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Key Points:

e SMAP-based root zone soil moisture is a useful predictor for improving NDVI-based

crop forecasting.

e Compared to long-term average NDVI, the greatest forecast skill improvements are found

in water-limited environments.

e SMAP-based NDVI forecasting demonstrates significant skill in tracking NDVI

dynamics during hydrologic disturbances.
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Abstract

Vegetation health forecasting (NDVI as a proxy) informs decision-makers about the end of
season crop yield productivity but is not well-documented. This study tests improvements in
vegetation health forecasting by developing a data-driven Dynamic Agricultural Productivity
Indicator (DAPI), which simultaneously incorporates satellite-based root zone soil moisture
(RZSM) and satellite-based NDVI data. RZSM is estimated via data assimilation of satellite based
SMAP SM dataset. We employ the proposed DAPI forecast across four cropland types in the
CONUS, including corn, cotton, soybeans, and wheat. Results demonstrate superior performance
of the DAPI forecasts compared to climatology-based NDVI forecasts, with the largest
improvements in water-limited regions. DAPI shows particularly good performance during
hydrologic disturbances such as floods and droughts. To this end, the DAPI approach is useful in
estimating future vegetation health for identifying potential food-insecure areas, predicting crop

price changes, and projecting expected commodities market trends.
Plain Language Summary

Crop vegetation health can impact crop productivity. Monitoring the dynamics of vegetation
health during the growing season informs decision-makers about potential yield productivity.
However, research in this area is not well-documented — most crop forecasting models employ
stochastic modeling approaches or are based on simple regression of observed NDVI
climatology. This study proposes a method to forecast vegetation health by leveraging satellite-
based soil moisture, vegetation indices, and a strategic regression approach. We use the NDVI
from satellite data as a proxy for vegetation health. Additionally, we utilize NASA Soil Moisture
Active Passive (SMAP) satellite data to enhance a water balance model that simulates root zone
soil moisture (RZSM) in deeper soil layers. We combine RZSM with NDVI values to predict
NDVI during the growing season at 16-day intervals. Compared to the long-term average NDVI,
our NDVT forecasting approach shows the largest improvements in water-limited regions and

during extreme events such as floods and droughts.
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1 Introduction

The connection between the growth and senescence of vegetation, vegetation greenness,
and vegetation health is well established (Zhang et al., 2006). These changes in vegetation
dynamics can be quantified through observations in the visible and near infrared spectrum.
Normalized Difference Vegetation Index (NDVI), derived from these spectra, estimates the
density of green leaves (Tucker, 1979) and is ideal for remotely observing vegetation dynamics,

and thus vegetation health.

The prediction of NDVTI vegetation dynamics has been a study subject for nearly two
decades. These studies have primarily utilized past NDVI values, past climate variables, and
environmental factors as predictors. Ji and Peters (2004) is a pioneering effort in NDVI
forecasting for Nebraska's grasslands and croplands. The autocorrelation and seasonality within
NDVI time series are significant, leading to the widespread use of lagged NDVI values as
predictors in vegetation health forecasting models, as documented in numerous studies (Ahmad
et al., 2023; Cui et al., 2020; Reddy & Prasad, 2018). It is well understood that vegetation growth
is influenced by climate factors such as precipitation, air temperature, humidity, and solar
radiation. Incorporating these climate variables has become a common practice in NDVI
forecasting (Carrefio-Conde et al., 2021; Huang et al., 2017; Wu et al., 2019). Additionally,
studies show that including environmental variables such as topographic and vegetation types

(Ma et al., 2022), and land cover (Xu et al., 2024) increase NDVT forecasting skills.

Similarly, soil moisture (SM) and NDVI have a causal relationship, with the dryness of
the soil impacting vegetation health (Bolten et al., 2009; Mladenova et al., 2019), and NDVI
aiding in the spatial disaggregation of coarse SM (Kim et al., 2017). Evidence suggests that root
zone soil moisture (RZSM) is a leading indicator of NDVI in monthly cross-correlation analysis
(Mladenova et al., 2019). From a physical perspective, water stress during periods of soil
moisture deficit can limit photosynthesis via leaf water potential reductions and stomatal closure
(Slatyer and Markus, 1968). Plant physiological and biochemical adaptation strategies often
show a delayed response to moisture deficit and other environmental stresses, which suggests a
“memory” effect in vegetation response (Chaves et al., 2002). Although the relationship between
SM and NDVI is well-documented, only a few studies have leveraged this lagged relationship to

improve vegetation forecasts (Li et al., 2023; Milazzo et al., 2023). Comprehensive
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investigations of SM as a predictor in forecasting NDVI dynamics over different types of
croplands are rather limited to date.

Climatological NDVI is often used as an indicator of NDVI trends for estimating future
NDVI projections. For example, the USDA National Agricultural Statistics Service (NASS) is
experimenting with the end-of-season crop yield forecasting using the area under the curve of
NDVI (Johnson et al., 2021). That is, accumulated NDVTI during the growing season is
considered a predictor for crop productivity. This approach and the accuracy of the expected at-
harvest yield forecasts are contingent upon the accuracy of the NDVI interpolation technique
used to forecast the expected NDVI curve and area under the curve. The interpolation typically
relies on general knowledge of the crop-specific NDVI behavior throughout the growing season

as well as long-term NDVI trend analysis.

This study aims to answer the question: How effective is NDVI forecasting using SM
compared to climatological NDVI? For this analysis, we used four major crop types across the
conterminous U.S. (CONUS): corn, cotton, soybeans, and wheat. We selected these crops
because their NDVI dynamics are significantly associated with the end-of-season crop
productivity (Johnson, 2016). Whereas previous studies have provided evidence of a relationship
between SM and the NDVI there still remain questions of the additional skill that is achieved by
applying satellite-based soil moisture in the forecasts. This study advances that knowledge by
implementing a NDVT forecasting model using RZSM via data assimilation of satellite-based
SMAP SM dataset. To this end, we enhance our understanding of the potential to forecast crop

productivity by anticipating the cropland greenness dynamics.

2 Data and Methodology

In our DAPI approach, the current ND VI is predicted using lagged NDVI and lagged
RZSM. The datasets used are presented in Subsection 2.1. The computation of standard rank

cross-correlation between NDVI and RZSM used to determine the optimal lagged RZSM for the
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DAPI model is described in Subsection 2.2. The main algorithm development for the DAPI is

presented in Subsection 2.3, and the forecasting skill assessment is described in Subsection 2.4.

2.1 Data

SMAP, a satellite-based SM sensor launched in January 2015 has collected SM
observations from March 31, 2015 to present (Entekhabi et al., 2010). It combines radar and
radiometer images to provide surface SM estimates twice daily of the topsoil layer (0—5 cm). The
radar failed on July 7, 2015, leading to a reliance on radiometer-only derived SM retrievals.
Despite this, SMAP SM still achieves its designed soil moisture accuracy of 0.04 m?/m?
(Colliander et al., 2017). Strategic application of SMAP SM has been shown to improve RZSM
estimates by providing better physical constraints of soil moisture models (Mladenova et al.,

2019).

This study utilized spatially-distributed NASA-USDA Enhanced SMAP RZSM time
series (0—100 cm) at the 0.1-degree latitude/longitude resolution (~10km) derived by integrating
satellite observed SMAP Level 2 SM retrievals into the two-layer Palmer water balance model
(PM) employed by the USDA Foreign Agricultural Service (FAS) with a 1-D Ensemble Kalman
filtering (EnKF) (Bolten, et al., 2009). The SMAP assimilation was specifically designed to
improve the accuracy of the USDA FAS RZSM information by correcting random errors in
modeled estimates associated with poor precipitation forcing (Crow et al., 2012, Bolten & Crow,
2012; Mladenova et al., 2019). In this study, RZSM was chosen based on the International
Production Assessment Division (IPAD)'s guidance in selecting the appropriate soil moisture
profile related to crop growth. Past studies have shown that RZSM derived from SMAP data
assimilation is effective in properly capturing RZSM and NDVI dynamics (Mladenova et al.,
2017; 2020).

For a proxy of vegetation health, we used the VIIRS NDVI data provided via the Global
Agriculture Monitoring (GLAM) system and generated by the Global Inventory Modeling and
Mapping Studies (GIMMS) team at NASA GSFC (Becker-Reshef et al., 2010). Time series of
these NDVI products are derived from the Collection 1 VNP9 surface reflectance products with
near-real-time eight-day NDVI composites at a 375m spatial resolution globally. Earlier studies
show that MODIS and VIIRS NDVI data can be used interchangeably for various applications
with uncertainty less than 0.02—0.05 (Skakun et al., 2018).



131
132
133
134
135
136

137

138
139
140
141
142
143
144
145
146
147
148

149

150
151
152
153
154
155
156
157
158

159

manuscript submitted to Geographical Research Letters

For crop datasets processing, we integrated crop yield and crop mask datasets from the
USDA NASS (USDA NASS, 2016), irrigation information from the Moderate Resolution
Imaging Spectroradiometer (MODIS) Irrigated Agriculture Dataset for the United States
(MIrAD-US) 250m product (Pervez & Brown, 2010), and county boundaries from the
Topologically Integrated Geographic Encoding and Referencing (TIGER) administrative
boundary (Marx, 1986). We extracted crop information for four different crop types—corn,

cotton, soybeans, and wheat—across the most productive states of CONUS.

Croplands across the CONUS vary from semi-arid regions, where evaporative demand
exceeds water supplies in most seasons, to humid regions with adequate water supply for most of
the year. That evaporative demand condition is a key factor in identifying drought tolerant crops
and agriculture-focused water use strategies, as well as physiological adaptations to water
availability (Li et al., 2023; Passioura & Angus, 2010). To reflect this feature, we obtained the
aridity index, which is the ratio between long-term precipitation (P) and potential
evapotranspiration (PET) (Trabucco & Zomer, 2022). The WorldClim V2.1 climatological
datasets (Fick & Hijmans, 2017) were used to provide P and other climate variables needed to
derive PET based on the Penman-Monteith equation (Allen et al., 1998). For each crop grid cell,
we calculated the average P/PET during the growing seasons from April to November. We
classified grid cells into water-limited or energy-limited environments where P/PET was below

0.5 or greater-than-or-equal-to 0.5, respectively (Trabucco & Zomer, 2022).

In Supporting Information S1, we summarize the datasets used in this study (Tab. S1) and
provide pre-processing steps (Text S1 and Fig. S1) to integrate information from grid cells for
RZSM, NDVI, irrigation, and aridity index. These cropland grid cells feature complete 16-day
NDVI and RZSM time series during the growing season that spans from Day of Year (DOY) 49
(referred to as DOY049) to DOY289 for the period 2016—-2021. To this end, we conducted our
experiment to forecast 16-day NDVI at a 0.1-degree resolution. The spatial resolution (0.1
degree) is constrained by the spatial resolution of RZSM, while the choice of 16-day forecasting
is due to (1) the stronger RZSM-NDVI relationship at this temporal scale compared to shorter
timescales (e.g., 8-day); (2) the greater availability of NDVI data at 16-day intervals, especially

in higher latitudes; and (3) the adequate number of data points for model development.
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2.2 Standardized Rank Cross-correlation between RZSM and NDVI

We employed standardized rank cross-correlation technique to determine the optimal lag time
between RZSM and NDVI. That is, DOY composites from all years (DOY 049 to DOY289) were
grouped according to their specific DOY and ranked relative to each other. The corresponding
ranks were then standardized to remove seasonal effects in RZSM-NDVI relationships (Crow et
al., 2012). The cross-correlation (), ) between the standardized ranks for RZSM and NDVI with a
lagged time L (in 16-day intervals, up to 48-days; Fig. S1 in Supporting Information S1) for each

grid was computed as:

¥ [rank (NDVI),~rank (NDVI)|[rank(RZSM)_—rank(RZSM)|

yL = > (1)

\/ZItV:L[rank (NDVI);—rank (NDVI )]2\/2?’:,‘ [rank(RZSM),_;—Tank(RZSM )]2

where N is the number of sample data; rank(NDVI), is the standardized rank of NDVI at time t;
rank(RZSM),_, is the standardized rank of RZSM at the lagged time t-L; and rank(NDVI) and
rank(RZSM) are the time-averaged standardized ranks for a given grid. It is noted that, we
initially examined cross-correlation relationship up to 96-day lag (in 16-day intervals) and found
that the maximum cross-correlation occurs primarily at the first three lead times (up to 48-day
lag). Therefore, to investigate the most significant lead time while preserving data availability for

model development, we constrained our cross-correlation analysis to 48 days.

2.3 Dynamic Agricultural Productivity Indicator (DAPI) Approach

We first forecasted 16-day NDVI anomalies and then totaled the forecasted NDVI
anomalies to climatological NDVT to yield absolute NDVI values. Climatological NDVT is
defined as the long-term average of NDVI values for each DOY, calculated using NDVI data
from the period 2012 to 2021.

A multiple linear regression at each NDVI grid cell to forecast NDVI anomalies was

developed as follows:

dmlg,t,L =ago+ aydNDVI, ., +ag,dSMy, Q)

where a

9,00 &

41> and @, , are regression constants for grid g; L is forecasted lead time (in 16-day

intervals). dNDVI, ., is the forecasted NDVI anomaly for grid g at time ¢ for lead time ;
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NDVI,._, is NDVI anomalies for grid g at time #-L, dSM; is an anomaly of RZSM for grid

t=Lsm

g at time ¢-Lsy, where Lsa is the lagged SM and is selected according to:

L, ifL<L
LSM — { g.opt gopt (3)

Lif L>Lggp

L 5 ot 18 the optimum lagged time for grid g with the highest cross-correlation for grid g between

Rank (NDVI) and Rank (SM) defined in Section 2.2, computed as:
Lg,opt = argmax{yL}, (4)

The forecasted absolute NDVI value for grid g at time ¢ for lead time L is calculated based on
the climatological NDVT for grid g at time ¢
NDVI, ., = dNDVI ., + NDVI , jim- (5)

To evaluate multicollinearity between our two predictors (NDVI anomalies and RZSM
anomalies), we computed the Variance Inflation Factor (VIF, Daoud 2017) for the entire dataset.
The results are summarized in Supplementary Table S3. We did not observe significant

correlation between our predictors in the proposed regression models.

Our NDVI forecasting experiment used “leave one out cross validation” (LOOCYV) for each year
between 2016 to 2021 (James et al., 2013). We used the LOOCYV strategy to evaluate how well
our model performs on unseen data by leaving one year out from the training dataset. With the
assumption that yearly time series are independent of each other, there is minimal impact of this
strategy on model performance metrics as we forecast the growing season, all training is within
the year. We also consider climatological NDVI (referred to as CLIM) as a reference NDVI
forecasting model. We employed our DAPI regression on the NASA Center For Climate
Simulation (NCCS) system. For automation purposes, regardless of crop type, we divided the
total grid cells into ten different subsets and performed the regression model as batch job
submissions to the NCCS system. Nearly two hundred thousand regression models were tested

with varying running times between 10—12 minutes per job submission.

2.4 Assessment of NDVI Forecasting

We computed the normalized root mean square error (NRMSE) to evaluate the forecasting skill,
which provides an unbiased performance comparison across different crop types of variable

NDVI cycles. NRMSE for grid g was calculated according to:
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1 2
RMSE = \/;Z?zl(NDVIg,obs — NDVI, 0t)” (6)
n _PUT 2
Std(NDVIg,obs) — \/Zi=1(NDVIy.obi,il NDVIg,obs) : (7)
— _ RMSE
NRMSE = o3 (NDVIg o)’ (8)

209 where NDVI, ) is the 16-day observed NDVI values and NDVI, ¢, is the 16-day forecasted
210 NDVI values for grid g for a give forecast model fcst (NDVIp 4p;, 0r NDVIcLim); n is total

211 sample data; and std (NDV ) is standardized deviation of observed NDVT time series for

Ig,0ps
212 grid g. NRMSE values closer to zero imply a closer fit between forecasted NDVI and observed
213 NDVI. Intercomparison between forecasted NDVI can be assessed by calculating the difference
214 between the proposed forecasting method (e.g., DAPI) and the benchmark forecasting method
215 (e.g., CLIM) within the same grid cell. A negative difference implies an improvement in the

216  proposed forecasting method.

217 3 Results

218 Figure 1 presents the distribution of crop locations and the standardized rank cross-

219 correlations between RZSM and NDVI. Water-limited grid cells (aridity index < 0.5) dominate
220  the regions where cotton and wheat are grown, while corn and soybeans are primarily grown in
221 energy-limited environments. Generally, the cross-correlations are higher in water-limited than
222 in energy-limited environments. In water-limited environments, such as arid and semi-arid

223 regions, RZSM likely controls vegetation health and coverage, where water is a primary factor
224 influencing vegetation growth (Magagi & Kerr, 2001). From our analysis, in water-limited

225  environments, cotton and wheat exhibit the highest correlations between RZSM and NDVI, with
226  median values around 0.5. This is followed by corn and soybeans, with median values around
227 0.25. In energy-limited environments, these median cross-correlation values within the same

228  crop type are relatively lower than those in water-limited regions, by 0.1 to 0.3.

229 Comparisons of forecasted NDVI between CLIM and three DAPI lead times for four
230  crops during 20162021 is presented in Figure 2. Compared to CLIM, DAPI was more skillful at
231 Lead 1 (16-day) and Lead 2 (32-day) for cotton and wheat (Fig. 2b,d). Specifically, median

232 NRMSE scores for CLIM over cotton and wheat grid cells are 0.953 and 0.958, respectively. For
233 DAPI Lead 1, the scores improve to 0.625 (35% improvement) for cotton and 0.611 (37%
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improvement) for wheat. We also observed improvements of 16.5% for cotton and 16.4% for
wheat at DAPI Lead 2. For corn and soybeans, the median NRMSE scores for CLIM are 0.944
and 0.943, respectively, with improvements of 17.4% (median NRMSE of 0.78) for corn and
16.7% (median NRMSE of 0.785) for soybeans at DAPI Lead 1. Only slight improvements were
noted for DAPI Lead 2 over corn and soybean grid cells. Further spatial evaluation (Fig. S3 in
Supplementary Information S1) of DAPI performance shows geographical distinctions, with
DAPI skill decreasing from the western to eastern CONUS. This coincides with the linearity
strength between RZSM and NDVI (Fig. 1c) and the autocorrelation of NDVI itself (Fig. S4 in
Supplementary Information S1), with higher cross-correlation and autocorrelation in the western
CONUS compared to the eastern CONUS. Aligning with the Fig 2°s CDF assessment, we
performed a t-test to evaluate whether there is a significant difference between the NRMSE of
different DAPI lead times and the NRMSE of CLIM. Detailed statistics can be found in Tab. S4
in Supplementary Information S1. In conclusion, crops in the western U.S. (where cotton and

wheat are dominant) benefit the most from the DAPI approach.”

Hydrologic disturbances such as floods and droughts can significantly impact crop
productivity. For instance, extreme precipitation events combined with rapid snowmelt in 2019
(Lahmers et al., 2023) resulted in spring flooding that reduced corn productivity in lowa and
soybean productivity in Illinois by -9.6% and -10% respectively compared to the 2016-2021
average (USDA NASS, 2024). Conversely, a rainfall deficit in Summer 2020 (Seager et al.,
2022) in Northeast Texas led to a -2.65% decrease in cotton productivity (USDA NASS, 2024).
Wheat productivity in Kansas in 2018 was exceptionally low, 21.9% below the 20162021
average (USDA NASS, 2024), likely due to a rainfall deficit-induced exceptional spring drought
(Unrein, 2019). We specifically examine the dynamics of observed NDVI and different NDVI
forecasting models for these hydrologic disturbances in Iowa (for corn NDVI forecasting), Texas
(cotton), Illinois (soybeans), and Kansas (wheat) (Fig. 3). Generally, during hydrologic
disturbances, we observed that DAPI is skillful at two lead times, with a larger portion of skill
improvement (negative difference between NRMSEp4pr and NRMSEcriv) across the studied

counties in red-code colors (ratio counties with red-coded colors are greater than 60%).

This is because, during the disturbance years, observed NDVI significantly deviates from
NDVIcLim, and NDVI forecasting appears to better track these deviations (Fig. 4). For example,

corn and soybeans in 2019 had delayed planting times due to wet soil conditions in the Midwest



265
266
267
268
269
270
271
272
273

274

275

276
277
278
279
280
281
282
283
284
285
286
287
288

289

290
291
292
293

294

manuscript submitted to Geographical Research Letters

(Johnson et al., 2021; Lahmers et al., 2023), so that a smaller and later peak has been observed
for the temporal NDVT of corn and soybeans in 2019. Observed NDVI for cotton was much
lower compared to NDVIcrim, especially during the summer. Wheat NDVI dynamics were lower
than NDVIcriym in the spring but higher during the rest of the growing season. These abnormal
variations resulted in higher error for the ND Vicrim, with NRMSE scores between 0.37-0.97.
With the DAPI approach, performance improved significantly for Lead 1, with an average
reduction of NRMSE by 20% and 8.3% for Lead 2. We also analyzed normal years (data not
shown) and detected moderately improved forecasting skill from the DAPI approach in those
years. In conclusion, NDVTI timing is highly variable relative to NDVIcriv during disturbance

conditions, where the DAPI approach can better track NDVI timing.
4 Discussion

We isolated the impact of SM in our DAPI approach by implementing a version of DAPI
without the RZSM term in Eq. (2). Intercomparison between DAPI with and without SM, we
observed improvement of DAPI with SM at 72.5% grid cells for Lead 1 across the studied
domain (Fig. S5a in Supplementary Information S1). With Lead 2 and Lead 3, the total improved
grid cells for models using SM are reduced, accounting for 39.8% and 14.5% of the total grid
cells, respectively (Fig. S5b and Fig. S5¢). As expected, geographical patterns are distinct, with
more areas in the western CONUS showing benefits from including soil moisture. Future studies
could quantify how the importance of SM changes over lead time affects its application to
different real-world NDVI prediction scenarios. SMAP-based RZSM may be more sensitive to
extreme hydrological disturbances than moderate events. The newly developed added -value of
SMAP-based products, such as the Flash Drought Stress Index (FDSI, Sehgal et al., 2021),
which is sensitive to rapid flash-drought disturbances, could be a potential predictor to enhance
the capabilities of the SMAP-based DAPI for forecasting vegetation health during hydrological

disturbances.

Nearly half of the studied grid cells contain multiple crops due to the coarse spatial
resolution of our experimental design (Fig. S6a in Supplementary Information S1). This
introduces noise into the observed NDVI and subsequently affects DAPI forecasting, as it mixes
vegetation growth signals from different crop behaviors. We investigated whether there was a

difference in NDVI forecasting skill between multiple-crop grid cells and single-crop grid cells.
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For this, we identified the closest single-crop grid cells to each multiple-crops grid cell as control
points and computed the difference in NRMSE values between the multiple-crops and single-crop
grid cells for each pair (NRMSEmuitipie crop — NRMSEsingle crop). Boxplot distributions (Fig. S6)
indicate no significant difference in forecasting skill in NRMSE over multiple crops compared to
the single crop grid cells (p<0.01, t-test mean difference assessment). These analyses

demonstrate our model's robustness across grid cells with mixed crops.

We further evaluated the impact of irrigation on our forecasting model performances
(Fig. S7 in Supplementary Information S1) as irrigation practices appear to impact SMAP SM
signals (Jalilvand et al., 2023; Lawston et al., 2017), and consequent RZSM estimates. We
identified the closest rainfed grid cells to each irrigated grid cell as control points and computed
the difference in NRMSE values between the irrigated and control grid cells for each pair
(NRMSE 11vigated - NRMSERainfed). Boxplot distributions indicate a significant increase in NRMSE
over irrigated areas compared to the rainfed grid cells (p<0.01, t-test mean difference

assessment).

Further studies could consider using SMAP L4 (Reichle et al., 2022) instead of NASA -
USDA Enhanced SMAP, as this product shows accurate RZSM in current studies (Hoylman et
al., 2024). In addition, it is now updated in near real-time on Google Earth Engine (GEE), which
could make our SM-based DAPI operational vegetation health forecasting feasible on open
platforms like GEE. High-spatial-resolution NDVT forecasting is considered for future
investigation. Although the somewhat coarse 0.1-degree resolution is useful for county-level
crop assessments (Fig.3 and Fig.4), it is not be practical for field-scale applications. The current
algorithm development could apply downscaled SMAP observations from 0.1 degree to 0.01
degree (Fang et al., 2024; Liu et al., 2022). Therefore, utilizing such high-resolution RZSM to
develop NDVI forecasting models could have more impact on field-scale analysis and reduce

forecasting uncertainties due to mixing crop signals.

Another avenue for future study is to explore machine learning and artificial intelligence
algorithms to better model non-linear relationships in the NDVI forecasted framework (Ma et al.,
2022). For example, we could train a deep learning model across all crop grid cells to better
utilize big data at both spatial and temporal scales. Additional SMAP-related products, such as

water table data derived from SMAP-based shallow groundwater detection algorithms (Soylu
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and Bras, 2021) could also be included to improve the DAPI approach’s performances over

irrigated crop land areas.
5 Conclusions

To better support operational USDA NASS in utilizing remotely sensed NDVI in
agricultural applications, this study developed a soil moisture-based Dynamic Agricultural
Productivity Indicator (DAPI) to forecast NDVI over four major croplands in CONUS. We
highlight the potential of RZSM, derived from SMAP-based Water Balance Data Assimilation, as
a valuable predictor. Compared to climatological NDVI (CLIM), our DAPI approach improves
NDVI forecasting (in 16-day intervals) by 35% and 37% for Lead 1 and 16.5% and 16.4% for
Lead 2 for cotton and wheat, respectively. For corn and soybeans, the DAPI approach
outperforms CLIM at Lead 1 with improvements of 17.4% and 16.7%, respectively. During years
with disturbances such as floods and droughts, the benefits of DAPI were more apparent,
showing advantages for at least two lead times. We provide evidence that DAPI is promising as a
data-driven model for predicting future vegetation greenness, which is envisaged to support

quantifying crop productivity at the end of season.
Open Research

SMAP-based RZSM Palmer water balance model dataset was obtained from Google
Earth Engine (https://developers.google.com/earth-
engine/datasets/catalog/NASA USDA HSL SMAP10KM soil moisture#description). VIIRS
NDVI was obtained from the Global Inventory Modeling and Mapping Studies (GIMMS) Global
Agricultural Monitoring at https://gimms.gsfc.nasa.gov/. Crop mask data were obtained from the
USDA NASS at https://www.nass.usda.gov/Research_and Science/Cropland/Release/index.php,
while crop yield data were accessed through R software and the rnassqs package
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518  Figure 1. Distribution of (a) crop locations for corn, cotton, soybeans, and wheat; (b) aridity

519  index across the crop grid cells, and (c) split plot of maximum cross-correlation between

520  standard rank RZSM and standard rank ND VI for each crop type based on water-limited and

521  energy-limited environments. A grid cell is classified as “water-limited” if its long-term P/PET is

522 less than 0.5, and as “energy-limited” if P/PET is greater than 0.5.
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Figure 2. Aggregate NDVI forecasting performances from 2016 to 2021, in terms of (a) Corn,
(b) Cotton, (c) Soybeans, and (d) Wheat, for the CLIM model (dashed black line) and three DAPI

forecasts with different lead times (in 16-day intervals). Squares on each line represent the

median value for each forecasting model. We present NRMSE in the form of 1-NRMSE so that

the optimal value corresponds to the dashed red line at 1.
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Figure 3. Spatial skill improvement (NRMSEpari— NRMSEcrLiv) at the county level during
disturbance years for (a) corn in Louisa County, lowa, during 2019; (b) cotton in Lynn County,
Texas, during 2020; (c) soybeans in Will County, Illinois, during 2019; and (d) wheat in Morton
County, Kansas, during 2018. NRMSE values were calculated as the average across grid cells

within each county.
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Figure 4. Temporal dynamics of NDVI vegetation health during disturbance years for (a) corn in
Louisa County, lowa, during 2019; (b) cotton in Lynn County, Texas, during 2020; (c) soybeans
in Will County, Illinois, during 2019; and (d) wheat in Morton County, Kansas, during 2018. The
top left legends denote the times when disturbances occurred. NRMSE was calculated for each
specific disturbance year with respect to the climatological CLIM and three forecasted NDVI

lead times (in 16-day intervals).



