The maps for the later period are visibly warmer, dominated by orange and red
hues (23.01°C to 26.50°C) and showing an apparent increase from the mean temperatures recorded in the 1940—
1984 period. The temperature rise is also very evident in the post-monsoon and winter months. In October and
November, the 1985-2021 map features large areas of dark red which were not present previously, while December
shows a similar shift towards warmer orange and red shades. These results highlight a consistent warming pattern

in Manipur’s climate over the recent decades.
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Fig.9 Spatial distribution of Tmean in Manipur from January to December
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Seasonal forecast of temperature variables

The temperature variables were predicted (1940-2021) and then forecasted (2022-2030) using the ANN-MLP and
the SVR in this study. The comparative seasonal forecast plots for 2022-2030 are presented in the Figs. 10, 11,
and 12.

Model Performance Evaluation

The predictive performance of two machine learning models, ANN-MLP and SVR, was assessed for forecasting
Tminy Timax, and Tueqn across four seasons. In the Table 4, the results show that the SVR model is superior for
predicting T.. Across all four seasons, SVR consistently achieved higher R? values (approaching 1.0) and
significantly lower error metrics (RMSE, MAE, and MSE) when compared to ANN-MLP. A similar pattern of
SVR dominance was observed for T,eqn, Where it outperformed ANN-MLP in three seasons: Winter, Summer, and

Post Monsoon.

However, the evaluation for 7. indicated a more complex, season-dependent result. While the SVR model
achieved higher accuracy during the Winter, the ANN-MLP model proved effective for the rest, with lower error
values. Therefore, while SVR is the superior model for 7., and the most robust choice for Tiuean, the optimal

model for 7)., forecasting depends on the specific season.

Table 4 Comparison of the forecasting model performance of the ANN-MLP and SVR

S Eval . M . Tmin Tmax Tmean
casons valuation Metrics ANN-MLP __SVR_ANN-MLP __SVR__ANN-MLP __ SVR
Winter Coefficient of determination (R?) 0.9997 1.0000 0.9999 1.0000 0.9992  0.9999
Root mean squared error (RMSE) 0.0115  0.0041 0.0079  0.0045 0.0186  0.0050
Mean absolute error (MAE) 0.0097  0.0035 0.0078  0.0037 0.0171  0.0039
Mean squared error (MSE) 0.0001  0.0000 0.0001  0.0000 0.0003  0.0000
Summer Coefficient of determination (R?) 0.9958  0.9999 1.0000 1.0000 0.9995  0.9999
Root mean squared error (RMSE) 0.0287  0.0048 0.0009 0.0035 0.0103  0.0041
Mean absolute error (MAE) 0.0222  0.0037 0.0007 0.0026 0.0092  0.0034
Mean squared error (MSE) 0.0008  0.0000 0.0000 0.0000 0.0001  0.0000
Monsoon Coefficient of determination (R?) 0.9600 0.9975 1.0000 0.9995 0.9989 0.9987
Root mean squared error (RMSE) 0.0363  0.0091 0.0013 0.0077 0.0074 0.0081
Mean absolute error (MAE) 0.0308  0.0090 0.0012 0.0076 0.0063 0.0080
Mean squared error (MSE) 0.0013  0.0001 0.0000 0.0001 0.0001 0.0001
Post Coefficient of determination (R?) 0.9992  0.9999 1.0000 1.0000 0.9999  1.0000
Monsoon Root mean squared error (RMSE) 0.0181  0.0045 0.0008 0.0015 0.0047  0.0031
Mean absolute error (MAE) 0.0160 0.0037 0.0007 0.0012 0.0039  0.0026
Mean squared error (MSE) 0.0003  0.0000 0.0000 0.0000 0.0000  0.0000

Seasonal forecast of Tumin

The SVR model predicts a steadily declining trend for the winter season, with T, decreasing from 8.72°C in
2022 to 8.48°C in 2030. In contrast, the ANN-MLP model forecasts a near-constant 7},», showing only a minor
fluctuation from 8.89°C to 8.90°C over the same period. Both models predict high variability in the summer
season with peaks and troughs. The SVR model forecasts a slight increase, from 15.73°C in 2022 to 15.87°C in
2030, with a peak of 16.52°C in 2023. On the contrary, the ANN-MLP model forecasts a slight decrease in Tyin
from 15.62°C in 2022 to 15.48°C in 2030, though it also shows significant variability. During the monsoon season,
both models forecast a declining trend for 75.». The ANN-MLP model exhibits a gentle decrease with low
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variability, whereas the SVR model forecasts a more pronounced and steady decline, from 21.24°C in 2022 to
20.84°C in 2030. For the post-monsoon season, the two models show completely divergent forecasts. The ANN-
MLP model predicts a steady decline from 14.26°C to 14.09°C. The SVR model, however, forecasts a significant
and steady rise in 7y, increasing by approximately 11% from 14.34°C in 2022 to 15.92°C in 2030

ANN-MLP Forecast: Winter Tmin (95% conf. intervals)
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Fig. 10 Seasonal forecast of Tmin (2022-2030)

Seasonal forecast of Toax

Both models forecast a slight increase in 7y in the winter season with low variability. The ANN-MLP model
predicts a rise from 21.11°C in 2022 to 21.59°C in 2030, while the SVR model shows a similar, albeit marginal,

increase. Both models forecast an increasing trend for 7. for the summer season, characterized by high
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variability. The ANN-MLP forecast shows T rising from 26.80°C to 26.90°C, with a significant peak of 28.86°C
in 2026. The SVR model also predicts a rising trend with multiple peaks and troughs over the forecast period.

During the monsoon season, both models forecast a declining trend in 7y.. The ANN-MLP forecast shows a
decrease from 27.42°C in 2022 to 26.99°C in 2030. Similarly, the SVR model predicts a steady decline with
relatively low variability. In the post-monsoon season, the ANN-MLP and SVR models forecast a slight increase
in Tnax over the years. The ANN-MLP model predicts a rise from 24.47°C in 2022 to 24.99°C in 2030, while the

SVR model shows a similar upward trend, indicating a consensus on warming for this season.
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Fig. 11 Seasonal Forecast of Tmax (2022-2030)
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Seasonal forecast of Twmean

Both models predict a small but steady rise in Tyeq for the winter seaso, with very low variability. The ANN-MLP

forecast shows an increase from 14.16°C in 2022 to 14.89°C in 2030, a trend mirrored by the SVR model’s

predictions. Both models forecast a steadily increasing 7Tes, With high variability in the summer season. The

ANN-MLP model predicts an increase from 20.82°C to 20.93°C, with a prominent peak in 2023 at 22.12°C.

However, the SVR model forecasts a slight decrease from 20.79°C in 2022 to 20.76°C in 2030 with significant

year-to-year fluctuations.
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The MLP and SVR models forecast a clearly declining 7eqn trend for the monsoon season. The ANN-MLP model
shows a decrease from 23.84°C to 23.42°C, and the SVR model predicts a similar steady decline over the nine
years. During the post-monsoon season, both models forecast a consistent decline in 7. With moderate
variability. The ANN-MLP model predicts a decrease from 18.32°C in 2022 to 17.96°C in 2030. The SVR model
also forecasts a clear decreasing trend, with Teq, falling from 18.29°C to 17.98°C cover the forecast period.

Overall, a decrease in Tyean is forecasted for the monsoon and post-monsoon seasons.

Discussion

The trend analysis results demonstrate a clear and statistically significant warming trajectory across Manipur over
the 1940-2021 period, with annual Tmax exhibiting the highest rate of increase (0.020°C/year), followed by
Tmean (0.017°C/year) and Tmin (0.016°C/year). These findings are consistent with the accelerating warming
signal documented across Northeast India and the broader eastern Himalayan region (Gautam et al. 2025; Banerjee
et al. 2025). Notably, the relatively higher rate of Tmax warming compared to Tmin suggests a tendency toward
an alteration in the traditionally observed diurnal asymmetric warming pattern, wherein nocturnal minimum
temperatures historically warmed faster than daytime maxima (Vose et al. 2005). The higher rate of Tmax
warming is consistent with Zhong et al. (2023), who reported faster increases in daytime temperatures in many
regions due to reduced cloud cover, increased solar irradiance (global brightening), and land—atmosphere
feedbacks associated with droughts and heatwaves. While the present analysis does not explicitly examine these
driving mechanisms, the observed Tmax-dominant warming in Manipur may reflect similar processes operating
at the regional scale. The warming rates observed in Manipur thus reflect both regional manifestation of global
climate forcing and a shift in diurnal temperature dynamics, with important implications for heat stress,

evapotranspiration, and climate-sensitive ecosystems.

Pettitt’s test indicates that temperature changes over Manipur are non-secular, with significant change points at
1984 (Tmean), 1985 (Tmin), and 1992 (Tmax), marking a transition to an accelerated warming phase consistent
with earlier findings from Northeast India (Jain et al. 2013). The clustering of these breakpoints during the mid-
1980s to early 1990s aligns with the global climate regime shift of the 1980s associated with intensified
greenhouse forcing and recovery from the 1982 El Chichén volcanic eruption (Reid et al. 2016; IPCC 2021). The
earlier change points for Tmin (1985) and Tmean (1984), relative to Tmax (1992), reflect the established pattern
of greenhouse-driven warming, wherein minimum temperatures respond more rapidly due to enhanced longwave
radiation trapping, cloud-mediated insulation, and shallow nighttime boundary layer effects (Liu et al. 2024). The
later Tmax breakpoint in 1992 may additionally relate to post-eruption warming following the 1991 Mount
Pinatubo eruption, which temporarily suppressed daytime temperatures before a rebound. Importantly, this earlier
Tmin response does not contradict the higher long-term Tmax warming rate; rather, change points capture the
timing of initial responses, while trend magnitudes reflect cumulative warming, consistent with recent evidence
of increasing Tmax dominance in global temperature trends (Zhong et al. 2023; Vose et al. 2005). Regional studies
further identify temperature regime shifts across Northeast India (Gautam et al. 2025), though the earlier
breakpoints in Manipur suggest that climate reorganisation in the state preceded the broader early twenty-first
century shift, highlighting spatial and temporal heterogeneity in warming across the eastern Himalayan region

(S.T.P. Kumar et al. 2023).
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The spatial analysis of the temperature change reveals a heterogeneous warming pattern across Manipur, with the
most pronounced Tmin increases observed in the western and southwestern districts, particularly Jiribam and
Churachandpur (+0.88°C), while the northeastern highlands such as Ukhrul exhibit comparatively lower warming
(+0.66°C). This gradient indicates stronger warming in lower-elevation transitional zones than in higher-elevation
areas, deviating from the typical elevation-dependent warming (EDW) hypothesis (Pepin et al. 2025). Instead, it
shows complex patterns of warming in mountainous regions with strong microclimatic influence (Pepin et al.
2015). We hypothesise that the enhanced warming in the western lowlands likely reflects the combined influence
of topographic exposure to warm, moisture-laden air masses from the Bay of Bengal and intensified land surface
heating associated with lower elevations and land-use changes. The pronounced post-monsoon warming in these
regions further suggests delayed heat release from the monsoon season, a process less evident in cooler highland
areas. However, the pre-monsoon Tmax pattern shows relatively stronger warming in central and eastern regions,
indicating a partial seasonal influence of solar radiation amplification at higher elevations (Gautam et al. 2009).
Overall, the findings suggest that warming patterns in Manipur are governed by the interaction of elevation, terrain
exposure, and regional atmospheric processes rather than elevation alone, highlighting the importance of local

controls in shaping climate variability across the region.

We find that both forecasting models, SVR and ANN-MLP, demonstrated strong predictive performance across
all seasonal temperature variables in Manipur. The generally superior performance of SVR for Tmin and Tmean
across most seasons is consistent with its well-documented structural advantage in limited-sample time-series
forecasting (Ateeq-ur-Rauf et al. 2018). SVR typically requires fewer calibration samples than ANN models to
achieve reliable predictive performance, which is particularly relevant in the present study based on an 82-year
seasonal dataset (Tange et al. 2017). These findings are broadly consistent with previous studies applying non-
parametric and ensemble-based machine learning approaches for seasonal temperature forecasting in similar
regions. For instance, Roshani et al. (2022), using a Random Forest model for temperature forecasting in the
Himalayan foothills of the Valmiki Tiger Reserve with IMD gridded data, reported R values ranging from 0.819
to 0.979 across different seasons and variables. Similarly, Rahaman et al. (2024), in a meteorological forecasting
study in the lower Thoubal watershed of Manipur, reported R? values between 0.882 and 0.961 across most seasons
and variables. Overall, the results suggest that conventional ANN architectures may underperform relative to SVR
and other advanced machine learning techniques in data-limited mountain regions of India, closely aligning with

the findings of the present study. This provides further support for the modelling approach adopted in this research.

The projected warming during the winter and summer seasons in Manipur will have a significant impact on the
four sectors (agriculture, forests, water resources, and human health) identified in Manipur’s State Action Plan on
Climate Change (SAPCC 2013) as vulnerable to climate change. The correspondence between the most
pronounced warming in the western and southwestern regions of the state and areas previously identified as highly
climate-vulnerable in composite environmental and socioeconomic vulnerability assessments (Elangbam and
Singh 2025) suggests that existing socioeconomic and environmental stresses in these districts may be further
intensified under continued warming. Rising winter temperatures may disrupt the timing and productivity of rabi
crops by altering optimal sowing and maturation windows, particularly in the valley agricultural systems.
Increased summer temperature projections suggest that the pre-monsoon dry period will be under greater

evapotranspiration stress, reducing soil moisture availability and increasing irrigation demand in rain-fed
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agricultural areas already under seasonal water stress. Sustained warming may place additional thermal stress on
the Loktak Lake ecosystem, a Ramsar-designated wetland of international importance, potentially affecting
aquatic biodiversity, water quality, and the livelihoods of fishing communities dependent on it. Furthermore, there
is a likelihood of a decline in seasonal rainfall reliability in rain-fed upland streams that support domestic and
agricultural water supply across Manipur’s hill and valley districts, with adverse consequences for water security
and public health in rural communities. Finally, the temperature projections presented in this study provide
credible, local evidence supporting the urgency of adopting targeted climate adaptation across different regions

of the state.

This study has limitations related to data availability, spatial resolution, and modelling uncertainty. The ERAS
data validation was performed using a single IMD observation station due to the unavailability of accredited
observational infrastructure in the state. The high correlation between the observation and ERAS data, however,
makes it appropriate for long-term trend analysis. The study acknowledges limitations imposed by the coarse
Oresolution of ERAS data, especially when interpolation is done in a topographically complex region like Manipur.
Additionally, the deterministic SVR and ANN-MLP models do not quantify forecast uncertainty, highlighting the

need for probabilistic approaches in future studies.

Conclusion

Evaluating past and future temperature changes in data-sparse mountainous regions experiencing rapid climate
change is essential for formulating informed climate policies. This study assessed long-term temperature changes
in Manipur by combining traditional statistical and geospatial mapping techniques with machine-learning
forecasting, an analytical framework with replicability potential for analogous data-scarce areas within the broader
eastern Himalayan region. Statistically significant warming was observed in annual Tmin (0.016°C/year), Tmax
(0.020°C/year), and Tmean (0.017°C/year) across the 1940—2021 period, with the higher Tmax rate suggesting a
tendency toward reversal of the traditionally observed diurnal asymmetric warming pattern. Distinct temperature
regime shifts concentrated in the mid-1980s to early 1990s marked a transition to an accelerated post-shift
warming phase that has persisted through the study period. Spatiotemporal analysis revealed uneven warming,
with the western and southwestern districts, coinciding with Manipur’s most climate-vulnerable districts,
experiencing stronger warming than the northeastern highlands. Machine learning-based forecasting projects
continued warming across summer and post-monsoon seasons for 2022-2030, with model uncertainty reflected
in the inter-model divergence in winter Tmin forecasts. The climate-related risks to agriculture, water resources,
forest ecosystems, biodiversity, and human health, the four most climate vulnerable sectors in Manipur, are
expected to increase as warming continues. The results emphasise the need to formulate and implement evidence-
based climate adaptation strategies to promote climate-resilient agriculture, water management, ecosystem
conservation, and improved climate monitoring in the state’s most vulnerable districts. Future studies should
incorporate additional impact variables, higher-resolution spatial downscaling, and probabilistic forecasting

frameworks to build upon the framework presented by this study.
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