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Abstract

Agricultural droughts pose a significant environmental challenge in Bangladesh, particularly in the northwestern
region of the Rajshahi District. Factors such as high evapotranspiration, groundwater depletion, erratic rainfall,
and inadequate irrigation place tremendous pressure on crops, which pose a significant threat towards food
security. Current methods for drought monitoring, like field surveys and in-situ tests, face limitations in terms of
temporal and spatial coverage, leading us to explore alternative approaches, such as using various remote sensing
techniques. This study sought to quantify agricultural droughts by evaluating the Soil Moisture Index (SMI)
derived from Landsat 8 imagery (visible red, near-infrared (NIR), and thermal infrared (TIRS) bands) using
ArcGIS PRO software. Unlike traditional singular indices, the SMI provides a more precise method for monitoring
agricultural droughts by effectively combining multiple indices, such as Normalized Difference Vegetation Index
(NDVI) and Land Surface Temperature (LST) data, for a comprehensive assessment of soil moisture. In SMI
evaluation, higher LST values indicate lower surface moisture, and lower NDVI signifies stressed vegetation;
together, they offer a clear depiction of soil moisture conditions. Looking forward, incorporating SMI into early
warning systems and adaptive planning strategies can significantly enhance climate-resilient agriculture and
promote sustainable resource management.
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1 Introduction

Bangladesh is one of the most vulnerable nations to natural disasters due to its changeable climate, low-lying flat
terrain, and different geomorphological conditions. Each time, Bangladesh faces extreme climatic events like
floods, cyclones, and drought, which affect both mortal life and structure (Ali, 1996). Drought affects the field of
agriculture and is one of the most extreme climatic disasters (Lesk et al., 2016). Declining groundwater situations,
irregular downfall patterns, and inadequate irrigation structures are substantially responsible for failure. Soil
humidity indicator (SMI) is one of the crucial pointers to assess failure conditions (Banjara et al., 2025). The
physical material present on the Earth's surface, such as vegetation, water, agricultural land, fallow land, and built-
up areas, is known as land cover. Land use is the modification of land cover that humans do for various purposes,
like vegetation, transportation, and housing (Saha et al., 2024). Since land use and land cover are jointly connected,
they are analyzed together (Connors et al., 2013). Changes in LULC have a significant impact on Land Surface
Temperature (LST). Remote sensing-based indicators such as the Normalized Difference Vegetation Index (NDVI)
are often used to monitor changes in vegetation cover over time. SMI is calculated by using the NDVI and LST
indices. A high SMI value indicates there is a lower possibility of having drought (Chandramohan et al., 2024).
Located in the northwestern part of Bangladesh, Rajshahi suffers a lot from natural disasters like drought (Mahim
et al., 2025). Low and insufficient rainfall, high evapotranspiration, and excessive groundwater use make this area
more vulnerable to drought. Soil Moisture Indicator (SMI), which shows a more intertwined and accurate reflection
of soil water stress, has been infrequently applied in this region. The lower value of SMI indicates there is a higher
chance of having a drought. Some recent studies have used satellite data to assess drought conditions. Still, there
is a gap in exploration due to the lack of up-to-date, detailed, and integrated approaches. This study aims to fill
that gap by examining and monitoring agricultural failures in the Rajshahi District of Bangladesh using the
district’s SMI.

2 Study Area
Rajshahi District is located in the northwestern part of Bangladesh between the geographical co-ordinates of 24°07’

to 24°43' north latitude and 88°17’ to 88°58' east longitude, covering an area of 2438 square kilometers, as shown
in Figure 1. It shares the boundaries with Naogaon and Bogura Districts to the north, Chapainawabganj District to
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the south, Dinajpur and Bogura Districts to the east, and India to the west (Esha & Rahman, 2021). Rajshahi plays
an important role in the agricultural economy of Bangladesh. However, the region is vulnerable to drought,
particularly during the dry season when soil moisture levels are at their lowest. The focus of this study is to figure
out the impact of drought in Rajshahi District by examining soil moisture levels, which are essential for agricultural
productivity.
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Figure 1. Study Area Map (Rajshahi District)
3 Materials And Methodology

3.1 Data Acquisition

Landsat 8 OLI imagery (path 138, row 043) for 2014, 2017, and 2021 was obtained from USGS with <1% cloud
cover. One image per year was used to assess spatiotemporal changes in the Soil Moisture Index (SMI) and drought
effects in Rajshahi District. LST and NDVI were derived to analyze vegetation and temperature variations. Image
details are in Table 1. Processing and analysis were done in ArcGIS PRO 2.8 to evaluate soil moisture for drought
analysis.

Table 1. Description of the collected satellite imagery.

Year Sensor Acquired date Shift Path/Row Spatial Cloud
resolution Cover

2014 Landsat 8 OLI April 22, 2014 138/043

2017 Landsat 8 OLI  April 01, 2017 Day 138/043 30m <1%

2021 Landsat 8 OLI April 25, 2021 138/043

3.2 Methodology

NDVI was derived from Landsat 8 using reflectance values of the near-infrared (Band 5) and red (Band 4) bands,
producing values from —1 to +1, where higher values indicate denser and healthier vegetation (Zhao & Qu, 2024).
Land Surface Temperature (LST) was estimated from Thermal Infrared Sensor (TIRS) Band 10 through a sequence
of conversions: digital number to spectral radiance, then to brightness temperature, and finally to surface
temperature corrected for land surface emissivity (LSE). Spectral radiance was calculated using band-specific
rescaling coefficients, brightness temperature was obtained with calibration constants, and LSE was derived from
an NDVI threshold-based approach to account for land cover variation. The proportion of vegetation was then used
to compute emissivity, and final LST values were estimated using the effective wavelength (10.89 pm) and
fundamental physical constants (Planck’s constant, speed of light, and Boltzmann’s constant). The LST and NDVI
raster files were exported from ArcGIS and processed in Python on full grids. NDVI was binned into 100 intervals
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(0.01 width), and LST values were extracted per bin. From the cumulative histograms, the 2nd percentile LST
marked the wet edge and the 98th percentile the dry edge. These edge pixels defined scatter-space boundaries.
Instead of linear, triangular/trapezoidal fits, bi-parabolic regression was applied to model curved boundaries,
yielding empirical equations. (Liu et al., 2021). The Soil Moisture Index (SMI) was calculated from modeled LST
values along dry and wet boundaries, normalizing surface temperature between maximum (dry) and minimum
(wet) limits for a given NDVI eq (1) & (2). SMI ranges from 0 (extreme dryness) to 1 (maximum wetness), enabling
classification into drought categories from extreme to no drought using Eqg. (3). This classification was used to
generate soil moisture maps, supporting agricultural drought monitoring and mitigation planning in the Rajshahi
region.

Tary(NDVD) = a; - NDVI2 + b, -NDVI+¢; (1)

Tyet(NDVI) = a, - NDVI2 + b, - NDVI+¢,  (2)

Tdry(NDVI)—LSTpixel

SMI = Tary (NDVD) =Tyt (NDVI)
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Figure 2. Methodological Flowchart
4 Result and Discussion

4.1 Scatter Plot of NDVI-Ts Space

Scatter plots of the LST-NDVI space for the years 2014, 2017 and 2021 were created using Python. The equations
for dry and wet edge fitting were defined using Python scripting. Figure 3 shows that the dry edge is parabolic,
and a downward parabola characteristic of the wet edge. This indicates that the LST-NDVI space is roughly bi-
parabolic. The coefficient of determination of most dry edges was high (R2 > 0.98), and the Rz of most wet edges
was above 0.82, indicating that the second-order polynomial could effectively describe the trend of dry and wet
edges.
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Year Warm edge Wet edge
LSTmax =-3.77x*- LSTmin =-27.08x* +
2014 30.12x +46.24 4.91x +30.97
(R?=0.99) (R?=0.84)
El LSTmax = 18.70x? - LSTmin =-27.24x +
E . 2017 44.23x +44.33 7.56x +27.68

(R?=0.99) (R?=0.83)

LSTmax = 6.30x?- LSTmin=-21.72x> +
2021 28.49x +42.23 7.33x +29.15
(R?=0.99) (R?=0.89)

Figure 3. Scatter-plot of LST-NDVI space for (a) 2014, (b) 2017, (c) 2021 and (d) Regression equations and R-
squared values (x denotes NDVI)

4.2 Temporal and Spatial Evolution of Drought

SMI values range from 0 to 1, with higher values indicating greater soil moisture. The drought assessment of
Rajshahi District for 2014, 2017, and 2021 clearly shows how drought has changed over time. In 2014, drought
was severe as 18.24% (434.47 sq. km) was under extreme drought and 21.21% (505.25 sq. km) was under severe
drought, which together was almost 40% of the total area. 26.64% (634.67 sg. km) was under moderate drought,
16.64% (396.48 sg. km) was under mild drought, and 17.27% (411.35 sg. km) was under moist or no drought. So
a large portion of the district was under serious drought stress that year. By 2017, the trend shifted towards less
severe categories: extreme drought reduced to 12.74% (303.56 sq. km), severe drought declined slightly to 20.45%
(487.19 sqg. km), moderate drought increased to 29.80% (709.79 sg. km) and became the largest category. Mild
drought also increased to 20.12% (479.25 sg. km), and moist/no drought remained almost the same at 16.89%
(402.44 sqg. km). In 2021, the trend continued, extreme drought further reduced to 10.73% (255.50 sqg. km), and
severe drought declined to 16.17% (385.29 sq. km). Moderate drought increased slightly to 30.71% (731.58 sq.
km), and mild drought increased sharply to 25.77% (614.02 sq. km), and moist/no drought remained the same at
16.62% (395.84 sq. km). So, the changes over the three years show that extreme drought has reduced, which means
some reduction in the most severe stress, but at the same time moderate and mild droughts have increased
significantly, so most of the district is under continuous water stress. Although fewer areas are under the most
critical drought levels, the increasing dominance of moderate and mild drought still puts pressure on agriculture,
water resources and livelihoods. The persistence of moist/no drought areas at around 16-17% also shows no
improvement in drought-free areas. So, the trend is not towards drought-free but towards re-distribution of drought,
where extreme drought is reducing but moderate and mild droughts are increasing, so long-term drought
management, water planning and drought resilient strategies are needed to sustain the environment and livelihoods
of the region.
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Figure 4. Soil Moisture map for (a) 2014, (b) 2017, (c) 2021
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2014 2017 2021
Condition Percentage (Ak‘rrﬁf) Percentage @:r??) Percentage ('I‘:;f?)
Extreme Drought 18.24 434.47 12.74 303.56 10.73 255.50
Severe Drought 21.21 505.25 20.45 487.19 16.17 385.29
Moderate 26.64 634.67 29.80 709.79 30.71 731.58
Mild Drought 16.64 396.48 20.12 479.25 25.77 614.02
Moist / No Drought 17.27 411.35 16.89 402.44 16.62 395.84
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5 Conclusion

This study demonstrated the Efficiency of the Soil Moisture Index (SMI) in assessing and monitoring
agricultural drought in Rajshahi District using multi-temporal Landsat 8 imagery. By combining NDVI and LST
within a GIS-based framework, the analysis shows and highlights a distinct change in drought severity between
2014, 2017, and 2021. While Extreme and severe drought conditions have gradually decreased, the moderate and
mild droughts have expanded, suggesting a redistribution of drought intensity rather than full recovery of soil
moisture. The proportion of moist or no drought areas remains constant, highlighting the ongoing vulnerability of
the region to water stress. These findings emphasize that although extreme drought intensity has lessened over
time, Rajshahi continues to face chronic agricultural drought risk. Incorporating remote sensing—based SMI into
drought early warning systems and resource management strategies can support sustainable agriculture, guide
adaptation measures, and strengthen resilience against future climate variability in drought-prone areas.
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