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Abstract 
Understanding soil moisture dynamics at different depths is essential for irri-
gation management. This study evaluated the relationship between two satel-
lite-derived moisture indices—the Normalized Difference Moisture Index 
(NDMI) and the Moisture Stress Index (MSI) and in-situ soil moisture meas-
urements across the Alabama Black Belt region during the growing season. 
Soil moisture readings at depths of 15, 20, 25, and 30 cm were collected at five 
sensor locations between August 2023 and October 2025. Landsat 8/9 and Sen-
tinel-2 imagery were processed to generate the moisture indices, which were 
then correlated with the sensor measurements. The results showed that, alt-
hough both satellite data types had similar predictive performance for soil 
moisture at all depths, there were weak linear correlations at 15 - 20 cm that 
substantially increased at 25 - 30 cm. Landsat 8/9 soil moisture estimates were 
most accurate at 30 cm for both NDMI and MSI indices, whereas Sentinel-2 
estimates were optimal at depths of between 25 and 30 cm. Both indices pro-
duced optimal correlations in the range of r ≈ 0.60 - 0.64. These results demon-
strate that satellite-based moisture indices exhibit statistically significant rela-
tionships with subsurface soil moisture conditions, particularly at depths greater 
than 25 cm, necessary for agricultural water management. 
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1. Introduction 

Soil moisture is a fundamental regulator of plant growth, nutrient uptake, canopy 
temperature, and overall crop productivity. It influences evapotranspiration pro-
cesses and soil-plant-atmosphere interactions. Accurate soil moisture information 
is essential for agricultural water management and optimizing crop yield [1]-[3]. 
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An understanding of soil moisture dynamics allows farmers to reduce irrigation 
waste, limit the risk of drought and excess water, and improve decision-making at 
the field and farm scale [4] [5]. However, the lack of reliable, detailed soil moisture 
data has limited farmers’ capacity to make real-time, data-driven decisions on ir-
rigation and water-use management [6]-[9]. 

Although conventional in-situ soil moisture sensors provide accurate point meas-
urements, they are costly to deploy at a large scale, difficult to maintain, and im-
practical for large agricultural fields [10]-[13]. These constraints have encouraged 
the development of alternative approaches, including machine learning-based pre-
dictive models to improve soil moisture [14]-[17]. However, these models often re-
quire dense, high-quality training data, making them difficult to generalize across 
diverse soil types or management systems [11] [18].  

Remote sensing has emerged as a powerful tool for estimating soil biophysical 
properties, including soil moisture. It provides vast information on the spatial and 
temporal properties of soils [11] [15] [19] [20]. The National Aeronautics and 
Space Administration (NASA)’s Soil Moisture Active Passive (SMAP) mission 
provides reliable global observations of surface soil moisture; however, several 
limitations reduce its suitability for field-scale agricultural applications [21] [22]. 
SMAP’s spatial resolution (∼9 - 36 km) is too coarse to capture farm-level varia-
bilities or to support pixel-level comparison with point-based field soil sensors 
[23]. The SMAP data product also directly captures moisture dynamics at the up-
per 5 cm of the soil profile. SMAP, however, provides additional “root-zone” soil 
moisture products generated through land-surface model assimilation rather than 
direct measurements. This limits the suitability for validating subsurface moisture 
at specific depths [11]. Some of these constraints highlight the value of multispec-
tral systems such as Landsat 8/9 and Sentinel-2, which provide freely accessible 
imagery with 10 - 30 m spatial resolution and spectral bands sensitive to vegeta-
tion water content [24]-[26]. Numerous studies have explored a range of spectral 
indices for drought monitoring and moisture assessment. The use of these indices, 
such as Land Surface Temperature (LST), Normalized Difference Vegetative In-
dex (NDVI), Normalized Temperature Drought Index (NTDI), Normalized Dif-
ference Water Index (NDWI), Normalized Soil Moisture Index (NSMI), Modified 
Perpendicular Drought Index (MPDI) has shown the effectiveness of satellite data 
to analyze soil and vegetation moisture conditions [27]-[31]. 

Comprehensive reviews further indicate that vegetation indices derived from 
multispectral imagery are often incorporated into statistical and machine-learn-
ing frameworks for soil moisture estimation. However, most prior studies focus 
on surface soil moisture products or aggregated root-zone estimates [32]. This high-
lights the need for depth-specific assessment of vegetative moisture signals within 
field-scale agricultural systems. Among these commonly applied indices, the Nor-
malized Difference Moisture Index (NDMI) and Moisture Stress Index (MSI) are 
particularly relevant because they rely on direct NIR-SWIR relationships that are 
physically sensitive to plant and canopy water content [33] [34]. NDMI reflects 
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vegetation water abundance, while MSI increases with moisture deficit and can-
opy stress. Since vegetation moisture integrates short-term rainfall, soil hydraulic 
conditions, and plant uptake, canopy-based indices may reflect soil moisture dy-
namics at different depths. 

Despite these advancements, significant limitations remain in estimating soil 
moisture at root-zone depths using remote sensing [35] [36]. The reliability of 
satellite-based soil moisture products can be reduced by vegetation types, atmos-
pheric effects, and variability in soil texture and structure, particularly in hetero-
geneous agricultural systems [37]-[39]. Most existing studies evaluate remote sens-
ing indices against surface soil moisture or at single-depth measurements, leaving 
a limited understanding of how index-moisture relationships vary across root-
zone depths. Yet this depth-specific evaluation is critical for irrigation scheduling, 
since crop water uptake is concentrated within root zone layers [40]. To optimize 
irrigation, understanding depth-resolved soil moisture dynamics is essential. Ac-
cordingly, there is a need to evaluate how satellite data-based moisture indices 
relate to soil moisture at multiple depths, especially during the active growing sea-
son. This study addresses that gap by assessing the statistical relationships be-
tween Landsat- and Sentinel-derived moisture indices and in-situ soil moisture 
measurements at four depths (15, 20, 25, and 30 cm) across agricultural sites in 
the Alabama Black Belt Region of the Southeastern United States. Specifically, the 
research objectives are to: 1) develop moisture indices (NDMI and MSI) from 
Landsat 8/9 and Sentinel-2 imagery and quantify their relationships with multi-
depth in-situ moisture measurements across the study locations; 2) identify the 
soil depth(s) at which satellite indices exhibit the strongest correlation with ground 
truth in-situ soil moisture measurements, thereby identifying the optimal depth 
range for satellite-based soil moisture estimation. In selecting NDMI and MSI, 
this study prioritizes indices that incorporate NIR-SWIR band combinations sen-
sitive to vegetation water absorption features. These indices rely on spectral bands 
that are consistently available across Landsat 8/9 and Sentinel-2 platforms. The 
research enhances knowledge of soil moisture modeling and estimation, which is 
critical for supporting irrigation planning and water use efficiency across farming 
systems. 

2. Materials and Methods 
2.1. Study Area 

This research was conducted across five research farms located in Macon, Dallas, 
and Perry Counties within the Alabama Black Belt Region (ABBR) (Figure 1). The 
ABBR is a diverse region with rich agricultural land within the state of Alabama. 
The region forms part of the historical Black Belt Region of the southeastern 
United States [41] [42]. 

The geographic region for ABBR encompasses 18 counties in central Alabama, 
including Sumter, Greene, Hale, Marengo, Choctaw, Perry, Dallas, Wilcox, Lowndes, 
Butler, Crenshaw, Montgomery, Pike, Bullock, Macon, Barbour, Pickens, and Rus-
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sell. A significant geological feature of the ABBR is the Selma Chalk (Rotten lime-
stone), a specific formation within the Selma Group [43] [44]. The Selma Chalk, 
composed primarily of marl and chalk, was deposited during the Late Cretaceous 
period and is particularly prominent in the ABBR [45] [46]. It serves as a founda-
tion for the region’s calcareous, sediment-rich, fertile, dark soils, which support 
the cultivation of row and specialty crops such as cotton, wheat, corn, and vege-
tables, especially with irrigation, where feasible [42]. While most of the soils in the 
State of Alabama belong to the Ultisols soil order group, diverse soil textures are 
found in the research counties, including loams, sandy loams, silt loams, and 
sandy clay loams [46]. These counties have diverse soil characteristics and are of 
agricultural significance to the ABBR [34]. 

 

 
Figure 1. Study area showing ABBR counties and in-situ sensor data logger research farm 
locations. 
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2.2. Soil Sensor Deployment 

In July of 2023, twenty TEROS 12 soil sensors and five ZL6 cellular data loggers, 
accessible via the ZENTRA cloud, were installed in 5 specialty crop farmers’ fields 
in Dallas, Perry, and Macon counties within the ABBR (Table 1). Each data logger 
was wired to four soil sensors, each measuring soil volumetric water content (VWC), 
temperature, and bulk electrical conductivity (EC) at varying depths of 15 cm, 20 
cm, 25 cm, and 30 cm. Data loggers 1 and 2 were located in Macon County, data 
loggers 3 and 4 in Dallas County, and data logger 5 in Perry County. Since July 
2023, these sensors have provided real-time measurements of soil conditions, provid-
ing over two years of records spanning multiple weather conditions, rainfall events, 
and crop growing seasons. The spatial distribution of sensors across three counties 
and five farms was designed to sample soil conditions for contrasting soil and ag-
ricultural management practices while still enabling cross-site comparison. Table 
1 summarizes the data logger IDs, farm names, coordinates, elevation, county, and 
installation start times. 

 
Table 1. Information on in-situ soil sensor data loggers. 

Data 
Logger ID 

Sensor 
locations 

Latitude Longitude 
Elevation 

(m) 
County 

Collection 
Start 

Date/Time 

1 TUOrg_Farm 32.43631 −85.7367 123 Macon 13-07-23 16:22 

2 Blueberry 32.39624 −85.7642 111 Macon 24-07-23 15:00 

3 BrownDallas 32.40365 −86.8916 45 Dallas 12-08-23 12:22 

4 SmithDallas 32.39807 −86.9112 43 Dallas 08-08-23 12:07 

5 MurphyPerry 32.67967 −87.3657 128 Perry 08-08-23 14:52 

2.3. Satellite Data Preprocessing 

Satellite imagery was acquired from August 2023 to October 2025, coinciding with 
the in-situ sensor monitoring period. This window covers two agricultural grow-
ing seasons for most crops in Alabama (April-October), allowing the analysis to 
focus on periods when vegetation is active [47] [48]. Although harmonized multi-
sensor products such as NASA’s Harmonized Landsat-Sentinel (HLS) dataset are 
available [49] [50], this research intentionally used native Landsat 8/9 Operational 
Land Imager (OLI) and native Sentinel-2 Multispectral Instrument surface reflec-
tance products as separate datasets to evaluate how each sensor individually cap-
tures soil moisture variability at the in-situ sites. Landsat 8/9 and Sentinel-2 im-
agery were obtained through Google Earth Engine (GEE), which provides cloud-
based access to the official U.S. Geological Survey (USGS) and Copernicus/ESA sur-
face reflectance archives [51]. The study used three collections: LANDSAT/LC08/ 
C02/T1_L2, LANDSAT/LC09/C02/T1_L2, and COPERNICUS/S2_SR_HARMO-
NIZED [52]. GEE distributes these datasets in their native formats, preserving the 
USGS Landsat Collection 2 Level-2 surface reflectance pre-processing and the 
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ESA Level-2A atmospheric correction applied to Sentinel-2 imagery [53]-[55]. 
Landsat 8 and 9 provide data with 30m spatial resolution and 16-day temporal 

resolution, with a combined temporal resolution of approximately 8 days between 
the two. Sentinel-2 Level-2A imagery offers 10 - 20 m spatial resolution with a 
roughly 5-day revisit time over the study area [53]-[55]. These datasets provide 
the spectral configuration needed to compute moisture indices and align satellite 
overpasses with study counties and field sensors. County boundaries for Macon, 
Dallas, and Perry were used as spatial filters within GEE to ensure that only scenes 
intersecting the study area were queried. This filtering minimized unnecessary 
data downloads and facilitated temporal alignment with the in-situ sensor record. 
For each retained scene, key metadata, which includes acquisition date, cloud sta-
tistics, scene identifiers, and Landsat WRS Path/Row, were exported for subse-
quent cloud-threshold analysis and scene selection. For Sentinel-2, the S2_SR_ 
HARMONIZED collection in GEE ensures that mixed-resolution bands are 
resampled onto a common grid before export. This internal harmonization pre-
vents spatial misalignment between Band 8 (10 m) and Band 11 (20 m) and en-
sures consistent pixel-level extraction of pixel values at sensor locations. 

All downloaded Landsat and Sentinel scenes were clipped to the exact county 
boundaries of Macon, Dallas, and Perry using official county shapefiles and pro-
jected into a common coordinate system (UTM Zone 16N - EPSG: 32616). The 
original radio-metric properties of each data set were preserved to avoid smooth-
ing or blending effects that could alter the moisture index-soil moisture relation-
ship. For Landsat 8/9, surface reflectance scaling (Equation (1)) was applied ac-
cording to the standard USGS Collection 2 transform [53]: 

 Reflectance = 0.0000275 × DN - 0.2 (1) 

This correction was applied before the index computation to convert digital 
numbers (DN) to the soil moisture biophysical index product. Sentinel-2 Level-
2A (S2_SR_HARMONIZED) is provided directly in a corrected surface reflec-
tance, so no additional scaling of DN values was necessary. Cloud screening was 
performed using the scene-level cloud metrics provided in the satellite metadata. 
To assess the influence of cloud contamination on MI-SM relationships, three 
thresholds (≤15%, ≤10%, and ≤5%) were evaluated. The ≤5% subset was selected 
for the primary analysis in this study to ensure the highest data quality, while 
higher thresholds were used during preliminary assessment to evaluate sensitivity 
to cloud filtering. The overall methodological workflow integrating satellite data 
processing, in-situ soil moisture aggregation, dataset harmonization, and statisti-
cal analysis is summarized in Figure 2. 

2.4. Field Soil Sensor Data 

Records of volumetric water content (VWC) at 15-minute intervals for four study 
depths (15, 20, 25, and 30 cm) at all five research farms were obtained from field 
soil sensor data loggers via the Zentra cloud platform. Time-series processing and  
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Figure 2. Overview of the methodological workflow integrating in-situ soil moisture meas-
urements and satellite-derived moisture indices for statistical analysis. 

 

quality control were conducted before integrating measured soil data with satel-
lite-derived indices. First, the 15-minute readings were aggregated to hourly aver-
ages to reduce high-frequency noise. To synchronize with satellite overpass times, 
daily soil moisture values were aggregated over the 16:00-17:00 UTC window. Sat-
ellite acquisition times extracted from scene-level metadata for this study ranged 
between approximately 16:00 and 16:45 UTC across Landsat 8/9 and Sentinel-2 
observations. The selected averaging window was therefore chosen to minimize 
temporal mismatch between satellite and in-situ soil sensor measurements. These 
aggregated values were used as the in-situ VWC and matched to each satellite’s 
acquisition date. In all cases, soil moisture values were matched to the same cal-
endar day as the satellite acquisition, with no temporal shifting applied. 

A quality control assessment was conducted using the whole record from Au-
gust 2023 to October 2025. For each depth, pairwise Pearson correlations were 
computed across all five sites to evaluate temporal analysis and identify potential 
sensor anomalies. Cross-site correlations ranged from approximately 0.65 to 0.94, 
with correlation strength generally increasing with depth. This pattern is con-
sistent with stronger hydraulic buffering and reduced short-term variability in 
deeper soil layers. No sensor exhibited physically inconsistent behavior over the 
two years, indicating that the in-situ network provided a reliable ground-truth 
reference for evaluating satellite-derived moisture indices. 

Descriptive statistics were also computed from daily VWC measurements from 
soil sensors, spanning the entire observation period (August 2023 - October 2025). 
For each site and depth, mean, standard deviation (SD), minimum, maximum, 
and coefficient of variation (CV) were calculated (Table 2). This revealed varia-
bility across the five sites. The statistics characterized site-level soil moisture con-
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ditions across seasons and provided contextual information for subsequent statis-
tical analysis. The descriptive statistics were, however, computed independently 
of satellite acquisition dates to avoid sampling bias. 

 
Table 2. Descriptive statistics of daily volumetric water content (m3/m3) at four depths (15-
30 cm) across the five study sites for the observation period (August 2023 - October 2025). 

Data 
Logger ID 

Depth 
(cm) 

Mean SD Minimum Maximum CV (%) 

1 

15 0.289 0.028 0.234 0.350 9.82 

20 0.302 0.024 0.244 0.358 8.04 

25 0.300 0.038 0.214 0.401 12.53 

30 0.215 0.039 0.150 0.292 18.04 

2 

15 0.157 0.048 0.073 0.397 30.68 

20 0.190 0.064 0.085 0.365 33.45 

25 0.191 0.049 0.098 0.382 25.57 

30 0.191 0.066 0.083 0.354 34.56 

3 

15 0.147 0.042 0.091 0.352 28.47 

20 0.139 0.040 0.084 0.290 28.59 

25 0.147 0.042 0.092 0.361 28.75 

30 0.143 0.036 0.095 0.283 24.80 

4 

15 0.174 0.047 0.105 0.343 27.28 

20 0.152 0.043 0.096 0.304 28.23 

25 0.162 0.049 0.100 0.304 30.46 

30 0.147 0.040 0.094 0.300 27.51 

5 

15 0.218 0.037 0.151 0.374 16.96 

20 0.224 0.039 0.155 0.293 17.45 

25 0.273 0.027 0.218 0.365 9.83 

30 0.293 0.027 0.240 0.330 9.07 

2.5. Moisture Index Computation 

Moisture indices were computed from the Short-Wave Infrared Band 1 (SWIR1) 
and Near-Infrared (NIR) bands of Landsat 8/9 and Sentinel-2. For Landsat, Band 
5 (NIR) and Band 6 (SWIR1) were used. For Sentinel-2, Band 8 (NIR) and Band 
11 (SWIR1) were used, consistent with established practice for NDMI and MSI 
computation. Sentinel-2 provides NIR (Band 8) at 10 m resolution and SWIR1 
(Band 11) at 20 m. When accessed through GEE, Band 8 was resampled to 20 m 
to ensure pixel alignment with Band 11 during export. This harmonization ena-
bles accurate NDMI and MSI calculation from co-registered pixels and introduces 
only minor smoothing relative to native 10-m NIR data. Because all analyses relied 
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on point-level pixel extraction at sensor coordinates, the impact of this resampling 
on index values was negligible. Two moisture-sensitive spectral indices were then 
calculated for each scene: 
• Moisture Stress Index (MSI): The MSI is a spectral index used to quantify water 

content or stress in vegetation based on spectral reflectance ratios of the mois-
ture-sensitive shortwave infrared (SWIR) and the less-sensitive near-infrared 
(NIR) bands (Equation (2)). Higher values signify greater moisture stress or less 
moisture content in vegetation and vice versa for lower values of MSI [34]; 

 
SWIRMSI
NIR

= . (2) 

• Normalized Difference Moisture Index (NDMI): The NDMI is a biophysical 
spectral reflectance index used to assess moisture content in vegetation and the 
broader environment (Equation (3)). High NDMI values indicate high vegeta-
tion water content, whereas low values indicate lower water content [56]. 

  
NIR SWIRNDMI
NIR SWIR

−
=

+
 (3) 

Index computation was performed in ERDAS IMAGINE, using batch work-
flows with Python scripts to generate MSI and NDMI for each Landsat and Senti-
nel scene. After index products were created, pixel values for NDMI and MSI were 
extracted at the exact coordinates of each data logger location. For each date where 
satellite imagery and soil moisture readings overlapped, a record was stored con-
taining site ID, county, date, NDMI, MSI, and soil moisture (VWC) at each depth 
(15, 20, 25, 30 cm). This produced a harmonized dataset for analysis. Following 
all preprocessing, only dates with valid, non-missing soil moisture data and cor-
responding NDMI and MSI values were retained. These harmonized records formed 
the analysis-ready dataset for subsequent correlation and regression. 

2.6. Statistical Analysis and Sensor Selection 

Statistical analysis was performed to quantify the relationship between satellite-
derived moisture indices (NDMI and MSI) and in situ soil moisture at each loca-
tion and depth. All statistical computations were performed in Python (v3.12) 
[57], with additional verification in Microsoft Excel to ensure consistency of re-
gression outputs and summary statistics. To characterize these relationships, both 
Pearson (r) and Spearman correlation (ρ) coefficients were computed between 
NDMI, MSI, and soil moisture readings at 15, 20, 25, and 30 cm. Pearson correla-
tions captured linear trends (Equation (4)). In contrast, Spearman correlations 
identified monotonic trends that might persist even when linearity was weaker. 
Spearman’s correlation coefficient evaluates the strength of association based on 
the rank ordering of paired moisture index and soil moisture (MI-SM) values 
(Equation (5)), which can be informative when the MI-SM relationship is affected 
by local heterogeneity or non-linear trends [58] [59]. Initial correlations were 
computed using all twenty in-situ soil sensors (IDs 1-5) to provide a regional per-
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spective on depth-specific behavior. Pearson and Spearman coefficients were cal-
culated using the following standard formulas in Equations (4) and (5) [57] [59]: 

 Pearson correlation (r) = 
( )( )

( ) ( )
1

2 2

1 1

n
i ii

n n
i ii i

x x y y

x x y y
=

= =

− −

   − −   

∑
∑ ∑

 (4) 

 Spearman rank correlation (ρ) = 
( )

2
1

2

6
1

1

n
ii d

n n
=−
−

∑  (5) 

where n is the sample size, x is the independent variable, and y is the dependent 
variable, and di is the difference between the ranks of paired observations. 

For a refined regression modeling, one representative site was selected from 
each county to maintain balanced geographic coverage across Macon, Dallas, and 
Perry Counties (Data Logger IDs 1, 4, 5). Selection criteria included 1) sufficient 
paired observations after harmonization and ≤5% cloud filtering across both 
Landsat 8/9 and Sentinel-2 to support stable statistical analysis, and 2) consistent 
and lower site-level variability in soil moisture behavior across depths (Table 2), 
during the initial screening analysis. This approach preserved regional represen-
tation while focusing on sites exhibiting stable vertical moisture structure. Site-
level differences in soil and crop conditions were acknowledged as potential in-
fluences on MI-SM relationships. To evaluate predictive accuracy, simple linear 
regression models (Equation (6)) were fitted separately for each satellite, index, 
and depth combination: 

 Soil Moisture = (a × Index) + b. (6) 

where a - is the regression slope representing the rate of change in soil moisture 
per unit change in the satellite moisture index, and b is the intercept representing 
the predicted soil moisture value when the index is zero. 

For each model, slope, intercept, Pearson r, coefficient of determination (r2), p-
value, standard error, and root-mean-square error (RMSE) were extracted to 
assess statistical significance and model performance. After applying the prepro-
cessing and harmonization steps, paired satellite-sensor datasets for Landsat 8/9 
and Sentinel-2 spanning August 2023 to October 2025 during the growing season 
were obtained. Paired observation counts after harmonization and filtering were 
summarized by county and satellite (Table 3). Counts represent aggregated obser-
vations across data loggers within each county. Because each satellite observation 
was matched with soil moisture measurements at all four depths, counts were 

 
Table 3. Summary of paired observation counts (n) by county and satellite following har-
monization and filtering. 

County Landsat n (per depth) Sentinel n (per depth) 

Macon 66 36 

Dallas 32 40 

Perry 31 17 
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consistent across depths within each county. Across all datasets, MSI values ranged 
from 0.5 to 1.5, while NDMI values typically spanned −0.2 to 0.25, reflecting ex-
pected stress-to-moisture gradients within the canopy. 

3. Results 
3.1. Overview of MI-SM Relationship 

Initial correlation across all twenty in-situ sensors within the research counties 
established a baseline before a refined analysis. Across all sensors, a consistent 
depth-dependent structure emerged. For Landsat 8/9, correlations were weak at 
shallow layers (15 - 20 cm), with NDMI producing r ≈ 0.13 at 15 cm and r ≈ 0.18 
at 20 cm. At 25 cm, correlations strengthened (NDMI r ≈ 0.34), while the strongest 
relationships occurred at 30 cm (NDMI r ≈ 0.47; MSI r ≈ −0.45). Sentinel-2 ex-
hibited a similar depth-dependent structure but with stronger overall associations. 
At 15 cm, NDMI produced r ≈ 0.34, increasing to r ≈ 0.44 at 20 cm and reaching 
r ≈ 0.50 - 0.53 at 25 - 30 cm depths. MSI exhibited negative correlations with 
NDMI, consistent with its stress-based formulation, in which higher MSI values 
indicate greater moisture stress and, therefore, lower soil moisture. Across both 
sensors, MI-SM coupling strengthened with increasing depth, with deeper layers 
exhibiting the most stable relationships. To further examine site-level structure 
while maintaining balanced geographic coverage, a representative subset of one 
site per county was analyzed in greater detail. This refinement preserved the 
depth-dependent pattern observed across the whole dataset and enabled a more 
precise evaluation of MI-SM behavior. 

3.1.1. Landsat 8/9 
Landsat 8/9 exhibited a clear depth-dependent pattern in MI-SM coupling, within 
the refined subset (Table 4). The performance improves from shallow layers (15 
- 20 cm) to 30 cm depth (Table 4). Under the strictest cloud condition threshold 
(≤5%, n = 80), NDMI at 15 cm produced r ≈ 0.11, while MSI yielded r ≈ −0.12. 

 
Table 4. Pearson and Spearman correlations between Landsat 8/9 indices and in-situ soil 
moisture. 

Satellite-Index Depth (cm) n Pearson (r) Spearman (ρ) 

Landsat 8/9 - NDMI 

15 80 0.114 0.096 

20 80 0.161 0.149 

25 80 0.425 0.335 

30 80 0.624 0.615 

Landsat 8/9 - MSI 

15 80 −0.119 −0.096 

20 80 −0.168 −0.149 

25 80 −0.427 −0.335 

30 80 −0.635 −0.615 
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Correlations increased only slightly at 20 cm (NDMI r ≈ 0.16; MSI r ≈ −0.17), 
while NDMI at 25 cm achieved r ≈ 0.43, with MSI showing r ≈ −0.43. At 30 cm, 
Landsat reached its highest correlations, with NDMI r ≈ 0.62 and MSI r ≈ −0.64. 
Results indicate poor correlations between NDMI and MSI and soil moisture at 
shallow soil layers/depths, whereas the strongest correlations occur at 30 cm depth. 
However, the Pearson and Spearman coefficients were almost identical at each 
depth, reinforcing that Landsat’s MI-SM relationships were predominantly linear. 

3.1.2. Sentinel-2 
Sentinel-2 also exhibited a depth-dependent correlation with soil moisture, how-
ever, with stronger overall MI-SM relationships than Landsat, especially at shal-
low and mid-depth levels (Table 5). Under the strictest cloud condition threshold 
(≤5%, n = 73), Sentinel correlation had NDMI r ≈ 0.49 and MSI r ≈ −0.48 at 15 
cm depth, while that for 20 cm was NDMI r ≈ 0.51 and MSI r ≈ −0.50. These values 
are higher compared to Landsat, and indicate moderate MI-SM relationships, 
with Spearman coefficients (ρ ≈ 0.54 - 0.55) consistently exceeding Pearson r. At 
depths of 25 - 30 cm, the strongest Sentinel-2 MI-SM relationships occurred, where 
NDMI correlations ranged from r ≈ 0.60 to 0.61, with MSI exhibiting similar val-
ues in the opposite direction. Overall, Sentinel-2 maintained robust MI-SM rela-
tionships for mid- and deep-layer (25 - 30) soil moisture. 

A notable pattern, however, emerged: Spearman correlations for Sentinel-2 
were consistently slightly higher than the corresponding Pearson values for all 
depth levels. This suggests a strong monotonic MI-SM relationship even when 
linearity was less pronounced. 

 
Table 5. Pearson and Spearman correlations between Sentinel 2 indices and in-situ soil 
moisture. 

Satellite-Index Depth(cm) n Pearson (r) Spearman (ρ) 

Sentinel 2 - NDMI 

15 73 0.490 0.541 

20 73 0.513 0.554 

25 73 0.611 0.652 

30 73 0.600 0.595 

Sentinel 2 - MSI 

15 73 −0.478 −0.541 

20 73 −0.503 −0.554 

25 73 −0.603 −0.652 

30 73 −0.598 −0.595 

3.2. Comparative Performance NDMI and MSI 

NDMI and MSI provided biophysical indications of vegetation and soil moisture 
status. NDMI increases as vegetation and soil moisture levels increase. On the 
other hand, MSI increases with increasing moisture stress and decreasing soil 
moisture levels. Across all satellite data types and depths, the two indices per-
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formed similarly, with only minor differences in correlation strength. For Landsat 
8/9, MSI consistently produced slightly stronger absolute correlations than NDMI 
at all depths, although the advantage was slight (typically 0.005 - 0.01 in |r|). At 30 
cm, where Landsat performed best, both indices reached nearly identical strengths 
(|r| ≈ 0.60 - 0.64). Despite these differences, both indices followed the same depth 
pattern: weak relationships at 15 - 20 cm, stronger sensitivity at 25 cm, and the 
most stable indicator at 30 cm. This consistency indicates that NDMI and MSI are 
essentially interchangeable for soil-moisture estimation in this landscape, with 
neither index showing a clear systematic advantage. To illustrate their spatial be-
havior, Figures 3-6 present MSI and NDMI maps for September 2025 conditions 
across Macon, Dallas, and Perry counties, highlighting county-level variations in 

 

 
Figure 3. MSI-based Moisture maps for Dallas (a), Perry (b), and Macon (c) counties for 
September 2025, derived from Landsat 9. 

 

 
Figure 4. NDMI-based moisture maps for Dallas (a), Perry (b), and Macon (c) counties for 
September 2025, derived from Landsat 9. 
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Figure 5. MSI-based moisture maps for Dallas (a), Perry (b), and Macon (c) counties for 
September 2025, derived from Sentinel 2. 

 

 
Figure 6. NDMI-based Moisture maps for Dallas (a), Perry (b), and Macon (c) counties for 
September 2025, derived from Sentinel 2. 

 
vegetation moisture conditions during the growing season. The maps show that 
moisture conditions are not uniform across counties. Some areas appear drier (with 
higher MSI and lower NDMI values), while others seem relatively wetter. NDMI 
and MSI also display inverse spatial patterns, consistent with their physical for-
mulation. The Sentinel-2 maps (Figure 5 and Figure 6) also show slightly finer 
spatial detail, consistent with its higher spatial resolution. Any preference for one 
index over the other should therefore be guided more by conceptual framing 
(moisture or stress emphasis) and modeling choices. 

3.3. Regression Analysis 

Regression modeling was further used to assess the relative strength of the MI-
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SM relationships across Landsat 8/9 and Sentinel-2, at different soil depths. Sep-
arate linear models were fitted for each index (Table 6), and both indices pro-
duced statistically significant regressions (p < 0.01). For Landsat 8/9, NDMI and 
MSI both produced strong and statistically significant regressions at 30 cm depth, 
with the lowest RMSE values among all regressions, indicating that Landsat can 
provide highly accurate linear predictions of soil moisture at this depth. For 
Sentinel, the slightly lower RMSE value at 30 cm compared to 25 cm suggests 
tighter coupling between Sentinel indices and Soil moisture at deeper depths. 
Scatterplots with fitted lines (Figures 7(a)-(d)) reinforce these results, showing  

 
Table 6. Regression performance for MI-SM relationships across Landsat 8/9 and Sentinel-2. 

Satellite Depth Index n r r2 RMSE (m3/m3) 

Landsat 8/9 30 cm NDMI 80 0.624 0.389 0.0495 

Landsat 8/9 30 cm MSI 80 −0.635 0.404 0.0489 

Sentinel-2 30 cm NDMI 73 0.600 0.360 0.0554 

Sentinel-2 30 cm MSI 73 −0.598 0.358 0.0555 

Sentinel-2 25 cm NDMI 73 0.611 0.373 0.0637 

Sentinel-2 25 cm MSI 73 −0.603 0.363 0.0642 

 

 
Figure 7. MI-SM scatterplots with fitted linear regression lines for 30 cm soil depth for Landsat 8/9 (a) MSI; (b) NDMI and Sentinel-
2 (c) MSI; (d) NDMI. 
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clear MI-SM linear relationships at 30 cm depth. 

4. Discussion 

This research evaluated how satellite-derived moisture indices capture soil mois-
ture variability across four depths during the active growing seasons of 2023-2025 
in the Alabama Black Belt Region. Across satellites, indices, and depths, a con-
sistent pattern emerged. Depth is the dominant control on MI-SM strength. Rela-
tionships are weak at 15 - 20 cm, but strengthened at 25 - 30 cm. This holds for 
both Landsat and Sentinel and across NDMI and MSI. This depth-dependent be-
havior reflects the fact that deeper soil layers exhibit greater soil moisture stability 
and may strengthen statistical associations between canopy-based spectral indices 
and subsurface moisture conditions. The slopes of MSI and NDMI align with the-
oretical expectations: increasing MSI or decreasing NDMI indicates reduced veg-
etation moisture, which corresponds to lower soil moisture. All regression models 
at 25 - 30 cm were statistically significant (p < 0.01), indicating that the observed 
relationships are unlikely to be due to random variability. However, because 
NDMI and MSI are derived from surface reflectance, their correlation with deeper 
soil layers should be interpreted as indirect. Stronger correlations at 25 - 30 cm 
may also arise from hydraulic connectivity across depths. In addition, this depth 
range corresponds more closely to the active root-zone for many crops, where 
plant water uptake is most stable. Soil texture and infiltration dynamics may also 
contribute to moisture retention at these deeper depths. These factors can lead to 
more stable moisture conditions, as reflected in the canopy water status. 

It is also important to acknowledge the spatial scale differences between satellite 
pixel resolutions (30 m for Landsat 8/9 and 20 m for Sentinel-2) and the point-
based in-situ soil moisture sensors. Variability in soil texture, micro-topography, 
and localized management practices within a single pixel may introduce hetero-
geneity that is not fully captured by the sensor footprint. Consequently, the re-
ported correlations reflect aggregated canopy responses at the pixel scale, which 
may influence the strength of MI-SM relationships. 

A comparatively stronger shallow-layer relationship was also observed in Sen-
tinel-2 analysis relative to Landsat. Differences in sensor configurations between 
these two systems may partially explain this. Sentinel-2’s finer spatial resolution 
relative to Landsat may reduce sub-pixel heterogeneity effects, potentially enhanc-
ing the detection of localized vegetation moisture variability [26]. Although the 
effect remains context-dependent, the spatial, spectral, and sensor design differ-
ences provide a basis for the observed cross-sensor variability. Beyond these dif-
ferences, the results confirm that integrating Landsat and Sentinel imagery can 
increase the frequency of observations, thereby improving the ability to track 
moisture conditions throughout the growing season. 

The results confirm that each index provides unique, yet complementary, in-
formation for analyzing spatiotemporal trends in soil moisture. Together, the in-
dices provide a more comprehensive representation of moisture dynamics. Their 
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parallel performance across depths suggests that both products contribute to sat-
ellite-based moisture estimation in agricultural ecosystems. Both indices demon-
strated consistent depth-dependent patterns, indicating utility for monitoring mois-
ture variability under agricultural conditions, even when subsurface moisture can-
not be directly observed. Each could, however, be used in the context of water 
stress or vegetative moisture conditions. The findings directly address the identi-
fied gap concerning the limited evaluation of depth-dependent satellite-subsur-
face moisture coupling in agricultural systems. By assessing multiple farms and 
two satellite platforms over consecutive growing seasons, this study clarifies how 
moisture indices relate to soil moisture variability within the 15 - 30 cm profile. 
Overall, these results show that NDMI and MSI serve as effective indirect indica-
tors of subsurface moisture, though their performance can be influenced by can-
opy structure, vegetation type, and soil properties [60]. 

This study also intentionally restricted modeling to three representative data 
logger locations with twelve sensors that exhibited stable MI-SM behavior and 
spatial coverage. As explained in section 3.1, the full five-site analysis showed the 
same depth-dependent pattern, with weaker relationships at 15 - 20 cm and stronger 
relationships at 25 - 30 cm, while the refined subset yielded moderately stronger 
correlations due to reduced site-level variability. The refined site selection and 
improved MI-SM consistency further suggest that soil texture variability, hydrau-
lic properties, and localized management practices may influence the strength of 
satellite-subsurface moisture coupling. Differences in infiltration capacity, root-
ing depth distribution, and irrigation management can modify how canopy water 
status responds to subsurface moisture availability. Although these factors were 
not explicitly modeled in this study, their potential influence highlights the im-
portance of integrating soil physical characteristics and management context into 
future satellite-based soil moisture assessments. Additionally, crop type is also rel-
evant for interpreting these relationships; this study did not analyze stage-specific 
dynamics or crop phenological stages. The present study evaluated seasonal cor-
relations at an aggregated level across the growing periods. Incorporating soil, 
management, and phenological variables into future models could enhance the 
predictive power of satellite-based soil moisture estimates. 

The linear regression models were applied across the study period to character-
ize the strength of the MI-SM relationship rather than to develop predictive mod-
els. No independent temporal validation split was implemented; therefore, the lin-
ear formulation may not capture nonlinear soil-plant-atmosphere interactions 
during transitional wetting and drying cycles. Also, the paired satellite-sensor ob-
servations represent repeated measurements from the same locations over time. 
As a result, observations may not be fully independent. Future work involving 
mixed-effects approaches is therefore suggested. In addition to modeling limita-
tions, measurement uncertainty should be acknowledged when interpreting MI-
SM relationships. The in-situ soil moisture sensors used in this study have a man-
ufacturer-reported VWC accuracy of approximately ±0.03 m3/m3 [61]. Landsat 8 
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reflectance calibration uncertainty has been reported at approximately 2%, with 
radiance calibration uncertainty near 3% [62]. Sentinel-2 Level-2A surface reflec-
tance products are validated against mission performance requirements, with bot-
tom-of-atmosphere reflectance uncertainty defined as U(ρ) ≤ 0.05ρ + 0.005U [63]. 
Overall, the depth pattern in our results, where 30 cm consistency showed the 
most stable MI-SM relationship, suggests the need for further work on remote 
sensing-based estimation of soil moisture at deeper depths. 

5. Conclusions 

This research demonstrates that satellite-based moisture indices exhibit statisti-
cally significant, depth-dependent associations with in-situ soil moisture during 
the growing season under low-cloud conditions. Both Sentinel-2- and Landsat-
8/9-based moisture indices showed strong statistical correlations at 30 cm with in-
situ measurements, establishing NDMI and MSI as practical, cost-effective, and 
efficient means for root-zone moisture estimation. The strengthening of MI-SM 
relationships with increasing depth suggests that canopy-based spectral indices 
may be responding to moisture conditions in deeper soil layers rather than reflect-
ing only short-term near-surface variability. The regression relationships serve as 
a baseline for future predictive tools, which include machine-learning models, 
harmonized datasets, and operational soil moisture forecasting systems. Because 
the analysis focused on periods of active vegetation, the resulting relationships 
reflect meaningful plant-soil interactions relevant for irrigation scheduling and 
crop water management. Extending the analysis beyond the growing season and 
integrating site-specific variables will further enhance the applicability of satellite-
based soil moisture estimation in agricultural decision support. Together, these 
results improve the understanding of how moisture indices behave across soil 
depths and satellite platforms. These advancements will support the development 
of operational soil moisture prediction tools, enabling more informed irrigation 
management in regions with limited sensor coverage. 
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