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Assessing Agrarian Moisture Sensitivity in the Barind Tract
Through a Principal Component Analysis-Weighted Geospatial
Framework

Abstract

Agrarian regions face intensifying multidimensional drought, yet spatial planning often relies on rigid administrative
boundaries and subjective expert-weighted indices that fail to capture contiguous environmental stress. This study develops
a data-driven, Principal Component Analysis (PCA) weighted geospatial framework to evaluate agrarian moisture
sensitivity and water-access isolation across the Barind Tract, Bangladesh. Using cloud-based geospatial processing, nine
environmental conditioning factors, including elevation, land-surface temperature (LST), and vegetation water indices, were
aggregated for the 2010 to 2025 monitoring window. The feature screening performed using ensemble classifiers showed
excellent discriminatory ability with Area under the Curve scores of 0.980 and 0.972 for Random Forest and Gradient
Boosting respectively. The weights obtained by PCA showed that the variables of terrain and thermal were predominant in
the regional spatial structure with values of elevation (0.249), LST (0.197) and slope (0.150) representing 59.6% of the total
variance. The resulting Moisture Sensitivity Index revealed a continuous high stress corridor across all the jurisdictions
along the Pleistocene terrace. Spatiotemporal sigma-convergence analysis demonstrated a decline in the coefficient of
variation among administrative units from 0.15 to 0.08, indicating a progressive regional homogenization of moisture stress.
By intersecting the biophysical sensitivity index with a 1 km distance threshold to permanent surface water, the framework
successfully delineated a functional deficit region comprising 14,908 pixels at a 500 m resolution. The results indicate that
Moisture Stress mitigation measures need to move away from administrative targeting and focus on functional
environmental corridors, characterised by integrated agropolitan water infrastructure combined with groundwater demand
management.

Keywords: Agrarian moisture sensitivity; Principal component analysis; Spatiotemporal o-convergence; Functional deficit region;
Surface water accessibility; Environmental stress corridors

1. Introduction

Drought is not a single physical event but a family of related deficits that develop across meteorological,
agricultural, hydrological and socioeconomic systems (Dai, 2011; Mishra & Singh, 2010; Van Loon, 2015). Its
meaning therefore depends on the variable observed, the time scale considered and the sector exposed (Wilhite
& Glantz, 1985; Zargar et al., 2011). Rainfall shortage may be brief, while soil-moisture loss, crop stress and
groundwater decline can persist after precipitation recovers. This propagation is especially important in agrarian
regions where irrigation partly masks meteorological drought until water reserves fall below a usable level.
Temperature has also become more prominent in moisture stress assessment because greater atmospheric
demand can intensify moisture loss even when rainfall trends alone appear modest (Begueria et al., 2014; Dai,
2011; Van Loon, 2015; Vicente-Serrano et al., 2010).

Remote sensing has expanded moisture stress monitoring from sparse station records to spatially continuous
observation. Previous studies show that no single indicator captures all moisture stress processes; robust
assessment usually combines precipitation, vegetation condition, thermal stress, evapotranspiration and
hydrological information (AghaKouchak et al., 2015; Hao & AghaKouchak, 2013; Quiring, 2009). Vegetation
greenness and surface temperature have long been used to detect stress (Kogan, 1995; Sandholt et al., 2002),
while multi-sensor models improve transferability across humid and dry climates (Brown et al., 2008; Park et
al., 2016; Rhee et al., 2010). NDWI provides a measure of vegetation liquid-water status (Gao, 1996), NDVI
represents canopy greenness (Huete et al., 2002; Tucker, 1979). And remotely sensed land-surface temperature
and evapotranspiration provide complementary evidence of surface energy and water demand (Mu et al., 2011;
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Wan et al., 2002). These indicators are physically meaningful but correlated, which makes their aggregation and
weighting a central methodological question.

Bangladesh is usually discussed as a flood- and cyclone-prone delta, yet its western and northwestern districts
experience recurrent moisture stress (Kamruzzaman et al., 2022; M. R. Rahman & Lateh, 2016). National
analyses consistently identify the Rajshahi region and the wider northwest as a major moisture stress-prone zone
(Hoque et al., 2020; M. N. Rahman et al., 2021; Shahid & Behrawan, 2008). The Barind Tract is particularly
exposed because its elevated terrace and compact Madhupur Clay restrict infiltration and surface-water retention
(Marufur Rahman & Q. M. Mahbub, 2012). Dry-season agriculture is sustained largely by groundwater
extraction, so climatic moisture deficits and irrigation pressure reinforce one another. Field-based evidence from
the tract links declining water availability with crop disruption, livelihood adjustment and a shift away from
water-intensive farming (Habiba et al., 2012; Tahasin et al., 2024). Groundwater studies also describe low-
potential zones and the need for managed recharge or other demand-management measures (Ferozur et al., 2019;
Hossain et al., 2021).

Existing plans are commonly prepared and implemented through districts and upazilas. However,
the physical processes producing moisture stress do not stop at administrative boundaries. A terrace
ridge can cross several jurisdictions and a water-access deficit can form around the distribution of
rivers, canals, ponds or irrigation infrastructure rather than around local-government borders.
Consequently, a district-average moisture stress map may hide a continuous functional region of need.
Planning requires a method that identifies not only where the landscape is sensitive but also where
sensitive land is comparatively isolated from water-based mitigation.

In Bangladesh, meteorological drought has been mapped using SPI and rainfall interpolation (M. R. Rahman
& Lateh, 2016), integrated vulnerability has been assessed through multi-criteria frameworks (Hoque et al.,
2020; Sarkar et al., 2024) and long-term SPI/SPEI analyses have documented marked spatial differences among
climatic zones (Kamruzzaman et al., 2022; M. N. Rahman et al., 2021). Recent work in Rajshahi and the Barind
Tract has used vegetation and temperature indices to examine moisture stress impacts on agriculture and
livelihoods (Das et al., 2023; Tahasin et al., 2024). These studies provide a strong empirical basis but they
generally follow one of two routes: a time-series moisture stress index summarized at station or administrative-
unit scale, or a composite vulnerability surface constructed with expert-assigned weights.

The Analytic Hierarchy Process (AHP) is widely used because it can integrate diverse criteria when
observations are incomplete (Saaty, 2002). Its transparency is useful but results depend on the experts selected,
the pairwise scale and the consistency of judgment (Ishizaka & Labib, 2011). At a national scale, a recent
Bangladesh vulnerability framework combined 24 factors through AHP (Sarkar et al., 2024). Such an approach
is appropriate for broad multidimensional vulnerability but it does not remove subjectivity from the relative
importance of biophysical factors. Data-driven weighting provides a different answer; instead of asking experts
to rank variables, principal component analysis (PCA) derives a compact structure from their covariance (Jollife
& Cadima, 2016). PCA has been used to reduce multicollinearity and construct drought or vulnerability indices
in other regions (Kim et al., 2021; Naumann et al., 2014; Prajapati et al., 2022), although variance-based weights
should not be interpreted as causal effects.

Climatic teleconnections provide further context. El Nino-Southern Oscillation (ENSO) influences monsoon
variability but the relationship is non-stationary and differs across South Asia (Gadgil et al., 2004; Kumar et al.,
1999; McPhaden et al., 2006). Studies for Bangladesh report links between ENSO phases, rainfall, temperature
and crop production (Sattar et al., 2021; Wahiduzzaman & Luo, 2020). A pixel-wise Oceanic Nifio Index (ONI)-
SPEI analysis would be valuable for the Barind Tract. However, a teleconnection layer should be presented as
a result only after the full correlation procedure and statistical testing have been completed. This study therefore
treats ENSO as background context and confines its empirical claims to the completed moisture-sensitivity,
temporal-dispersion and water-access analyses.



Regional-planning theory offers a useful way to connect the biophysical index to service accessibility.
Central Place Theory explains how the usefulness of a service depends partly on the distance people must travel
to reach it (Berry et al., 1967). Agropolitan development extends this concern to the equitable provision of
productive services within rural regions, with the goal of supporting locally grounded agrarian economies rather
than reinforcing dependence on distant urban centers (Friedmann & Douglass, 1978). In a moisture stress-prone
agricultural landscape, permanent water and irrigation facilities can be treated as resource-service nodes. Areas
that are both highly sensitive and distant from such nodes constitute a functional deficit rather than a purely
climatic hotspot.

Despite substantial research on the Barind Tract, several aspects remain insufficiently explored. Existing
studies rarely combine climatic, vegetative, thermal, hydrological, and topographic factors within a unified
empirically weighted framework. Furthermore, data-driven weighting techniques derived from observed
covariance remain underutilized compared with conventional expert-based methods. In addition, environmental
stress and access to mitigating water resources are generally assessed independently, limiting their integration
into spatial planning and climate adaptation strategies.

This study addressed these gaps by developing and applying a PCA-weighted geospatial framework that (i)
evaluates the spatial variability of agrarian moisture sensitivity across the Barind Tract using a data-driven
composite index; (ii) examines the spatiotemporal convergence of regional moisture stress disparities among
administrative units between 2010 and 2025; and (iii) delineates functional agropolitan deficit regions by
integrating the biophysical sensitivity index with surface water accessibility metrics. The study links objective
factor weighting, temporal convergence and functional water-access criteria in a single planning-oriented
workflow. Rather than forcing the results into existing district boundaries, the study identifies a cross-
jurisdictional terrace corridor as the relevant intervention geography.

2. Methodology
2.1. Study Area

The study area includes the contiguous districts of Nawabganj (Chapinawabganj), Naogaon and Rajshahi in
the northwestern part of Bangladesh as shown in Figure 1. This area is the operational heartland of the High
Barind Tract. The tract is an undulating northeast-southwest ridge uplifted from the surrounding alluvial
floodplains and is a Pleistocene terrace (Kamruzzaman et al., 2022; M. R. Rahman & Lateh, 2016). The
elevation is typically 30-50 m in the high-terrace area and lower on the southern and eastern floodplain edges.
The predominant red-clay soils are hard, low permeability. The monsoons can cause water runoff and the dry
season can cause to soil to dry out, crack and available surface water to decrease.

The main rural occupation is agriculture and ground water pumping are a key input for the production during
the dry season. The geomorphology, the seasonal heat, the varying rain and irrigation requirement are all factors
that make this combination of physical sensitivity and water availability a good choice for this study. The area
covered is also quite large to determine if the resulting regions conform to administrative boundaries or a larger
environmental corridor.

The study area has been chosen for several reasons. It is frequently mentioned as a national moisture stress-
priority region by various sources (Hoque et al., 2020; M. N. Rahman et al., 2021; Shahid & Behrawan, 2008;
Tahasin et al., 2024); its terrace morphology is a clear physical basis for spatial differentiation; groundwater-
dependent agriculture makes water-access isolation a planning concern (Ferozur et al., 2019; Hossain et al.,
2021); and its environmental corridor spans district and upazila boundaries. The case thus provides an
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opportunity to test the validity of a regional-planning framework in which the traditional administrative unit is
not going to reflect the true extent of stress.

Study Area Map
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Fig 1. Study area map of the Barind Tract (Nawabganj, Naogaon, and Rajshahi districts)
2.2. Research Design and Theoretical Framework
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A quantitative, spatially explicit research design was used. The workflow comprised data acquisition,
temporal compositing, spatial harmonization, diagnostic review, PCA weighting, index construction, temporal
analysis and formal-region delineation (Figure). Google Earth Engine was used for server-side processing of
the satellite and reanalysis archives (Gorelick et al., 2017). Calculations were made over the 1 January 2010-31
December 2025 monitoring window. The factor maps and PCA analysis used a common 1 km grid. Water-
distance and deficit-region operations were run at 500 m to retain more local detail.

2.3. Data Collection & Analysis

Nine environmental conditioning factors were assembled, precipitation, land-surface temperature (LST),
NDVI, NDWI, evapotranspiration (ET), root-zone soil moisture, shortwave albedo, elevation and slope. Surface
water and administrative boundaries added for accessibility and zonal analysis purposes were permanent in
nature. Selected variables include, meteorological supply, atmospheric and surface demand, vegetation
response, hydrological storage and terrain controls. The sources and processing periods are provided in Table
1. Dataset descriptions follow the primary data publications (Farr et al., 2007; Funk et al., 2015; Gao, 1996;
Gorelick et al., 2017; Huete et al., 2002; Mu et al., 2011; Pekel et al., 2016; Rodell et al., 2004; Schaaf et al.,
2002; Tucker, 1979; Wan et al., 2002).

The CHIRPS data is useful for long-term quasi-global rainfall record for moisture stress monitoring (Funk
et al., 2015). MODIS vegetation, temperature, evapotranspiration and albedo products have provided physical
and radiometric bases (Huete et al., 2002; Mu et al., 2011; Rodell et al., 2004; Schaaf et al., 2002; Wan et al.,
2002). SRTM provides uniform topography (Farr et al., 2007). the JRC archive provides a consistent surface-
water occurrence data for the globe (Pekel et al., 2016). The workflow is reproducible using these data sources
instead of proprietary imagery.

Table 1 Geospatial Data Sources Used in the Moisture Sensitivity Analysis

Variable Dataset/band Temporal Native Analytical role
treatment resolution
Precipitation =~ CHIRPS Daily 2010-2025 daily; ~5.5 km Moisture supply; inverse
long-term sum and sensitivity
annual sums
LST MODIS MOD11A2 8-day composites; 1 km Thermal and evaporative
LST Day lkm long-term/annual stress
means
NDVI MODIS MOD13A1 16-day 500 m Vegetation greenness;
NDVI composites; means inverse sensitivity
NDWI MODIS reflectance 8-day composites; 500 m Vegetation liquid-water
bands 2 and 6 index means status; inverse sensitivity
ET MODIS MOD16A2 ET  8-day composites; 500 m Land-atmosphere water
means flux
Soil moisture  GLDAS Noah v2.1 3-hourly; mean; ~27 km Subsurface moisture
RootMoist_inst smoothed for diagnostic
diagnostics
Albedo MODIS MCD43A3 Daily; mean 500 m Bare/dry surface
WSA shortwave reflectance
Elevation SRTM GL1 Static 30m Runoff and groundwater-
depth control
Slope Derived from SRTM Static 30 m Runoff and infiltration
control
Permanent JRC Global Surface 1984-2021 30 m Water-access distance
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water Water v1.4 seasonality  archive; >=10
months/year
Boundaries District/upazila vectors ~ Current Vector Clipping and zonal

statistics

2.4. Data Processing

All collections were screened to the case study area and the monitoring period. The precipitation was added
for the whole period and yearly amounts and the continuous variables were summarized by temporal means.
Elevation and Slope were constant. A common mask was created to remove off-boundary and no data cells
from all rasters prior to statistical calculations. Data sets of native resolution smaller than that of the analysis
grid were re-sampled. The Gaussian smoothing (sigma = 3) was applied to the GLDAS root-zone soil-moisture
product only to eliminate block appearance in the diagnostic map, which has a native cell size of about 0.25
degrees. It was not permitted to compute the PCA weights as a re-sample of 1 km would lead to pseudo-detail
and inflated spatial autocorrelation.
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The CHIRPS data is useful for long-term quasi-global rainfall record for moisture stress monitoring (Funk
et al., 2015). MODIS vegetation, temperature, evapotranspiration and albedo products have provided physical
and radiometric bases (Huete et al., 2002; Mu et al., 2011; Rodell et al., 2004; Schaaf et al., 2002; Wan et al.,
2002). SRTM provides uniform topography (Farr et al., 2007). The JRC archive provides a consistent surface-
water occurrence data for the globe (Pekel et al., 2016). The workflow is reproducible using these data sources
instead of proprietary imagery.

The factor maps reveal a persistent contrast between the elevated central-northern terrace and the lower
floodplain margins (Figure 3). The terrace is expressed most clearly by elevation and slope but it is also
associated with warmer surfaces, lower vegetation-water signals and higher albedo in several locations. The
coincidence is physically plausible: compact red clay and greater relief favor runoff, while dry exposed soil
increases reflectance and surface heating. By contrast, southern and eastern Rajshahi show lower elevation and
more favorable vegetation-water conditions.

Cumulative precipitation remains essential to regional water supply, yet its spatial gradient is smoother than
the terrain and surface-response variables at this scale. This difference matters for weighting. A factor may be
the main temporal driver of moisture stress but receive a modest PCA weight when it varies little across the
mapped region. On the other hand, elevation can be given a high weight even though it does not evolve in time
and it organizes the spatial pattern. Therefore, the index does not represent a causal moisture stress severity
partition but should be viewed as a map of spatial sensitivity.

2.5. Predictive Validity of the Conditioning Factors

Both ensemble classifiers achieved excellent discriminatory performance in distinguishing moisture-stressed
from non-stressed sample locations, with Area Under the Curve (AUC) values of 0.980 for Random Forest and
0.972 for Gradient Boosting (Figure). Under conventional AUC, values above 0.90 indicate excellent
discrimination, and the close agreement between two structurally different ensemble algorithms suggests
genuine signal in the nine-factor feature set rather than model-specific overfitting. This empirically substantiates
the retention of all nine conditioning factors and provides confidence that the subsequent PCA-weighting stage
is built on a factor set with demonstrated, rather than assumed, explanatory power.

ROC-AUC Curve: ML Environmental Predictors
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Fig. 4. Receiver Operating Characteristic (ROC) curves for the Random Forest and Gradient Boosting classifiers trained on the nine
conditioning factors.
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2.6. Direction Harmonization & Normalization

The eight factors retained for weighting were normalized to a 0-1 range. For a factor positively related to
sensitivity, the standard min-max transformation was used:

X'i = (Xi — Xmin) / (Xmax — Xmin)
where Xi is the observed pixel value and Xmin and Xmax are the minimum and maximum values within the
study area. For precipitation, NDVI and NDWI, high values indicate wetter or healthier conditions. Their

normalized scores were therefore inverted as 1 - X'; so that all layers increased in the same direction: 0
represented lower sensitivity and 1 represented higher sensitivity.

2.7. Objective Weighting by Principal Component Analysis

PCA was used to derive a variance-based weighting structure (Jollife & Cadima, 2016). Normalized factor
values were sampled across the study area and assembled in a correlation/covariance matrix. The first principal
component was extracted because it represented the dominant common spatial gradient. For factor i, the
absolute magnitude of its PC1 loading was divided by the sum of all absolute loadings:

Wi = |Li,1| / sum(|Lj, 1])

where L;,1 is the loading of factor i on the first principal component. The resulting weights sum to one. This
procedure is objective with respect to the empirical covariance structure but it does not prove causation. A high
weight indicates that a factor strongly represents the dominant spatial pattern in this dataset.

Prior to PCA weighting, the discriminatory power of the nine conditioning factors was also assessed
empirically through a supervised machine-learning screening step. The nine-band composite (precipitation,
LST, NDVI, NDWI, ET, soil moisture, albedo, elevation and slope) was sampled at 3,000 stratified random
points (fixed seed = 42 for reproducibility) and used to train two independent ensemble classifiers, Random
Forest (Breiman, 2001) to distinguish moisture-stressed from non-stressed locations, with performance assessed
using stratified k-fold and Gradient Boosting (Friedman, 2001) cross-validation and ROC-AUC Diagnostics
(Fawcett, 2006). This step provides an outcome-oriented check that the nine selected factors jointly discriminate
moisture-stress classes with acceptable accuracy before being carried into the PCA-weighting stage, and the
resulting Random Forest feature-importance ranking offers an independent benchmark against which the PCA-
derived weights can be cross-checked. consequently, the classifiers are reported here strictly as a factor-
screening and weight-comparison diagnostic, not as an accuracy validation of the final MSI product.

2.8. Moisture Sensitivity Index

The Moisture Sensitivity Index (MSI) was calculated through a weighted linear combination:
Moisture Sensitivity Index = Z:lz LW x X))

where W; is the PCA-derived weight and Si is the direction-harmonized normalized score. The index is
dimensionless. Within this study, larger values indicate a combination of terrain, thermal, vegetation,
hydrological and climatic conditions associated with greater agrarian moisture sensitivity. The output was
rendered with a 2nd-98th percentile stretch to prevent a small number of extreme pixels from obscuring the
spatial gradient.



2.9. Spatio-temporal o-convergence Analysis

To examine whether spatial disparities were widening or narrowing, the economic concept of sigma-
convergence (Barro & Sala-I-Martin, 1992) was adapted to annual upazila-level MSI. For each year t, the
coefficient of variation was calculated as:

CVt = ot/ ut

where ot is the standard deviation and mut is the mean of upazila-level MSI in year t. A declining CV

indicates that upazilas are becoming more similar. In this context, convergence is not necessarily favorable: if

the regional mean remains stressed, a lower CV can mean that formerly less-sensitive areas are losing their
relative advantage.

2.10. Formal Regionalization & Agropolitan Functional Equity Mapping

Two complementary formal-region delineations are produced from the MSI surface. First, pixels with MSI
>= (.26, a data-driven threshold approximating the upper quartile of the index's empirical distribution across
the Barind Tract, that are also located more than 1,000 m from the nearest permanent surface-water body, are
classified as the Formal Deficit Region. Permanent water is defined using the JRC Global Surface Water dataset
(Pekel et al., 2016), retaining pixels with a seasonality value of at least ten months per year, and Euclidean
distance to these water bodies is computed via a fast distance-transform algorithm at 500 m resolution. This
combined threshold operationalizes moisture vulnerability (climatic and biophysical) jointly with water-access
isolation (hydrological).

Second, drawing on Central Place Theory (Berry et al., 1967) and the Agropolitan Development model
(Friedmann & Douglass, 1978), both of which hold that effective rural development depends on accessible
service and resource centers, distance to permanent water is treated as a proxy for irrigation and agricultural-
service accessibility in the absence of a digitized deep-tube-well or irrigation-hub point inventory. Locations
combining elevated moisture sensitivity (MSI >= 0.26) with more than 3,000 m distance from permanent water
are flagged as Agropolitan Deficit Zones, representing locations where high climatic and biophysical sensitivity
coincides with poor functional access to water-based mitigation infrastructure. Incorporating digitized deep-
tube-well and irrigation-canal locations from the BMDA is identified as a priority refinement for subsequent
iterations of this layer, to move from a distance-based proxy toward a network- or gravity-based accessibility
measure.

2.11. El Nino Teleconnection Exposure Mapping

A pixel-based climatic exposure layer, representing the Pearson correlation coefficient between the ONI and
the SPEI (Vicente-Serrano et al., 2010) across the 2010-2025 record, is produced to situate the localized MSI
pattern within the broader ENSO climatic context.

X -H-D
VEX = X725 - 7)?

Where X is the ONI and Y is SPEI, or an equivalent vegetation-condition moisture stress indicator, at each
grid cell, and r is the Pearson correlation coefficient.

10
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2.12. Spatial Hotspot Analysis

To identify statistically significant spatial clusters of moisture sensitivity independent of administrative
geometry, the Getis-Ord Gi* statistic (Getis & Ord, 1992) is applied to a spatial sample of MSI values,
classifying locations into four categories, based on the standardized z-score of local spatial association.

3. Results
3.1. PCA Weights & Moisture Sensitivity Index

The PCA-derived weights are shown in Table. Elevation received the largest weight (0.249), followed by
LST (0.197), slope (0.150), NDWI (0.136) and albedo (0.130). ET, precipitation and NDVI made smaller
contributions. Together, elevation, LST and slope accounted for 59.6% of the total weight. The result indicates
that the dominant spatial gradient is a terrain-thermal structure rather than a rainfall-only pattern

Table 2 PCA-Derived Weights for the Moisture Sensitivity Index

Rank Factor PCA weight Interpretation

1 Elevation 0.249 Organizes runoff and depth-to-water conditions

2 Land-surface 0.197 Represents thermal and evaporative stress
temperature

3 Slope 0.150 Promotes runoff and reduces local infiltration

4 NDWI 0.136 Represents vegetation liquid-water status

Moisture Sensitivity Index
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5 Albedo 0.130 Highlights exposed and desiccated surfaces

6 Evapotranspiration 0.073 Represents land-atmosphere water flux

7 Precipitation 0.046 Regional water supply; relatively smooth
spatial field

8 NDVI 0.019 General canopy greenness and density

Fig. 5. Composite Moisture Sensitivity Index (MSI) for the Barind Tract.

The MSI ranged from approximately 0.18 to 0.34 (Figure 5). Values of 0.28-0.34 formed a coherent
northeast-southwest band from northern Nawabganj through central Naogaon. Lower values, commonly 0.18-
0.22, occurred along the southern and eastern floodplain fringe of Rajshahi. The high-sensitivity band follows
the Pleistocene terrace more closely than the district boundary, demonstrating the value of a continuous surface.

This is in line with the regional literature on moisture stress prone areas of the country which identified that
the areas of north-west are prone to moisture stress (Hoque et al., 2020; Kamruzzaman et al., 2022; M. N.
Rahman et al., 2021; M. R. Rahman & Lateh, 2016; Shahid & Behrawan, 2008; Tahasin et al., 2024) but it adds
a finer planning interpretation. Previously, vulnerability mapping was done using expert-weighted indicators
(Hoque et al., 2020; Sarkar et al., 2024). The present result is not a contradiction to those studies, it demonstrates
instead that a physically coherent corridor can be recovered without any pairwise judgments, with an
unsupervised covariance-based weighting. This is a similar example of PCA applications in Korea, Africa and
India for comparison which show the importance of reducing the correlated indicators prior to composite
mapping (Kim et al., 2021; Naumann et al., 2014; Prajapati et al., 2022).

Albedo is noteworthy. It was heavier than ET, precipitation and NDVI. High albedo values in dry seasons in
the Barind region may be due to exposed clay, low plant cover and dryness of the surface. The use of expert-
based approaches can underestimate this variable as it is less known than rainfall or NDVI. The significance of
its importance here should also be taken with a pinch of salt: in part it can be explained by land cover or soil
colour and observations on the ground would be required to differentiate between land cover and "moisture-
stress induced exposure".

12
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3.2. Temporal Convergence of Moisture Sensitivity

The coefficient of variation of annual upazila-level MSI declined from roughly 0.15 at the beginning of the
monitoring period to around 0.08 by 2025 (Figure 6). Although year-to-year fluctuations occurred, the overall

direction was downward. This indicates sigma-convergence: spatial differences among upazilas narrowed over
the sixteen-year period.

Spatio-Temporal o-Convergence of Moisture Stress
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Fig. 6. Spatio-temporal sigma-convergence of moisture stress across Barind Tract upazilas, 2010-2025.

Convergence should not be interpreted as recovery. The map displays a high sensitivity corridor and the
declining dispersion suggests that other upazilas are moving towards a greater uniformity with the regional
pattern. This helps to support a two-pronged approach. While immediate targeted measures need to be
undertaken, more comprehensive measures need to be taken at the tract level as the current hotspots might not
capture all areas showing relative vulnerability. Seasonal crop calendars and soil-moisture conservation and
groundwater-demand management should therefore be mainstreamed in the wider Barind region, not just for a
few severe areas.

3.3. Formal Deficit Region & El Niiio (ENSO) Climatic Exposure

Applying the combined threshold of MSI >= 0.26 and distance >= 1 km from permanent surface water
identified 14,908 pixels at 500 m resolution (Figure). The Formal Deficit Region is concentrated along the same
terrace corridor as the MSI, with additional patches in western Nawabganj and southern Rajshahi. Its continuity
across upazila and district boundaries is the central planning result of the study.

The Formal Deficit Region (Figure 7 (a)) represents a compound condition. A sensitive pixel close to
permanent water may have greater opportunity for supplementary irrigation, recharge or local storage. A distant
pixel with low biophysical sensitivity may be less urgent. The combined threshold identifies places where both
problems occur. Similar integrated moisture stress-vulnerability studies emphasize that exposure, sensitivity
and adaptive capacity should be evaluated jointly (Hoque et al., 2020; Kim et al., 2021; Naumann et al., 2014).
Here, distance to water provides a direct spatial proxy for one component of local adaptive capacity.
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Formal Deficit Region (Vulnerability > 0.26 & Water Stress)

Fig. 7. (a) Formal Deficit Region, pixels with Moisture Sensitivity Index > 0.26; (b) Spatial patterns of ENSO-induced climatic exposure

The exposure surface in (Figure 7 (b)) shows a concentration of higher relative values along the northeastern
corner of the study area, near the apex of the elevated terrace, with comparatively lower values across western
Nawabganj and southern Rajshahi. This pattern is broadly consistent with the spatial logic of the MSI and
Formal Deficit Region maps and is therefore a plausible indicator of where a completed ONI-SPEI correlation
analysis should be prioritized.
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Fig. 8. (a) Spatial hotspot classification of sample points by Getis-Ord Gi* significance category; (b) Agropolitan equity map: functional

Figure 8 (a) illustrates the intended Getis-Ord Gi* hotspot classification framework for the Moisture
Sensitivity Index (MSI), distinguishing 99% confidence hotspots, 95% confidence hotspots, non-significant
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locations, and cold spots based on standardized z-score thresholds. The mapped values are derived from a
synthetic distribution and are presented solely to demonstrate the classification scheme, cartographic design,
and interpretation of statistical significance.

The stricter 3 km water-distance threshold produced a narrower Agropolitan Deficit Zone along the
Nawabganj-Naogaon terrace boundary (Figure 8 (b)). This zone overlaps the high-MSI band but removes
locations with relatively closer access to permanent water. It therefore provides a priority geography for
investments that are costly or capacity-limited, such as managed aquifer recharge, extension of minor irrigation
channels, communal storage or regulated deep-tube-well coverage.

In the Barind context, the feasibility and problems of managed aquifer are tested with research that
documented both feasibility and problems (Hossain et al., 2021). The groundwater-potential mapping also
indicates that the tract is not uniform and that certain parts of the tract are not structurally conducive to
groundwater development (Ferozur et al., 2019). The Agropolitan Deficit Zone can assist in sequencing
interventions, re-charge and/or storage are desirable where hydrogeology permits but crop diversification and
demand reduction are necessary if further abstraction would exacerbate the situation.

4. Discussions

The number of indicators used for moisture stress assessment has shifted from a single indicator to integrated
multi-source monitoring (IMSM) on a global scale (AghaKouchak et al., 2015; Brown et al., 2008; Hao &
AghaKouchak, 2013; Park et al., 2016; Rhee et al., 2010). The current framework takes that route but with a
different "end point" for planning. It is not limited to a sensitivity map but transforms the index into a functional
region using the water-access distance. It is similar to vulnerability studies that include adaptive-capacity
indicators (Kim et al., 2021; Naumann et al., 2014). But it still has a simple spatial rule that can be reproduced
by local agencies and discussed.

These strong terrain signals are similar to those observed in other dry agricultural areas where elevation and
slope, vegetation-water and temperature indicators underlie moisture stress patterns (Prajapati et al., 2022; Rhee
et al., 2010; Sandholt et al., 2002). However, the Barind Tract is not a typical dry area. The risk is related to
monsoon climate, impermeable terrace soils, concentrated dry season and irrigation dependent cropping. Thus,
the policies adopted from the deserts or semi-arid rangelands would be incomplete. A mixed bag of relevant
response: less water-polluting dry season crops, residue retention and soil moisture conservation, better surface
water storage, moisture stress-informed agricultural extension and managed recharge if possible. Plus,
abstraction rules and groundwater abstraction.

Governance impacts of the administrative mismatch. An independent programme by individual districts can
result in fragmentation of an existing corridor and variable investment standards. A Barind terrace-corridor
program coordinated between Nawabganj and Naogaon, with involvement of the Rajshahi in which patches are
connected to each other would be more suitable for the mapped area. The Barind Multipurpose Development
Authority is a logical coordinating institution. However, roles would need to be defined for local government,
agricultural extension, water-user groups and farmers. The Agropolitan view also argues for water infrastructure
to be linked to local production and livelihoods rather than simply to the expansion of water extraction capacity
(Friedmann & Douglass, 1978).

The findings of this study do not prove a pixel level El Nino causal impact. However, its use in seasonality
preparedness may improve with the help of ENSO forecasts (Gadgil et al., 2004; Kumar et al., 1999; McPhaden
et al., 2006; Sattar et al., 2021; Wahiduzzaman & Luo, 2020). Monthly ONI and SPEI series need to be aligned,
the correlation/ regression coefficients need to be computed for each pixel and significance and autocorrelation
need to be dealt with before such a statement can be made and out-of-sample years need to be tested. Also, a
Getis-Ord Gi* hotspot map should be computed from the actual MSI and be based on a declared spatial-weights
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matrix instead of illustrative z-scores (Getis & Ord, 1992). These extensions will enhance the framework
without altering the corridor and water access conclusions.

5. Conclusion

This research applied a geospatial framework based on principal component analysis (PCA) approach to map
the moisture sensitivity and water access deficit of the Barind Tract. The primary spatial pattern is a single high-
sensitivity strip running along the Pleistocene terrace along the main road extending from the northern part of
Nawabganj to the central part of Naogaon. The pattern was chiefly organized by elevation, LST and slope,
suggesting that the regional pattern is controlled by terrain and thermal characteristics. The temporal analysis
revealed that the among-upazila variation decreased over all the years, indicating the increasing spatial
uniformity of moisture sensitivity over time rather than it being limited to a few isolated hotspot areas.

A combination of the MSI to distance to permanent surface water created two policy-relevant areas. The
Formal Deficit Region is a broad geographic view across jurisdictions for coordinated moisture stress
management and the Agropolitan Deficit Zone is a narrow view of high sensitivity areas for targeted
investments. District-by-district response is called for, shifting towards corridor-based governance, that is
supported by results. Crop diversification, soil-moisture conservation and groundwater management should be
integrated with water infrastructure, as increased extraction of water would shift the climatic stress on the water
infrastructure onto the groundwater.

5.1. Limitations of the Study

While this study establishes a strong geo-spatial framework, it is subject to several limitations that point
toward future research directions. First, the soil-moisture product from GLDAS is too coarse to account for
field-scale variation and thus was not included in PCA weighting. Further research should rely on more detailed
observations of soil moisture or calibrated measurements in the field. Secondly, the Euclidean distance to
permanent surface water is an accessibility proxy. It does not contain information on the location and capacity
of BMDA deep tube wells, minor canals, pumping costs, road travel time, water quality or seasonal reliability.
An accessibility model based on the network or gravity would be more realistic.

Third, the weights of the PCA are a measure of variance, not the causal significance. They should be tested
for stability using alternative normalization, various time windows, bootstrapping loading intervals and
comparison with entropy or supervised loading intervals. Finally, there is no stand-alone field-based validation
inventory for the MSI. Anomalies in crop production, moisture conditions, soil moisture and ground-water
levels and farmer reported moisture stress impacts should be collected for validation. These exploratory
accuracy figures (Random Forest and Gradient Boosting) in the original course report are not considered to be
validation in this instance as the construction of the binary reference-label was not documented independently.
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  X ′ i   =   ( X i   −   X m i n )   /   ( X m a x   −   X m i n )  


  W i   =   | L i , 1 |   /   s u m ( | L j , 1 | )    


  Moisture Sensitivity Index =   ∑  i = 1  n  (   W  i ×   X  i )  


  CVt   =   σ t   /   μ t    


  r =   ∑ ( X −   X ˉ ) ( Y −   Y ˉ )   ∑ ( X −   X ˉ  ) 2 ∑ ( Y −   Y ˉ  ) 2

