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Spatial Scaling and Variability of Soil Moisture
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Dynamic Vegetation Conditions
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Abstract—In this letter, near-surface and root-zone soil mois-
ture (RZSM), land surface temperature (LST), leaf area index,
and vegetation water content were simulated at different spatial
scales for three land cover types in North Central Florida under
dynamic vegetation conditions. Insights into expected retrieval
errors in soil moisture (SM) due to assumptions of static land-
scape were obtained from differences in the estimates using the
static and dynamic land covers. Maximum differences of about
0.04 m3/m3 in near-surface SM and RZSM, and 5.1 K in LST
were observed between estimates obtained over the vegetated and
bare-soil regions during dry-soil conditions. During wet condi-
tions, the maximum differences in near-surface SM and RZSM
increased to about 0.05 m3/m3, while those in LST decreased to
3.6 K. The RZSM simulations generated at the two resolutions of
200 m and 10 km were used to implement an upscaling algorithm
based on averaging, to illustrate the use of the synthetic data
set for upscaling studies. This letter highlights the importance of
simulating land surface states at multiple scales for heterogeneous
landscapes under dynamic vegetation conditions and for develop-
ing accurate SM retrieval and scaling algorithms.

Index Terms—Downscaling, dynamic vegetation, root-zone soil
moisture (RZSM), Soil Moisture Active Passive (SMAP), Soil
Moisture and Ocean Salinity (SMOS), upscaling.

I. INTRODUCTION

THE availability of soil moisture (SM) products from the
recent Soil Moisture and Ocean Salinity (SMOS) mission

and the upcoming Soil Moisture Active Passive (SMAP) mis-
sion will provide unprecedented SM information on a global
basis for research in hydrology, agricultural productivity, and
water-resource management. The SMOS provides SM at a
spatial resolution of 45 km every two to three days [1]. The
SMAP mission will provide an SM product at 9 km [2] by
combining active and passive microwave observations. These
products have to be downscaled to field scales of 200 m–1 km
for applications in hydrology and agriculture, and to study
the impact of subpixel SM variability caused by land sur-
face heterogeneity, climatic variability, and dynamic vegetation
within the satellite footprint. Unfortunately, a dense network of
field measurements is typically unavailable under the satellite
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footprint to evaluate the spatial scaling algorithms. An effective
alternative is to develop a synthetic experiment for simulating
SM observations at both satellite and field scales by embed-
ding various factors that contribute to spatiotemporal dynamics
in SM.

Spatial variability in surface SM is driven by complex inter-
actions among soil texture, topography, climate, land cover, and
vegetation [3], [4]. Heterogeneity in soil texture and topography
impact spatiotemporal distribution of SM by affecting soil
water balance processes [5]. Spatiotemporal variability in SM
is also driven by micrometeorological factors such as solar
radiation, air temperature, wind velocity, relative humidity, and
precipitation, with precipitation providing the most impact on
SM variability [6]. Spatial fields of SM are also affected by
land cover characteristics through the processes of infiltration
and evapotranspiration, particularly in agricultural landscapes
[7]–[9]. Such landscapes are representative of dynamic vegeta-
tion conditions, characterized by crop growth and development
cycles. In addition, crop management schedules, such as irriga-
tion, applications of fertilizer, growth regulators, and pesticides,
impact crop growth. Existing simulation frameworks, such as
the SMAP testbed [10], [11], do not consider crop management.
A simulation framework that generates SM fields of heteroge-
neous landscapes at multiple resolutions over growing seasons
of crops is also essential to evaluate spatial scaling algorithms.

The primary goal of this letter is to develop a simulation
framework for generating land surface and vegetation states,
such as volumetric SM within 0- to 5-cm depth (VSM0−5),
root-zone SM (RZSM) within 0- to 1-m depth, land surface
temperature (LST), leaf area index (LAI), and vegetation wa-
ter content (VWC), at multiple scales for heterogeneous land
cover, as well as dynamic vegetation and hydrometeorological
conditions. The three objectives of this letter are the following:
1) to simulate VSM0−5, RZSM, LST, LAI, and VWC at resolu-
tions of 200 m and 10 km, representative of agricultural fields
and a SMAP SM pixel, respectively; 2) to analyze the impact
of vegetation and precipitation on spatial fields of VSM0−5,
RZSM, and LST; and 3) to demonstrate the significance of
simulations available across multiple scales by implementing a
simple upscaling algorithm based on averaging. This simulation
framework can be also used for other studies that require syn-
thetic observations of land surface states and crop growth under
heterogeneous land cover conditions at multiple scales. The
simulated observations across multiple scales can be also used
to analyze the impact of various error sources on microwave
remote sensing products.
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In the succeeding section, we describe the simulation
framework and the coupled soil-vegetation-atmosphere transfer
(SVAT) crop growth model used in this letter.

II. SIMULATION FRAMEWORK FOR SM SCALING STUDIES

A. Introduction to Simulation Framework

A simulation framework was developed to generate synthetic
observations of SM in heterogeneous agricultural landscapes
with dynamic vegetation. A 50× 50 km2 area, equivalent to
a SMOS pixel, was chosen in North Central Florida as the
study region. This region includes a 200× 200 m2 field site
at the University of Florida/Institute of Food and Agricultural
Sciences Plant Science Research and Education Unit (PSREU),
Citra, FL, where a series of season-long field experiments,
i.e., the Microwave, Water, and Energy balance eXperiments
(MicroWEXs), have been conducted for various agricultural
land cover types over the last decade [12]–[14]. Spatial reso-
lutions of 200 m and 10 km were chosen for the simulations,
corresponding to the MicroWEX field site and a SMAP SM
pixel, respectively. Model simulations were generated for two
years, from January 1, 2007, through December 31, 2007.
About 95% of the region is comprised of sandy soils, with
> 70% sand by volume in the root zone. Topographic features,
including slope, were not considered in this letter because
the region is typically characterized by flat terrain, with no
runoff in such highly sandy soils. The soil properties, such
as porosity, pore-size index, saturated hydraulic conductivity,
and air-entry pressure, were assumed to be constant over the
region. Vegetation dynamics during the growing seasons, crop
management, and precipitation are primary factors impacting
the intraseason SM spatial structure in the study region [9]. The
simulation framework consisted of three components: a com-
ponent to simulate meteorological forcings and land cover at
200-m resolution; a coupled SVAT-crop growth model compo-
nent to simulate soil and vegetation states under growing vege-
tation; and a component to generate observations at resolutions
of 200 m and 10 km.

B. Meteorological Forcings and Land Cover

Fifteen-minute observations of precipitation, relative humid-
ity, air temperature, downwelling solar radiation, and wind
speed were obtained from eight Florida Automated Weather
Network stations [15]. The observations were spatially inter-
polated using splines to generate the meteorological forcings at
resolutions of 200 m and 10 km. Long-wave solar radiation was
estimated following Brutsaert [16]. A 50× 50 km2 landscape
was synthetically generated at a resolution of 200 m, with three
primary agricultural land cover types, i.e., sweet corn, cotton,
and bare soil (see Fig. 1). A highly dynamic landscape was
considered, with two seasons of sweet corn per year, the first
season of which starting in March [day of year (DoY) 61–139]
and the second in July (DoY 183–261) at the same location, and
one season of cotton planted in June (DoY 153–332). Bare-soil
conditions were assumed during other times at these locations.
Irrigation and crop management schedules for both crops were

Fig. 1. (a) Land cover at 200 m during cotton and sweet-corn seasons overlaid
on a 10-km grid cell. White, gray, and black shades represent bare soil, cotton,
and sweet-corn regions, respectively. (b) Pie charts of land cover fractions of
(white) bare soil, (gray) sweet corn, and (black) cotton in each 10-km grid.
Homogeneous crop fields along with centers for (c) sweet corn and (d) cotton.

based upon typical management practices in the region from the
field observations during the MicroWEXs and from the farm
managers at the PSREU.

C. Coupled SVAT-Crop Growth Model

The SVAT model used in this letter is the land surface
process (LSP) model [17]. It simulates 1-D coupled energy and
moisture transport in soil and vegetation using diffusion type
equations [18], [19] and estimates energy and moisture fluxes
at the land surface and in the root zone. The model is forced
with micrometeorological parameters such as air temperature,
relative humidity, downwelling solar and longwave radiation,
irrigation/precipitation, and wind speed. The model has been
rigorously tested and extended to wheat stubble [20] and brome
grass [21] in the Great Plains, prairie wetlands in Florida [22],
tundra in the Arctic [23], and growing crops [24]. The vege-
tation energy balance is calculated using the model developed
in [25] for the water drainage from canopy, the bulk transfer
approach for the sensible heat flux from [26], and the latent heat
flux following [27]. A block-centered finite-difference scheme
is employed to solve the coupled governing equations for water
and energy transport in the soil at an adaptive time step in
response to the forcings.

The LSP model was coupled to a vegetation growth model,
viz., the Decision Support System for Agrotechnology Transfer
(DSSAT) to provide the flux estimates during dynamic vege-
tation conditions [24]. The DSSAT simulates crop growth and
development at a daily time resolution using modules for soil,
soil–plant–atmosphere, weather, and management, including
irrigation and fertilization [28]. The DSSAT model includes
modules for over 25 types of crops, including corn, soybeans,
wheat, cotton, and different grass types for pasture. The model
has been extensively tested in different hydroclimatic regions
[28]–[30]. The model was also tested and calibrated for its
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applicability to North Central Florida [31] before it was cou-
pled with the LSP model. In the coupled LSP-DSSAT model,
the LSP model provides DSSAT with estimates of SM and
temperature profiles and evapotranspiration. The DSSAT model
provides LSP with vegetation characteristics that influence heat,
moisture, and radiation transfer at the land surface and in the
vadose zone. The parameters used in the LSP-DSSAT model for
both the sweet-corn and cotton models were from [24].VSM0−5

and RZSM are calculated as

θ =

∑m
i=1 VSMiΔzi∑m

i=1 Δzi
(1)

where θ is SM, m is the total number of nodes (blocks) in either
near surface (0–5 cm) or root zone (0–1 m), Δzi is the thickness
of the ith node, and VSMi is the volumetric SM at the ith node.

D. Observations at Resolutions of 200 m and 10 km

The model simulations were performed over each agricul-
tural field, rather than all the pixels, to reduce computation
time. Based upon land cover information at 200 m, contiguous
homogeneous regions of sweet corn and cotton were identified,
as shown in Fig. 1. A realization of the LSP-DSSAT model was
used to simulate VSM0−5, RZSM, LST, LAI, and VWC at the
centroid of each homogeneous region, using the corresponding
crop module within DSSAT. LST refers to the surface soil
temperature during bare-soil conditions and to the canopy tem-
perature in the presence of crops. Zero-mean Gaussian noise,
with a standard deviation proportional to that observed in pre-
cipitation, was added to the model simulations obtained at the
centroid. The ratio of the range of precipitation and the range of
each state over the study region was used as the coefficient of
proportionality. This accounted for meteorological variability
in obtaining spatially distributed VSM0−5, RZSM, LST, LAI,
and VWC over each field.

At the 10-km resolution, a realization of the LSP-DSSAT
model for each land cover, i.e., sweet corn, cotton, and bare
soil, was used to generate three sets of VSM0−5 estimates,
i.e., θcorn, θcotton, and θbaresoil, respectively. The three es-
timates of VSM0−5 obtained over every 10× 10 km2 pixel
were combined as a weighted average (θ = wcornθcorn +
wcottonθcotton + wbaresoilθbaresoil). Weights wcorn, wcotton,
and wbaresoil represent the fraction of sweet-corn, cotton, and
bare-soil pixels at 200 m within each 10× 10 km2 pixel, as
shown in Fig. 1(b). Simulated estimates of other states at 10 km
were obtained using the same procedure as that for VSM0−5.
No errors were added to the simulated estimates generated at
10 km so that the true SM and temperature fields could be
analyzed across the two scales. This approach for generating
observations at 10 km can be extended to obtain simulations at
other resolutions.

III. RESULTS

A. Impact of Heterogeneous Land Cover on SM and LST

Fig. 2 compares 15-min estimates of VSM0−5, RZSM,
VWC, and LAI generated over sweet-corn and cotton pixels to

Fig. 2. Simulations of RZSM, VSM0−5, VWC, and LAI for (a), (c), (e), and
(g) a sweet-corn pixel and (b), (d), (f), and (h) a cotton pixel in comparison with
the same pixel assuming it was unvegetated. Shaded areas depict days of crop
growth.

Fig. 3. PDFs of (a) RZSM, (b) VSM0−5, and (c) LST for bare-soil and
vegetated pixels estimated from DoY 201–261 over the study region.

those obtained over the same pixel assuming it was unvegetated.
Similar estimates of RZSM and VSM0−5 are obtained over the
sweet-corn [see Fig. 2(a) and (c)] and cotton [see Fig. 2(b) and
(d)] pixels in comparison with the bare-soil pixel until planting.
However, differences are observed during times of crop growth.
As shown in Fig. 2(g) and (h), LAI decreases during the end of
growing seasons for both corn (DoY 250–261) and cotton (DoY
250–332), but VWC increases [see Fig. 2(e) and (f)] resulting
in significant differences in SM between the vegetated and
unvegetated pixels. Differences in the time-averaged estimates
of states obtained over vegetated pixels and bare-soil pixels
at 200 m were computed from DoY 201–261 to quantify the
SM differences over the study region during dynamic veg-
etation. The differences in VSM0−5, RZSM, and LST were
0.01 m3/m3, 0.011 m3/m3, and 2.4 K, respectively. As shown
in Fig. 3, the probability density functions (pdf’s) of the three
states estimated over all vegetated and bare-soil pixels show
the differences in SM and LST. The differences in VSM0−5

and RZSM estimated between vegetated and bare-soil pixels
increased to 0.015 and 0.016 m3/m3 during days of heavy
vegetation (DoY 242–261).

B. Impact of Vegetation and Precipitation on Spatial Fields of
SM and LST

The simulations on days of dry (DoY 232) and wet
(DoY 261) soil conditions were analyzed to study the combined
impacts of vegetation and precipitation on spatial fields of SM
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Fig. 4. Simulations of RZSM (in m3/m3), VSM0−5 (in m3/m3), VWC
(in kg/m2), and LST (in kelvins) on DoY (a), (b), (c), and (d) 232 and
(e), (f), (g), and (h) 261 at 6 A.M.

TABLE I
DIFFERENCES IN VSM0−5 (m3/m3), RZSM (m3/m3), AND LST

(IN KELVINS) COMPUTED BETWEEN SWEET-CORN (S)/COTTON (C)
AND BARE-SOIL REGIONS AT 200 M ON DoY 232 AND 261

and LST (see Fig. 4). The differences between the estimates of
SM obtained in the bare-soil and vegetated pixels were about
0.032 and 0.038 m3/m3 for VSM0−5 and RZSM, respectively,
during dry conditions [see Table I and Fig. 4(a) and (b)].
These differences increased to about 0.039 and 0.044 m3/m3,
respectively, after precipitation events due to water retention in
vegetated pixels, as shown in Fig. 4(e) and (f).

The pdf’s of VSM0−5 and RZSM computed over sweet corn,
cotton, and bare soil on these two days illustrate the increase in
SM variations from bare soil to vegetated conditions, as shown
in Fig. 5(a) and (b), (d) and (e). While the differences in SM
increased during precipitation, the differences in LST computed
between vegetated and bare-soil pixels decreased by 2 K [see
Fig. 5(c) and (f), and also Table I]. These estimates of SM
and LST, along with surface roughness and vegetation char-
acteristics can be used to estimate remote sensing signatures,
such as brightness temperatures and backscattering coefficients,
via emission and backscattering models. Products such as SM,
LST, and vegetation characteristics, retrieved from the remote
sensing observations, can be compared with the simulated
estimates to study the impacts of vegetation, resolution, and
land cover heterogeneity on various retrieval algorithms. The
differences in VSM0−5 give an index of retrieval errors that can
be expected from SMOS/SMAP when land cover heterogeneity
and dynamic vegetation conditions are not considered or are
unavailable at the scale of the study.

In spite of resolution degradation expected at 10 km, the
range of VSM0−5 and RZSM values obtained at 10 km were
similar to those obtained at 200 m. The pdf’s of VSM0−5 and
RZSM computed at the two resolutions are centered on mean
VSM0−5 of about 0.022 m3/m3 and mean RZSM of about
0.23 m3/m3, but the pdf’s at 10 km have a smaller standard
deviation, indicating less heterogeneity [see Fig. 6(a) and (b)].
The impact of resolution degradation is larger on LST than

Fig. 5. PDFs of RZSM, VSM0−5, and LST for (B) bare soil, (S) sweet corn,
and (C) cotton on DoY (a), (b), and (c) 232 and (d), (e), and (f) 261.

Fig. 6. PDFs of (a) RZSM, (b) VSM0−5, and (c) LST simulated at 200 m and
10 km on DoY 232.

Fig. 7. PDFs of RZSM differences computed between the upscaled estimates
and the 10-km simulations during dry- and wet-soil conditions.

that on SM in simulations. Fig. 6(c) shows the degradation
of LST heterogeneity at 10-km resolution, where the bimodal
distribution of LST observed at 200 m is reduced to a unimodal
distribution. Since LST denotes the canopy temperature during
crop growth, it shows greater spatial variability, hence the
bimodality, than VSM0−5 or RZSM at 200 m.

C. Upscaled Estimates of RZSM Using Averaging

The significance of simulating land surface states at multiple
scales for dynamic and heterogeneous land cover is demon-
strated using a simple upscaling algorithm based on averaging.
The framework can be also utilized by more sophisticated scal-
ing algorithms. RZSM generated at 200 m and 10 km during
equal lengths of dry (DoY 228-234) and wet (DoY 258-264)
soil periods were used for upscaling. Upscaled estimates of
RZSM at 10 km were obtained by averaging the estimates
at 200 m over every 10× 10 km2 area in the study region.
The pdf’s of differences between RZSM estimates obtained
from the upscaling algorithm and those obtained from the
simulation framework are shown in Fig. 7. While the algo-
rithm underestimates RZSM in general, errors on the order of
0.01 m3/m3 are observed during dry conditions (see marker A
in Fig. 7).
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IV. SUMMARY AND CONCLUSION

A novel simulation framework, capable of generating soil
and vegetation states on multiple spatial scales, has been devel-
oped for a heterogeneous landscape under dynamic vegetation
conditions. The simulations enabled the study of combined
impacts of vegetation and precipitation on SM and LST. During
precipitation events, errors of about 0.052 m3/m3 in VSM0−5

and about 0.055 m3/m3 in RZSM have been observed when
vegetation conditions were not considered during SM simu-
lations. These errors are significantly larger than those from
the in situ sensors, where the standard deviation is typically
0.02 m3/m3. Errors of about 5 K can be observed in LST under
dynamic vegetation during dry conditions. The aforementioned
errors are expected to spatially vary when heterogeneity in soil
texture is considered. Loss of heterogeneity has been observed
in LST based upon the simulated estimates at 200 m and 10 km,
with maximum impacts during dry conditions. The simula-
tions at multiple scales are essential for evaluating scaling
algorithms, in terms of their ability to preserve heterogeneity
during the scaling process and for developing multiscale models
of land surface processes over heterogeneous landscapes. One
such study has been demonstrated in this letter, in which
an upscaling algorithm based on averaging was implemented
using RZSM estimates. The results presented in this letter have
emphasized the importance of SM and LST simulations on mul-
tiple spatial scales under dynamic vegetation and heterogeneous
land cover conditions for developing accurate SM retrieval and
scaling algorithms.
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