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Abstract 

Understanding how rainfall variability regulates land-surface thermal conditions is essential for climate-sensitive regions where 

water availability, vegetation dynamics, and heat stress interact. However, the temporal persistence and spatial heterogeneity of 

rainfall–surface temperature relationships remain insufficiently characterized in northwestern Bangladesh. This study integrates 

25 years (2001–2025) of multi-source Earth observation data, including Terra MODIS land-surface temperature (MOD11A2), 

MODIS vegetation index (MOD13A2), and CHIRPS precipitation, to quantify pre-monsoon hydrothermal coupling across 16 

districts of the Rajshahi and Rangpur divisions. A total of 275 quality-controlled 8-day March–May composites were analyzed 

using Mann–Kendall trend tests, Sen's slope estimation, fixed-effects distributed lag models, and a locally standardized 

compound dry-hot persistence indicator. Mean daytime land-surface temperature ranged from 27.93°C in Kurigram to 31.38°C 

in Chapai Nawabganj. No district exhibited a significant daytime land-surface temperature trend after false-discovery-rate 

correction, whereas NDVI increased significantly across all districts. The distributed-lag model showed that 10 mm of concurrent 

rainfall was associated with a 0.164°C lower daytime land-surface temperature (95% CI: −0.224 to −0.103°C), while rainfall 

during the preceding 8–16 days was associated with a weaker effect (−0.093°C per 10 mm). The 16–24-day rainfall effect was 

not significant. Rainfall sensitivity varied considerably among districts, ranging from −0.538°C per 10 mm in Rajshahi to 

−0.123°C per 10 mm in Lalmonirhat. These findings demonstrate that satellite-derived hydrothermal responses are spatially 

heterogeneous and highlight the value of multi-sensor Earth observation frameworks for identifying location-specific climate 

adaptation priorities. 
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1. Introduction 

Land surface temperature (LST) derived from satellite ob-

servations is a fundamental Earth observation variable for un-

derstanding surface energy exchange, evapotranspiration dy-

namics, and land–atmosphere interactions. Unlike near-sur-

face air temperature measured at meteorological stations, LST 

provides spatially continuous information that captures ther-

mal variability across heterogeneous landscapes, including 

croplands, urban areas, bare surfaces, and water bodies [1]. 

This capability has made satellite-based LST increasingly im-

portant for investigating regional-scale climate variability, 

ecosystem responses, drought impacts, and thermal stress pat-

terns, particularly in regions with limited ground observations 

[2, 3]. Rainfall is a major hydroclimatic factor that regulates 

surface thermal conditions. Precipitation influences LST 

through multiple interacting mechanisms, including the reduc-

tion of incoming solar radiation by cloud cover, increased soil 

moisture availability, enhanced evaporative cooling, and veg-

etation-mediated transpiration [4-6]. However, the magnitude 

and duration of rainfall-associated thermal responses are not 

spatially uniform because they depend on the background cli-

mate, soil characteristics, vegetation conditions, land-cover 

composition, irrigation practices, and surface-water availabil-

ity [7-9]. Therefore, understanding rainfall–LST interactions 

requires approaches that account for both temporal persistence 

and spatial heterogeneity rather than relying solely on sea-

sonal averages or long-term temperature trends. 

The northwestern region of Bangladesh is characterized by 

drought-prone and thermally stressed landscapes. The Barind 

Tract and adjacent alluvial plains depend on seasonal rainfall 

and irrigation. From March to May, high solar radiation occurs 

alongside an irregular transition to monsoonal moisture. Rain-

fall can alter the daytime LST through several linked pathways. 

Clouds reduce incoming shortwave radiation, wet soils in-

crease the energy used for evaporation, and vegetation can 

sustain evapotranspiration after a rain event [5, 6, 10]. At an 

8-day temporal resolution, the concurrent association encom-

passes cloud-radiative, wet-surface, and moisture-recycling 

pathways, whereas a subsequent composite association may 

reflect residual surface and root zone moisture [11]. Previous 

remote sensing studies have documented changes in land 

cover, urban heat islands, and rising surface temperatures in 

specific northwestern settlements [12]. Studies integrating sat-

ellite-derived LST, vegetation indices, and climate variables 

have improved our understanding of the thermal dynamics and 

feedback loops among precipitation, vegetation, and tempera-

ture [13]. Moderate Resolution Imaging Spectroradiometer 

(MODIS) LST products are particularly valuable because of 

their extensive temporal coverage [14], whereas MODIS veg-

etation indices provide insights into vegetation and energy 

regulation [15]. A given amount of rainfall may not produce 

the same thermal response. Local factors, such as soil charac-

teristics, water retention, vegetation density, urban cover, and 

river influences, can affect sensitivity. There are strong corre-

lations between vegetation abundance and LST because veg-

etation mediates heat fluxes [16]. Recent studies have linked 

heat, drought, vegetation stress, and groundwater pressure in 

the Barind Tract [8, 17-19]. However, many studies have fo-

cused more on spatial patterns and warming trends than on 

quantifying the response of surface temperature to rainfall var-

iability [20-22]. 

Regional trend evidence also cautions against treating the 

thermal landscape as a single, monotonic signal. MODIS anal-

yses have found spatially mixed warming and cooling across 

South Asia, with vegetation and irrigated agriculture among 

the proposed influences [23-25]. Studies in western Bangla-

desh have reported precipitation and surface water as thermal 

moderators [26-28], whereas a national analysis has identified 

important day–night and climate interactions [29]. Together, 

this literature suggests that trend direction alone provides an 

incomplete account of thermal risk. A process-oriented analy-

sis should combine a long-term spatial context with short-term 

hydroclimatic controls that produce hot or cool surface states 

[30]. This study, therefore, posed four questions: (1) How are 

March–May daytime LST, rainfall, and vegetation distributed 

across the 16 districts of the Rajshahi and Rangpur divisions? 

(2) Did the district-scale pre-monsoon LST, rainfall, or NDVI 

change monotonically from 2001 to 2025? (3) How strongly 

is daytime LST associated with concurrent and antecedent 

rainfall after controlling for district, seasonal position, year, 

and NDVI? (4) How much does the concurrent rainfall–LST 

association vary among districts? This study aims to develop 

a framework for analyzing pre-monsoon hydrothermal cou-

pling across districts by using long-term satellite observations 

and statistical modeling. The findings go beyond urban heat 

island assessments, enhancing our understanding of hydro-

thermal dynamics in climate-sensitive areas and supporting 

tailored land and water management strategies. 

2. Materials and Methods 

2.1. Study Area 

The study area comprises all 16 districts in the Rajshahi and 

Rangpur divisions of northwestern Bangladesh, covering ap-

proximately 34,472km2 (Figure 1). Rajshahi Division includes 

Bogura, Joypurhat, Naogaon, Natore, Chapai Nawabganj, 

Pabna, Rajshahi, and Sirajganj; Rangpur Division includes 

Dinajpur, Gaibandha, Kurigram, Lalmonirhat, Nilphamari, 

Panchagarh, Rangpur, and Thakurgaon. For reproducibility, 

the source administrative attributes retain the Food and Agri-

culture Organization Global Administrative Unit Layers 

(GAUL) spellings “Bogra” and “Nawabganj,” whereas the 

manuscript uses the current display names Bogura and Chapai 
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Nawabganj. The region spans the relatively dry western Ba-

rind landscape, intensively cultivated plains, and wetter north-

ern and eastern riverine districts of Bangladesh [31, 32]. 

March–May (MAM) was selected because it captures the sea-

son of the greatest pre-monsoon surface heating and the onset 

of convective rainfall. 

 
Figure 1. Location of the 16 study districts in the Rajshahi and Rangpur divisions of northwestern Bangladesh. District polygons follow FAO 

GAUL 2015 level-2 boundaries; current display names are used where they differ from source attributes. 
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2.2. Earth Observation and Climate Datasets 

A multi-source Earth observation framework was devel-

oped by integrating satellite-derived land-surface temperature, 

vegetation conditions, precipitation observations, and admin-

istrative boundaries. All datasets were processed using repro-

ducible JavaScript-based workflows within Google Earth En-

gine [33]. The analysis covered the period from 1 January 

2001 to 31 December 2025. The study period was selected be-

cause Terra MODIS provides consistent long-term LST obser-

vations beginning in 2000, and to exclude 2000 to avoid in-

complete annual coverage. Analysis was restricted to MODIS 

composites from March to May, yielding 275 potential 8-day 

observation periods over 25 years. The datasets used in this 

study are summarized in Table 1. 

Table 1. Datasets used in the analysis. 

Variable Dataset Resolution Bands/use Citation 

Land-surface temperature 
Terra MODIS MOD11A2 

v6.1 
1 km; 8 days 

LST_Day_1km, LST_Night_1km 

and QA 
[14] 

Vegetation 
Terra MODIS MOD13A2 

v6.1 
1 km; 16 days NDVI and SummaryQA [34] 

Rainfall CHIRPS Daily 0.05°; daily Precipitation totals [35] 

Administrative boundaries FAO GAUL 2015 level 2 District polygons 16 districts in two divisions [36] 

 

2.3. Quality Control and Temporal Alignment 

MOD11A2 daytime and nighttime LST values were con-

verted from the native scaled integer format to degrees Celsius 

using the product scale factor (0.02), followed by the subtrac-

tion of 273.15. Quality filtering was performed using MODIS 

quality assurance (QA) information. Pixels were retained only 

when mandatory quality indicators identified valid observa-

tions, data-quality conditions were acceptable, and the re-

ported LST error was ≤ 2 K. No additional emissivity correc-

tion was applied because MOD11A2 is an operational, vali-

dated LST product whose Collection 6 retrievals have been 

assessed against in situ measurements and shown to be relia-

ble for detecting temporal variability [14, 37-39]. MOD13A2 

normalized difference vegetation index (NDVI) values were 

converted using a product scale factor of 0.0001. Pixels with 

good or marginal Summary QA conditions were retained. 

These procedures ensured consistent, quality-controlled esti-

mates of surface temperature and vegetation conditions 

throughout the study period. 

To investigate the effects of rainfall timing, each MODIS 8-

day LST composite was temporally aligned with three non-

overlapping Climate Hazards Group Infrared Precipitation 

with Stations (CHIRPS) rainfall periods [40]: 

1) Concurrent rainfall (0–8 days): precipitation accumu-

lated during the same composite period. 

2) Lag-1 rainfall (8–16 days): precipitation accumulated 

during the immediately preceding 8-day period. 

3) Lag-2 rainfall (16–24 days): precipitation accumulated 

during the preceding 16–24-day period. 

A cumulative 24-day rainfall variable was also generated 

for climatological analysis. NDVI values were represented by 

the mean observations within ±8 days of each LST acquisition 

date to match the thermal observation period. Each aligned 

observation was aggregated from pixels to district-level aver-

ages, producing a potential dataset of 4,400 district–date ob-

servations (275 composites × 16 districts). For daytime LST 

modelling, observations were retained if at least 50% of dis-

trict pixels had valid MODIS observations. Additional sensi-

tivity analyses were conducted using 40% and 60% valid-

pixel thresholds to evaluate the influence of spatial data avail-

ability. 

2.4. Spatial Analysis, Trend Assessment, and 

Compound Dry-Hot Persistence 

Five-year MAM climatologies (2001–2005, 2006–2010, 

2011–2015, 2016–2020, and 2021–2025) were mapped using 

consistent visualization scales to allow for comparison among 

periods. Early-to-recent changes were calculated as the differ-

ence between the 2021–2025 and 2001–2005 means. Long-

term pixel-level LST trends were estimated using Sen's slope 

estimator [41], given in Equation (1). 

𝛽̂  =  median (
𝑥𝑗−𝑥𝑖

𝑡𝑗−𝑡𝑖
) , 1 ≤  𝑖 <  𝑗 ≤  𝑛     (1) 

That is, the slope estimate β̂ is the median of all pairwise 

slopes (x_j − x_i)/(t_j − t_i), where x_i and x_j are the values 

of the variable in years t_i and t_j respectively, taken over 

every pair 1 ≤ i < j ≤ n, and n is the number of years in the 
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record. 

At the district level, the annual mean values of LST, NDVI, 

and rainfall for March–May were evaluated using the Mann–

Kendall non-parametric trend test [42]. Sen's median slope 

was used to estimate the magnitude of the trend. Because mul-

tiple districts and variables were tested simultaneously, the 

Benjamini–Hochberg false discovery rate (FDR) correction 

was applied separately to each trend family [43]. Statistical 

significance was defined as FDR-adjusted  p < 0.05. 

Compound dry-hot persistence was defined at each pixel as 

the percentage of valid 8-day MAM composites in which day-

time LST exceeded the local 90th percentile and concurrent 

rainfall was below the local 20th percentile. We define these 

thresholds for this study; they are not taken from a published 

index. This indicator measures unusual co-occurrence and 

persistence relative to each pixel's own history rather than ab-

solute heat or drought severity. Because the percentiles are lo-

cal, a pixel's persistence value is expressed relative to its own 

climatological distribution and is therefore comparable across 

the regional gradient as a measure of relative anomaly, but it 

is not comparable between pixels as a measure of absolute 

heat severity. Because the metric uses satellite LST and an 8-

day rainfall total, it must not be interpreted as a meteorological 

heatwave or a direct measure of human heat exposure. This 

percentile-based definition follows the logic of compound 

event analysis while adapting it to local surface climatology 

[44, 45]. 

2.5. Distributed-Lag Modeling and  

District-Level Sensitivity Analysis 

The primary inferential model regressed district-mean day-

time LST on concurrent rainfall, two antecedent rainfall win-

dows, and NDVI. The rainfall coefficients were expressed per 

10 mm and NDVI per 0.1 unit. Fixed effects for the district 

absorbed time-invariant spatial differences; day-of-year fixed 

effects controlled the repeating pre-monsoon seasonal cycle; 

and year fixed effects absorbed region-wide interannual 

shocks. Because observations shared both district and compo-

site dates, uncertainty was estimated using two-way cluster-

robust covariance for district and observation date. Small-

cluster t-inference was applied to the 16 district clusters. Ad-

ditional robustness analyses include district-clustered covari-

ance and Driscoll–Kraay covariance estimators with lag-2 cor-

rection. The model estimates were interpreted as conditional 

associations rather than as causal effects. Although fixed ef-

fects and robustness tests reduce several sources of bias, the 

observational design cannot fully isolate rainfall-driven ther-

mal responses from unmeasured processes, such as irrigation, 

soil moisture variation, cloud conditions, and land cover 

changes [46-48]. 

To examine spatial heterogeneity, we estimated separate 

district-level models for concurrent rainfall sensitivity. These 

models controlled for rainfall lags, NDVI, seasonal position, 

and yearly effects. Heteroskedasticity-and-autocorrelation-

consistent (HAC) standard errors with two 8-day lags were 

applied, and district-level significance values were adjusted 

using the FDR procedure. Nighttime LST and day–night tem-

perature range models were evaluated only as exploratory 

analyses because nighttime clear-sky MODIS coverage was 

insufficient for reliable district-scale inference [49, 50]. 

3. Results 

3.1. Data Coverage and the Regional  

Thermal–Hydroclimatic Gradient 

The multi-source Earth observation framework generated 

4,400 potential district–composite observations from 275 

March–May MODIS LST periods across 16 districts during 

2001–2025. The availability and quality of daytime and 

nighttime MODIS observations after quality filtering are sum-

marized in Table S1. Daytime observations showed consist-

ently high spatial coverage, with a mean valid-pixel coverage 

of 92.43% across all district–date combinations. After apply-

ing the primary 50% valid-pixel threshold, 4,130 observations 

(93.86%) were retained for daytime statistical modelling. The 

retained observations were comparable across alternative 

thresholds, with 4,187 at the 40% threshold and 4,068 at the 

60% threshold. In contrast, nighttime MODIS observations 

showed substantially lower availability. Mean nighttime 

valid-pixel coverage was only 9.89%, and only 93 observa-

tions (2.11%) met the 50% threshold requirement. Therefore, 

all primary analyses were conducted using daytime LST, 

while nighttime results were evaluated only as exploratory 

sensitivity analyses. The long-term March–May hydrothermal 

characteristics across the study region are presented in Table 

2 and Figure 2. 

District-level daytime LST showed a clear spatial gradient, 

with mean values ranging from 27.93°C in Kurigram to 

31.38°C in Chapai Nawabganj. The warmest conditions oc-

curred mainly in southwestern districts, including Chapai Na-

wabganj (31.38°C), Pabna (31.24°C), and Rajshahi (31.12°C), 

whereas northern districts such as Kurigram (27.93°C), Nil-

phamari (27.94°C), and Rangpur (28.14°C) exhibited compar-

atively lower surface temperatures. This thermal pattern cor-

responded with spatial differences in rainfall and vegetation 

conditions. Mean concurrent 8-day rainfall was highest in Ku-

rigram (54.51 mm) and lowest in Chapai Nawabganj (19.10 

mm) and Rajshahi (19.68 mm). The correspondence between 

rainfall and vegetation condition was broad but not monotonic. 

NDVI was generally higher in the wetter northern districts and 

lower in the comparatively drier western districts, but two 

northern districts departed from this pattern: Kurigram com-

bined the highest mean concurrent rainfall in the study region 

(54.51 mm) with the lowest district-mean NDVI (0.475), and 

Gaibandha likewise paired high rainfall (41.80 mm) with a 

comparatively low NDVI (0.532) (Table 2; Figure 2). District-

mean NDVI therefore reflects surface composition as well as 
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water availability, and should not be read as a direct index of 

moisture supply. The resulting spatial pattern indicates a dis-

tinct dry-hot southwestern zone and a cooler, wetter northern 

and northeastern zone across northwestern Bangladesh. 

 
Figure 2. Long-term March–May hydroclimatic context, 2001–2025. (a) Mean daytime land-surface temperature; (b) mean nighttime land-

surface temperature; (c) mean normalized difference vegetation index; (d) mean March–May rainfall total. Common district boundaries permit 

direct comparison of the dry-hot southwest with wetter and generally cooler northern and eastern districts. Panel (d) shows seasonal March–

May totals and is therefore on a different scale from the 8-day and 24-day rainfall windows reported in Table 2. Data: MODIS MOD11A2 LST, 

MODIS MOD13A2 NDVI and CHIRPS Daily rainfall. 

 

 

http://www.sciencepg.com/journal/ajrs


American Journal of Remote Sensing http://www.sciencepg.com/journal/ajrs 

 

124 

Table 2. District-level March–May climatology (2001–2025). Nighttime statistics are excluded from the main table because of sparse valid 

coverage. 

Division District Day LST (°C) NDVI Rain 0–8 d (mm) Rain 0–24 d (mm) 

Rajshahi Bogura 28.67 0.555 30.62 72.67 

Rajshahi Joypurhat 28.46 0.598 30.95 74.01 

Rajshahi Naogaon 29.64 0.544 22.46 54.43 

Rajshahi Natore 30.97 0.524 27.21 65.68 

Rajshahi Chapai Nawabganj 31.38 0.481 19.10 45.44 

Rajshahi Pabna 31.24 0.483 28.90 70.69 

Rajshahi Rajshahi 31.12 0.488 19.68 47.57 

Rajshahi Sirajganj 29.10 0.505 33.40 80.71 

Rangpur Dinajpur 28.29 0.585 30.69 71.99 

Rangpur Gaibandha 28.40 0.532 41.80 99.53 

Rangpur Kurigram 27.93 0.475 54.51 130.85 

Rangpur Lalmonirhat 28.25 0.578 46.88 110.99 

Rangpur Nilphamari 27.94 0.591 38.07 88.66 

Rangpur Panchagarh 29.35 0.560 36.33 85.36 

Rangpur Rangpur 28.14 0.582 40.18 95.94 

Rangpur Thakurgaon 29.21 0.562 31.25 72.61 

 

3.2. Multi-Temporal Evolution of Daytime LST, 

Rainfall, and Vegetation 

The five-year climatological evolution of daytime LST dur-

ing 2001–2025 is illustrated in Figure 3. The results show sub-

stantial inter-period variability superimposed on a persistent 

spatial thermal gradient. The regional mean daytime LST in-

creased from 29.28°C during 2001–2005 to 29.84°C during 

2006–2010, declined to 28.89°C during 2016–2020, and 

reached 29.37°C during 2021–2025. The difference between 

the earliest and latest periods was therefore relatively small, 

with a regional mean change of +0.09°C. Pixel-level Sen slope 

analysis revealed spatially heterogeneous thermal trends ra-

ther than a consistent regional warming pattern (Figure 3). The 

median pixel-level daytime LST slope was −0.009°C year⁻1, 

with the 5th–95th percentile ranging from −0.104 to +0.059°C 

year⁻1. Both increasing and decreasing thermal tendencies 

were distributed across the study region. 

District-scale Mann–Kendall trend results for daytime LST, 

NDVI, and rainfall are provided in Table S3. After FDR cor-

rection, none of the 16 districts exhibited a significant daytime 

LST trend. Chapai Nawabganj showed the strongest apparent 

cooling tendency (Sen slope = −0.066°C year⁻1; unadjusted p 

= 0.006), although this relationship was not significant after 

multiple-testing correction (FDR-adjusted p = 0.101). Simi-

larly, no district showed a significant March–May rainfall 

trend after FDR adjustment (Table S3). In contrast, NDVI ex-

hibited significant positive trends across all districts, with Sen 

slopes ranging from +0.0032 year⁻1 in Gaibandha to +0.0095 

year⁻1 in Panchagarh. These results indicate widespread vege-

tation greening during the study period, while daytime LST 

trends remained spatially variable and statistically nonsignifi-

cant at the district scale. 
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Figure 3. Five-year March–May daytime land-surface temperature climatologies and early-to-recent change. Change is the 2021–2025 mean 

minus the 2001–2005 mean. All panels are clipped to the exact study boundary. 

3.3. Temporal Characteristics of  

Rainfall–Surface Temperature Coupling 

The fixed-effects distributed-lag model results are summa-

rized in Table 3, while the temporal rainfall response patterns 

and district-level sensitivity estimates are illustrated in Figure 

4. The pooled fixed-effects model explained 53.7% of the var-

iance in daytime LST (adjusted R2 = 0.531; n = 4,130). Each 

additional 10 mm of concurrent rainfall was associated with 

0.164°C lower daytime LST (two-way-clustered 95% CI: 

−0.224 to −0.103; p < 0.001). Rainfall during the preceding 

8–16 days retained a smaller association of −0.093°C per 10 

mm (95% CI: −0.157 to −0.028; p = 0.008). The 16–24-day 

lag was close to zero and nonsignificant (−0.007°C; 95% CI: 

−0.073 to +0.058; p = 0.816). The sequence indicates a strong 

same-composite association, a residual association in the next 

8-day period, and little detectable association thereafter. 

Vegetation remained independently associated with cooler 

surfaces after rainfall and the inclusion of fixed effects. A 0.1 

increase in NDVI was associated with 0.786°C lower daytime 

LST (95% CI: −1.108 to −0.465; p < 0.001). This magnitude 

should be interpreted as an adjusted association, not as the 

temperature effect of an intervention, because NDVI may also 

capture irrigation, crop calendar, soil moisture, and unmeas-

ured land-cover differences. The concurrent and lag-1 esti-

mates were nearly unchanged at the 40%, 50%, and 60% 

valid-pixel thresholds (concurrent: −0.161 to −0.165°C per 10 

mm; lag 1: −0.092 to −0.095°C per 10 mm) and remained sig-

nificant under district-clustered and Driscoll–Kraay inference 

(Table S4). 

Table 3. Distributed-lag fixed-effects model for daytime LST. Coefficients were adjusted for district, day of year, and year; confidence intervals 

use two-way clustering by district and composite date with small-cluster t inference (n = 4,130; R2 = 0.537; adjusted R2 = 0.531). 

Predictor Estimate (°C) 95% CI p value 

Rainfall, concurrent (0–8 d), per 10 mm −0.164 −0.224, −0.103 <0.001 
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Predictor Estimate (°C) 95% CI p value 

Rainfall, lag 1 (8–16 d), per 10 mm −0.093 −0.157, −0.028 0.008 

Rainfall, lag 2 (16–24 d), per 10 mm −0.007 −0.073, +0.058 0.816 

NDVI, per 0.1 −0.786 −1.108, −0.465 <0.001 

 
Figure 4. Rainfall-linked daytime surface cooling. (a) Pooled distributed-lag coefficients with two-way-clustered 95% confidence intervals. 

(b) District-specific concurrent rainfall sensitivity after adjustment for both rainfall lags, NDVI, seasonal position, and year. Darker blue 

indicates a larger negative LST association per 10 mm rainfall. District, day-of-year and year fixed effects; 95% confidence intervals clustered 

by district and composite date (n = 4,130). 

3.4. Spatial Heterogeneity of Rainfall Sensitivity 

and Compound Dry-Hot Persistence 

District-specific rainfall sensitivity estimates are presented 

in Table S2 and mapped in Figure 4. Concurrent cooling sen-

sitivity was negative across all districts and remained signifi-

cant after FDR correction. Using two-lag heteroskedasticity-

and-autocorrelation-consistent intervals, the strongest rain-

fall-associated temperature responses occurred in Rajshahi 

and Chapai Nawabganj. In Rajshahi, a 10 mm increase in con-

current rainfall was associated with a 0.538°C decrease in day-

time LST (95% CI: −0.692 to −0.384), while Chapai Na-

wabganj showed a similar response of 0.537°C decrease per 

10 mm rainfall (95% CI: −0.710 to −0.363). In contrast, Lalm-

onirhat showed the weakest response, with a 0.123°C decrease 

per 10 mm rainfall (95% CI: −0.185 to −0.060). The difference 

between the strongest and weakest district responses was ap-

proximately 4.4-fold (Table S2; Figure 4). 

Across the study region, compound dry-hot conditions oc-

curred in an average of 1.75% of valid March–May compo-

sites. The 95th percentile of persistence was 5.04%, with lo-

calized maximum values reaching 7.75%. The spatial pattern 

of compound dry-hot persistence did not match rainfall sensi-

tivity. Areas with frequent dry-hot surface conditions and ar-

eas with stronger rainfall-associated temperature responses 

represented different aspects of hydrothermal vulnerability. 

Therefore, these indicators provide complementary infor-

mation rather than a single measure of climate risk (Figure 5). 
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Figure 5. Pixel-wise March–May Sen slopes and compound dry-hot persistence, 2001–2025. (a) Daytime LST Sen slope; (b) nighttime LST 

Sen slope; (c) compound dry-hot frequency. Persistence is the percentage of valid 8-day composites with local daytime LST above the 90th 

percentile and concurrent rainfall below the 20th percentile; it is a land-surface condition, not a meteorological heatwave definition. Nighttime 

interpretation in panel (b) is limited by sparse clear-sky coverage. 

3.5. Nighttime Observations: Coverage Limits 

and Exploratory Results 

Exploratory nighttime analyses were conducted to evaluate 

whether similar rainfall–temperature relationships could be 

detected under nighttime MODIS observations. The limita-

tions of nighttime data coverage are shown in Table S1 and 

Figure S2. Due to sparse clear-sky nighttime observations, 

only 93 district–date observations satisfied the primary 50% 

coverage threshold (Table S1). The nighttime distributed lag 

model did not identify significant associations among rainfall, 

NDVI, and nighttime LST. Similarly, the day–night tempera-

ture range model retained only 80 observations and produced 

unstable uncertainty estimates. Therefore, these analyses were 

not used for regional inference. The absence of significant 

nighttime relationships should not be interpreted as evidence 

that rainfall and vegetation have no nocturnal thermal influ-

ence. Rather, the results demonstrate the limitation of clear-

sky thermal infrared observations for nighttime regional-scale 

analysis (Table S1; Figure S2). Nighttime climatologies and 

trends are nevertheless shown alongside their daytime coun-

terparts in Figures 2 and 5 so that the scale of the coverage 

limitation is visible to the reader rather than stated only in the 

text. Those panels describe data availability and are not used 

to support any inference in this paper. 

4. Discussion 

4.1. A Hydrothermal Landscape, not a Single 

Warming Surface 

The results demonstrate that pre-monsoon thermal condi-

tions across northwestern Bangladesh are shaped by the com-

bined influences of rainfall availability, vegetation dynamics, 

and landscape characteristics rather than a single regional 

warming trajectory. The persistent thermal gradient, with 

warmer surfaces in the drier southwestern districts and cooler 

conditions in the wetter northern areas, reflects differences in 

surface energy partitioning. Districts such as Chapai Na-

wabganj, Pabna, and Rajshahi exhibited higher daytime LST 

with lower rainfall and NDVI, whereas northern districts such 

as Kurigram and Nilphamari showed comparatively cooler 

surface temperatures under wetter, more vegetated conditions. 

The absence of a significant district-scale daytime LST trend 

after FDR correction does not imply the absence of climate-

related thermal changes. Instead, it highlights the importance 

of interpreting satellite-derived LST within its spatial and tem-

poral contexts. Unlike air temperature, LST represents the ra-

diometric temperature of the land surface at the time of satel-

lite observation and is strongly influenced by vegetation cover, 

soil moisture, irrigation, land cover composition, and surface 

properties [1, 51]. Therefore, seasonal and landscape-scale 

LST trends may differ from broader atmospheric warming sig-

nals. 

Previous remote sensing studies in Bangladesh have docu-

mented warming patterns associated with urban expansion, 

land cover transformation, and selected locations [52-54]. 

However, these localized signals may not reflect the broader 

regional landscape, in which croplands, river corridors, vege-

tation, and water bodies modify thermal responses. Consistent 

with South Asian evidence showing contrasting daytime and 

nighttime thermal trends across different landscapes [25], and 

recent findings that precipitation and surface water regulate 

LST variability in western Bangladesh [52, 55, 56], this study 

demonstrates that thermal change assessment requires consid-

eration of hydroclimatic and landscape control. A city may ex-

perience thermal intensification while its surrounding district 
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remains moderated by vegetation, moisture availability, and 

surface characteristics [57]. 

4.2. Rainfall–LST Coupling Is Concentrated in 

the Concurrent and Next Composite 

The distributed-lag sequence provides the main process-

level contribution to this study. The concurrent coefficient was 

the largest, the 8–16-day coefficient remained substantial, and 

the 16–24-day coefficient disappeared. This ordering is phys-

ically plausible because cloud cover and rainfall reduce the 

available surface energy during the composite, whereas evap-

oration from wet soil and transpiration can continue after rain. 

Increased soil moisture after rainfall can enhance latent heat 

flux and evaporative cooling, while soil moisture persistence 

can maintain delayed land–atmosphere responses beyond the 

precipitation event [58, 59]. As moisture is depleted, the mar-

ginal association decays. A previous study similarly empha-

sized that precipitation–surface temperature relationships con-

tain a meaningful lag structure rather than a single contempo-

raneous correlation [13]. However, because the temporal unit 

is an 8-day composite, the analysis resolves short-lived cou-

pling, not an instantaneous post-event temperature response. 

The coefficients must be interpreted as conditional associa-

tions. Rainfall timing, cloudiness, and LST retrieval are linked 

because thermal-infrared observations require sufficiently 

clear conditions; the same-composite coefficient can therefore 

include cloud-radiative effects, clear-sky selection, wet-sur-

face and evapotranspirative pathways [50, 60]. District, sea-

sonal position, and year fixed effects reduce several confound-

ing pathways, two-way clustering addresses common-date de-

pendence, and the persistence of the lag-1 association after 

controlling for concurrent rainfall and NDVI is consistent with 

a residual hydrothermal response [58, 61]. However, this is 

not proof of the mechanism. The analysis does not directly ob-

serve soil moisture, irrigation withdrawals, crop type, or cloud 

optical properties, and causal attribution would require addi-

tional measurements or a quasi-experimental design. 

4.3. Vegetation Greening May Buffer Daytime 

Heating 

All districts showed significant positive NDVI trends, and 

NDVI was strongly and negatively associated with daytime 

LST in the multivariate model. Vegetation can cool the surface 

through shading and latent heat exchange, whereas irrigated 

crops can maintain transpiration during dry periods. This find-

ing is consistent with the established inverse LST–vegetation 

relationship [16] and with broader MODIS evidence that nat-

ural vegetation and irrigated agriculture contribute to regional 

cooling [25]. The NDVI trend may partly explain why a uni-

form daytime warming signal did not emerge at the district 

scale despite intensifying heat concerns. Greening should not 

be automatically equated with ecological restoration. In north-

western Bangladesh, this may reflect crop intensification, irri-

gation, changes in seasonal planting, tree cover, or improved 

canopy conditions. Some forms of irrigated greening can cool 

the surface while increasing groundwater demand, which is a 

serious concern in the Barind region. Therefore, thermal ad-

aptation should evaluate both cooling benefits and water costs. 

4.4. Why District Sensitivity Matters for 

Adaptation 

A more-than-fourfold sensitivity range is policy-relevant. 

In Rajshahi and Chapai Nawabganj, an increase in rainfall was 

associated with a much larger reduction in surface temperature 

than in Lalmonirhat and Kurigram. One plausible explanation 

is the diminishing marginal response: wetter northern districts 

already have greater background moisture, whereas dry west-

ern surfaces can shift sharply from sensible to latent heat flux 

when water becomes available [62]. Soil texture, vegetation 

structure, irrigation, and land cover may also contribute [63]. 

These mechanisms require direct testing, but the mapped het-

erogeneity already shows why a single northwest-wide coef-

ficient is insufficient. The sensitivity and persistence maps can 

be used to screen districts for follow-up assessments of water 

retention, vegetation, and recurrent dry-hot surface conditions. 

Candidate measures include the protection of ponds, canals, 

and floodplain storage; improved soil moisture retention; 

shaded and vegetated corridors within settlements; and irriga-

tion scheduling to reduce evaporative losses. The observa-

tional coefficients do not estimate the effect of any interven-

tion; therefore, these options require local hydrological, agro-

nomic, and equity assessments before implementation. In 

groundwater-stressed areas of the Barind Tract, water-inten-

sive cooling strategies could transfer thermal risk into water-

security risk. 

4.5. Limitations and Future Research 

First, MOD11A2 describes clear-sky land-surface skin tem-

perature at the Terra overpass time, not daily maximum air 

temperature or human heat exposure. Second, MODIS 1-km 

pixels mix land-cover types and cannot resolve neighborhood-

scale thermal features. Third, CHIRPS has a coarser native 

grid than MODIS and may smooth convective rainfall. Fourth, 

the district models do not include soil moisture, irrigation, 

groundwater depth, crop type, albedo or elevation. Fifth, ther-

mal-infrared cloud screening creates nonrandom missingness, 

especially at night, and can also affect the interpretation of 

same-composite rainfall. Sixth, inference relies on only 16 

district clusters; two-way clustering and sensitivity analyses 

strengthen but do not eliminate small-cluster concerns. Dis-

trict-specific coefficients should be interpreted as comparative 

estimates rather than immutable physical constants. 

Future work should integrate soil-moisture products, irriga-

tion calendars, land-cover fractions and groundwater observa-

tions; compare Terra with Aqua and geostationary temperature 
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data; and validate satellite LST against station air temperature 

and field surface measurements. A multilevel model could es-

timate district variation with partial pooling, while event-

based analysis could test whether cooling differs by rainfall 

intensity, antecedent dryness or crop stage. The nighttime 

question requires an all-weather or gap-filled temperature 

product rather than reliance on the sparse clear-sky district 

panel used here. 

5. Conclusions 

Across 16 districts and 25 pre-monsoon seasons, northwest-

ern Bangladesh did not behave as one uniformly warming land 

surface. Its daytime thermal geography was characterized by 

a persistent dry-hot southwest, a cooler and wetter north and 

east, widespread NDVI greening, and spatially mixed local 

LST tendencies. The strongest statistical result was temporal: 

rainfall was associated with lower daytime LST in the same 8-

day composite, a weaker residual association during the fol-

lowing composite, and no detectable association at 16–24 

days. Vegetation was independently associated with lower 

daytime LST, and the rainfall estimates survived stricter two-

way-clustered and threshold-sensitivity analyses. 

The association was also geographically unequal. Rajshahi 

and Chapai Nawabganj showed sensitivities more than four 

times that of Lalmonirhat. This heterogeneity, together with 

localized compound dry-hot persistence, supports district-spe-

cific screening for land and water planning. Water-storage 

protection, vegetation maintenance, and soil-moisture reten-

tion are testable adaptation candidates, not effects established 

by this observational study, and they must be evaluated against 

groundwater constraints. Code-based integration of MODIS 

and CHIRPS can therefore move LST research beyond de-

scriptive change maps toward a temporally explicit hydrocli-

mate analysis while preserving the distinction between asso-

ciation, mechanism, and intervention. 
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