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Background Results
 Understanding the dynamics of profile Soil Moisture (SM) dynamics is essential for a wide range of applications in earth and environmental sciences.
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_ _ _ _ _ _ _ o _ _ Estimating Soil Moisture in Florida
« Current passive microwave remote sensors operating at L-band, such as Soil Moisture Active Passive (SMAP), are limited to sensing surface soil
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« To integrate long-term SMAP satellite soil moisture observations, Natural Resources Conservation Service (NRCS) Soil Properties of US (SOLUS100)
soil physical properties, climatic, and MODIS optical satellite data to estimate soil moisture at multiple soil depths using a Convolutional Neural
Network (CNN) — Long Short-Term Memory (LSTM) deep learning model.
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The developed ConvLSTM model offers superior predictions
compared to the SMAP product, as it benefits from
Incorporating the NLDAS product, which is grounded in land
surface modeling.
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_ _ _ _ Sometimes the in-depth sensors at SCAN sites malfunction. B et . . . . . - Ry 0304 s 010 01z 014 ois ois

Large-Scale Soil Moisture and Deep Learning Modeling When this occurs, the affected data are either eliminated from o S ezsured sm (e Soil Moisture [cm?/cm?]

« To develop and evaluate the ConvLSTM2D model, we used Soil Climate Analysis Network (SCAN) and Climate References Network (CRN) soil moisture the dataset or substituted with readings from a proximate depth,
stations across the CONUS, providing soil moisture at five depths (5, 10, 20, 50, and 100 cm) and for different land cover types. such as 50 cm or 100 cm, in place of the 70 cm depth
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« To enhance the assessment of the model's effectiveness In
Florida, it is necessary to augment the soil moisture data through A ConviSTM2D —@— SCAN
|| o the utilization of local soil moisture monitoring networks. . — - . . . . - . . . —— T o o5 oa o5 | obo 05 olo  0is
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Large-Scale Soil Moisture Estimation
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o Profile Soil Moisture Estimates and Evaluation
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o Surface (5-cm) Soil Moisture Estimates and Evaluation
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- - . | B o B v - e B e o The CNN-based SM estimates (testing set) slightly outperformed the existing SMAP SM products,
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e “6) 2 16) es) 2y “o o 10 = N il Wi s particularly in cropland areas, as indicated by R and ubRMSE values.

« The preliminary results, the DL model can accurately estimate the profile SM across grasslands and croplands.

e The accuracy of SM estimates Is observed to be higher at 25 cm depth compared to that at 70 cm.
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Architecture of Deep Learning Network & Training T v e ~
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across grasslands and croplands. Sandy Clay Loam Medium Tex.

Silt Loam 0.0

Slay Loam
« NRCS’s SOLUS100 soil physical properties raster maps (100 m resolution) for clay, sand, silt, and bulk density content at multiple soil depths were used. 0 80 70 60 50 40 30 | * % i i

Silty Clay Fine Tex.
Silty Clay Loam
The soil texture across SCAN soil moisture stations is highly variable, ranging from sand to clay. \_ Al | Coarse Medium
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Conclusions and Next Steps
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The most accurate estimates were obtained for coarse-textured soils,
followed by medium- and fine-textured soils.
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« The new product was used to train a ConvLSTM2D model (years 2020 to 2022). The
results were tested vs in-situ SCAN and CRN soil moisture data (year 2022).
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; The DL model demonstrated the ability to produce high-quality surface
SM estimates, surpassing other SMAP SM products in terms of
UbRMSE values across various soil textural classes.
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