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Abstract Prior numerical modelling studies show that atmospheric dispersion is sensitive to surface heterogeneities, but past studies do not consider the impact of a realistic distribution of surface heterogeneities on mesoscale atmospheric dispersion. While
these focussed on dispersion in the convective boundary layer, the present work also considers dispersion in the nocturnal boundary layer and above. Using a Lagrangian particle dispersion model (LPDM) coupled to the Eulerian Regional Atmospheric Modeling
System (RAMS), the impact of topographic, vegetation, and soil moisture heterogeneities
on daytime and nighttime atmospheric dispersion is examined. In addition, the sensitivity to the use of Moderate Resolution Imaging Spectroradiometer (MODIS)-derived spatial
distributions of vegetation characteristics on atmospheric dispersion is also studied. The
impact of vegetation and terrain heterogeneities on atmospheric dispersion is strongly modulated by soil moisture, with the nature of dispersion switching from non-Gaussian to nearGaussian behaviour for wetter soils (fraction of saturation soil moisture content exceeding
40%). For drier soil moisture conditions, vegetation heterogeneity produces differential heating and the formation of mesoscale circulation patterns that are primarily responsible for
non-Gaussian dispersion patterns. Nighttime dispersion is very sensitive to topographic,
vegetation, soil moisture, and soil type heterogeneity and is distinctly non-Gaussian for heterogeneous land-surface conditions. Sensitivity studies show that soil type and vegetation
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heterogeneities have the most dramatic impact on atmospheric dispersion. To provide more
skilful dispersion calculations, we recommend the utilisation of satellite-derived vegetation characteristics coupled with data assimilation techniques that constrain soil-vegetationatmosphere transfer (SVAT) models to generate realistic spatial distributions of surface
energy fluxes.
Keywords Air pollution modelling · Atmospheric dispersion · Gaussian models ·
Landscape heterogeneity · Pollution dispersion

1 Introduction
The modelling of the dispersion of pollution and other effluent into the atmosphere has generally relied on Gaussian puff and plume modelling (e.g., see Zannetti 1990). As discussed
in Pielke (1984), the American Meteorological Society’s position paper states that “over
flat, horizontally homogeneous terrain, Gaussian plume models probably give estimates of
downwind plume concentrations within a factor of two.”
One of the errors associated with Gaussian models concerns their inability to properly
represent the combined effect of differential vertical and horizontal advection and turbulent
diffusion that together yield dispersion (Lyons et al. 1995). The actual mixing of the pollutants
from differential advection can also be delayed until turbulent transfer occurs across vertical
and horizontal distances (McNider et al. 1988; Moran 1992; Moran and Pielke 1996; Poulos
and Pielke 1994). As shown in Eastman et al. (1995) and Pielke and Uliasz (1993), without
the occurrence of the recirculation of effluent, dispersion is generally enhanced for heterogeneous flat landscapes as compared to homogenous flat landscapes although the importance
of the heterogeneity becomes less as the wind speed increases and/or the heterogeneity is of
a smaller spatial scale.
When mesoscale circulations occur over flat terrain in heterogeneous landscapes, the
recirculation of pollutants can result in their accumulation over time. Eastman et al. (1995)
found that, for a lake-breeze circulation along the coast of Lake Michigan, about 70% of the
pollution recirculated at least once. A Gaussian model, even with a set of vertical connected
plumes (e.g., as discussed in Zannetti 1990), cannot represent this recirculation. The presence
or absence of snow on the ground can also greatly affect the dispersion of pollution (Segal et
al. 1991). However, even more serious errors can result in non-flat heterogeneous landscapes.
In complex terrain, for instance, dispersion can be reduced significantly since air recirculates multiple times with a resultant accumulation of pollution (e.g., Pielke 1985; Whiteman
1982). In deep valleys, where pollution is mostly trapped, concentrations can become quite
large (e.g., see McNider and Pielke 1984; Pielke et al. 1986; Wolyn and McKee 1989) due to
stagnation and this is not captured by Gaussian models. Inadequacies of Gaussian models in
accounting for atmospheric dispersion features caused by landscape heterogeneity are further
discussed in Pielke (2006) and Pielke and Uliasz (1998).
Gaussian dispersion models based on Taylor’s theory (σ ∝ t p , where σ is the plume
spread, t is time travelled, and the exponent of t has the constraint 1 ≥ p ≥ 21 ) are only
adequate for turbulent dispersion near the source or for uniform flows. Inhomogeneities in
flow fields may be addressed to a certain extent by utilising a wind-shear factor. For longrange transport, mesoscale circulation features that are comparable in dimension to the plume
can distort the plume in a manner that is significantly different when compared to predictions using classical theories. Lagrangian particle dispersion models (LPDMs), driven using
the fields from Eulerian meteorological models, provide a more realistic representation of
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plume dispersion within inhomogeneous flow fields. However, the performance of LPDMs
is tied to the ability of the meteorological model to capture flow features at the scales under
consideration.
Gopalakrishnan and Avissar (2000) and Gopalakrishnan et al. (2000) examined the impact
of land-surface heterogeneity at small spatial scales by using large-eddy simulation (LES)
experiments. Gopalakrishnan et al. (2000) studied the role of topography on atmospheric
dispersion by imposing sinusoidal topographical features in LES simulations and found that,
at scales greater than 5 km, topography significantly affects horizontal and vertical velocity
variances. Even smaller-scale terrain features have a substantial effect (e.g., see Hadfield et
al. 1991, 1992). However, the impact of topography is dependent on the surface sensible heat
flux, with the response diminishing with increasing surface heat flux. Gopalakrishnan and
Avissar (2000) imposed heterogeneous distributions of heat flux, in the form of a sinusoidal
wave, in LES simulations and found a significant impact on dispersion in the convective
boundary layer (CBL). The imposition of heterogeneous fluxes resulted in the formation of
roll circulations that impeded vertical mixing. In this case tracers released near the surface
dispersed more in the horizontal direction and elevated releases took longer to reach the surface compared to homogeneous surface-flux conditions (Gopalakrishnan and Avissar 2000).
However, the simulations imposed an initial shear-free wind profile, and the results could be
significantly different in the presence of even modest wind shear.
In LES simulations of the CBL, the near-source dispersion is dominated by subgridscale, thermally-generated turbulence while far from the source, the effect of larger eddies
becomes important. At nighttime, mechanically-generated turbulence, and the suppression of
turbulence by increased vertical thermodynamic stratification due to longwave radiative flux
divergence, become the more dominant control effects on turbulent dispersion. At regional
scales, dispersion is influenced by mesoscale circulation features generated by differential
heating, topographical forcing, and mechanical interactions resulting from spatial variations
in surface roughness. Mesoscale circulation features become a dominating factor at regional
scales, especially those with dimensions comparable to that of the plume. Soil moisture also
plays an important role in modulating the effect of surface sensible heat-flux heterogeneity
and thus regional-scale dispersion (Eastman et al. 1998; Ookouchi et al. 1984).
The overall goal of our study is to assess the effect of real world heterogeneity on atmospheric dispersion by extending the analysis of Gopalakrishnan et al. (2000) and Gopalakrishnan and Avissar (2000) to regional scales. Specifically, the study focusses on the following
effects of land-surface heterogeneity and topographical forcing on atmospheric dispersion:
(1) the relative roles of land-surface heterogeneities (land use, soil type variations) and topographical forcing; and (2) the role of soil moisture in modulating the impact of land-surface
heterogeneities. Numerical experiments designed to isolate the effect of these different forcing factors are at the core of the study. The remainder of the paper first describes the methodology used (Sect. 2), followed by results (Sect. 3), a discussion of the findings (Sect. 4), and
finally conclusions are summarised (Sect. 5).

2 Methodology
We utilise a Lagrangian particle dispersion model (LPDM) embedded within the Regional
Atmospheric Modeling System (RAMS, Version 4.4) to study the impact of land-surface
heterogeneity on atmospheric dispersion. The LPDM is directly embedded in the meteorological model so that the near instant wind field is used to drive particle dispersion. The
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LPDM is based on McNider (1981), which has been used to simulate long-range, mesoscale
plume dispersion (Gupta et al. 1997; McNider et al. 1988, 1993).
2.1 Description of the Regional Atmospheric Modeling System (RAMS)
RAMS is a non-hydrostatic atmospheric model that utilises finite difference approximations
to solve the conservation equations of mass, momentum, heat, and different water phases and
has been successfully used to simulate a wide range of atmospheric phenomenon (Cotton et
al. 2002). Convective parameterisation and explicit parameterisation of cloud microphysics
are options within RAMS for representing cloud and precipitation processes. Options with
varying sophistication are also available within RAMS for representing subgrid-scale turbulence. The Land Ecosystem Atmosphere Feedback (LEAF-2) model (Walko 2000), and
the soil-vegetation-atmosphere transfer (SVAT) component within RAMS, account for vertical momentum, energy, and moisture transfers between the atmosphere and land. Radiative
transfer schemes of varying complexity are also available in RAMS (Chen and Cotton 1983;
Harrington et al. 1999; Mahrer and Pielke 1977).
In our application of RAMS, the Mellor-Yamada turbulence parameterisation was utilised
for vertical diffusion, while a modified Smagorinsky deformation scheme was applied in the
horizontal. The Kuo convective parameterisation along with cloud microphysical parameterisation was utilised to represent cloud and precipitation processes, with the radiative transfer
scheme of Harrington et al. (1999) used to account for radiative transfer processes. Aerosol
effects have been ignored.
2.2 Description of the LPDM
The particle plume dynamics model employed in the current study is adapted from the model
developed by McNider (1981) and McNider et al. (1988). The model has been used to study
long-range plume transport (McNider et al. 1988), the wind-shear effect produced by inertial
oscillations (McNider et al. 1993), and the energy spectrum in mesoscale plume transport
(Gupta et al. 1997). In general, for particles released in an Eulerian frame, the displacement
can be expressed by:


x (t + t) = x(t) + ū (x, y, z, t) + u  (x, y, z, t) t,


y (t + t) = y(t) + v̄ (x, y, z, t) + v  (x, y, z, t) t,


z (t + t) = z(t) + w̄ (x, y, z, t) + w  (x, y, z, t) + wd t,

(1a)
(1b)
(1c)

where overbars denote the mean quantities including the mesoscale and larger-scale variations, primes denote the fluctuations from the mean quantities representing the subgrid
velocities, and wd is a drift correction velocity introduced by Legg and Raupach (1982) to
avoid the accumulation of particles toward the lower energy in the vertically inhomogeneous
flow. The subgrid-scale components are modelled using linear Langevin stochastic differential equations (e.g., Gifford 1982) with the turbulent quantities parameterised for different
stability conditions. The drift correction velocity, wd , uses the following formulation of Legg
and Raupach (1982), viz.

wd = Tw
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Table 1 Description of the numerical experiments utilised in this study
Experiment name

Description

S1–S5

Atmosphere initialised using NAM 0600 UTC analysis fields for 21 May 2007. Uniform
soil saturation (horizontal and vertical) of 20, 30, 40, 50, and 60% assumed for experiments S1–S5 respectively. Soil type is also assumed to be same for the entire domain
(sandy clay loam)
Same as S3, except for the assumption of flat terrain

THOM
VHOM
TVHOM
HET1

HET2

Same as S3, except for the assumption of homogenous vegetation cover of evergreen
needle leaf tree
Same as VHOM, except for the additional assumption of flat terrain
Heterogeneous terrain, soil type, land use and soil moisture distribution.
Vegetation characteristics are RAMS-specified values that are function of
vegetation type
Same as HET1, except for the use of satellite-derived vegetation characteristics

HET3

Same as HET1, except for the use of heterogeneous distribution of soil type

HET4

Same as HET3, except for the use of satellite-derived vegetation characteristics

2.3 Experimental Design
We use a set of simulations with identical initial atmospheric conditions, but with varying
lower boundary conditions, to isolate the impact of a spatially heterogeneous distribution of
topography and surface sensible heat fluxes on atmospheric dispersion and also to quantify the
modulation of the surface sensible heat-flux heterogeneity effect by soil moisture (Table 1).
Experiments S1–S5 (defined in Table 1 along with acronyms for all other experiments) are
utilised to understand the role of soil moisture in modulating the impact of vegetation heterogeneity on dispersion. Experiments THOM and VHOM are aimed at isolating the impact
of terrain and vegetation heterogeneities on atmospheric dispersion by comparing against
S3, whereas experiment TVHOM is used for examining the combined impact of terrain and
vegetation inhomogeneities. The HET1 and HET2 experiments include topographic, vegetation, and soil moisture heterogeneities, with the HET2 experiment differing from the HET1
experiment in the use of MODIS satellite-derived vegetation characteristics to constrain vegetation heterogeneity. The HET3 and HET4 experiments are similar to the HET1 and HET2
experiments, except for the use of a heterogeneous distribution of soil type. The HET3 and
HET4 experiments are utilised to examine the overall impact of land-surface heterogeneity
on atmospheric dispersion, while the differences between the HET3, HET4, and the HET1,
HET2 experiments are used to isolate the impact of soil type heterogeneity.
The vegetation characteristic, leaf area index (LAI), vegetation fraction (VF), and vegetation albedo (VA), utilised in the HET2 and HET4 experiments are derived from the following
MODIS land products: normalised difference vegetation index (NDVI, MOD13A2 dataset),
leaf area index (LAI, from MOD15A2 dataset, Myneni et al. 2002) and broadband albedo
product (MOD43B3, Schaaf et al. 2002). LAI is directly utilised in the model experiment,
with fractional vegetation derived from the NDVI product using the method of Carlson
and Ripley (1997). Vegetation albedo is determined from the MODIS satellite-derived total
albedo by utilising fractional vegetation derived from NDVI along with the albedo of bare
soil parameterised as a function of soil moisture.
Two nested grids of RAMS configuration (see Fig. 1a) were used in all the experiments.
The outer grid consists of 101 × 101 grid points covering the south-east USA with a grid
spacing of 20 km in both x and y directions, while the inner grid with the model domain of
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(a)

(b)

(c)

(d)

(e)

Fig. 1 a The two nested grid domains of the simulation are drawn in bold lines and the release sources
are indicated by the triangle symbols. b–e Surface characteristics used for the grid-2 simulation domain:
b topography from the RAMS dataset; c RAMS vegetation classes; d soil texture classes; e top most layer
soil moisture from NAM data. Also, in b–e the dash-lined box indicates the plotting domain used in the
dispersion plots in Figs. 4, 5, 7, 9 and 10, and the three little triangles, R1, R2 and R3 mark the release sources
locations
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52 × 52 grid points covers a study area consisting of Alabama, parts of Tennessee, Mississippi, and Georgia. A grid spacing of 10 km is used in both the x and y directions. A stretched
grid with 56 grid points and a stretch ratio of 1.1 was applied in the vertical direction resulting in the grid spacing gradually increasing from 20 m near the surface to a maximum of
500 m at an attitude of 4.91 km. Above 4.91 km the grid spacing remains at 500 m until the
domain top at 15.41 km. Eight soil levels located at 0.1, 0.2, 0.4, 0.6, 0.8, 1.0, 1.5, and 2 m
depths were used in all of the experiments. The North American Model (NAM) atmospheric
analysis of the National Centers for Environmental Prediction (NCEP) was used to nudge
the lateral boundaries of the outer grid and a nudging time scale of 7200 s was utilised in all
experiments.
Moderate terrain variations, associated with the Smoky Mountain and its extension into
northern Alabama, are found in the north-east part of the experimental domain (Fig. 1b). The
spatial distribution of vegetation type shows deciduous broadleaf vegetation dominating the
northern part of the domain with evergreen needleleaf vegetation occupying the southern
and central regions (Fig. 1c). Significant areas of crop/mixed farming land-use type are also
found in the central and south-eastern regions of the domain, while small urban/built-up
locations are distributed throughout the domain (Fig. 1c). The soil type (Fig. 1d) over the
study area consists of silt loam in the southern, central, and northern parts of Alabama and
silty clay loam covering the rest of the region. The NAM-derived soil moisture field, used to
specify soil moisture heterogeneity in experiments HET1, HET2, HET3, and HET4, shows
relatively moist conditions throughout most of the domain (≈0.24 m3 m−3 , ≈50% fraction of
saturation soil moisture content, called “soil saturation” hereafter) except in the south-eastern
part of the domain and in small areas of northern Alabama (Fig. 1e). Sandy clay loam, the
uniform soil type assumed in experiments S1–S5, and HET1 and HET2, is chosen since its
hydraulic conductivity is approximately intermediate between that of silt loam and silty clay
loam, the major soil types in the study area.
Note that, in order to obtain a complete picture of the spatial heterogeneity associated with
vegetation, other characteristics such as LAI, VF, and VA also need to be considered (Fig. 2).
The LEAF-2 SVAT model (see Sect. 2.1) within RAMS assigns values for these variables
based on vegetation type (Fig. 2a, c, e) and does not show a significant variation within each
class. Spatial variations in the VF and VA fields specified in LEAF-2 mirrors vegetation type,
while the LAI field shows only minor variations in the northern part of the domain. However,
the MODIS satellite-derived fields for these variables (Fig. 2b, d, f) show significant spatial
variations within the same vegetation type. Thus the use of satellite-derived vegetation fields
better captures the nature of land-surface heterogeneity associated with vegetation.
In order to determine the impact of land-surface heterogeneity on atmospheric dispersion,
LPDM simulates particles released from three locations (see R1, R2, and R3 in Fig. 1) for all
the experiments described in Table 1. The release locations are chosen to sample regions of
significant topographical (R3) and land-surface heterogeneity (R1: soil texture heterogeneity,
R2: land use heterogeneity), so that the plumes from these release locations experience different transport and dispersion due to the local flow affected by the heterogeneous topography
or surface sensible heat fluxes, or both.
Note that the Gulf states in the southern USA are often affected by the mesoscale transport
of smoke from biomass burning in central America during the spring and early summer season. During the time period considered in this study (May 21–22, 2007), smoke from forest
fires in Florida was transported over the subject area. While this study does not consider a
comparison against the observed smoke event, conditions during this time period are still
representative of mesoscale transport events in this region.
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(a)

(b)

(c)

(d)

(e)

(f)

Fig. 2 Vegetation information used in the simulations. a LAI from RAMS; b LAI from MODIS; c vegetation
fraction from RAMS; d vegetation fraction from MODIS; e albedo of vegetation from RAMS; f albedo of
vegetation from MODIS. The MODIS data are in May 2007

3 Results
Dispersion patterns associated with releases from three locations (Fig. 1) are compared for
the different experiments. Release locations are chosen to sample regions of significant topographical (R3) and vegetation (R1 & R2) heterogeneity. Releases are initiated at 1200 UTC
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(a)

(b)

Fig. 3 For the soil moisture sensitivity runs averaged over the grid-2 domain for: a surface sensible heat flux,
and b surface latent heat flux

and maintained for 18 h. The dispersion patterns were analysed in the convective boundary
layer during the first 12 h, and in and above the nocturnal boundary layer over the last 6 h.
3.1 Sensitivity of Daytime Dispersion Patterns to Soil Moisture
The primary impact of soil moisture variation is to alter the partitioning of net incoming
radiative energy input into sensible (Fig. 3a) and latent heat fluxes (Fig. 3b), which exhibits
a nonlinear response. As the initial soil saturation increases from 20 to 40%, the amount
of net incoming radiation utilised for evaporation and transpiration increases approximately
in proportion to the variation in soil saturation, while the sensible heat flux decreases. A
further increase in soil saturation to 50% produces a disproportionate change in the amount
of incoming net radiation that is utilised for evaporation and transpiration. A variation in
initial soil saturation from 30% in the S2 experiment to 40% in the S3 experiment results
in an increase of approximately 100 W m−2 in the maximum simulated latent heat fluxes
(a decrease of approximately 50 W m−2 in sensible heat fluxes), while a further change in
soil saturation to 50% produces an increase of more than 300 W m−2 in the maximum simulated latent heat fluxes (decrease of ≈400 W m−2 in the sensible fluxes) in the S4 experiment.
The manner in which the initial soil saturation modulates the partitioning of the incoming
net radiation is also reflected in atmospheric dispersion patterns associated with experiments
S1–S5 (Fig. 4). In general, the areal extent of the dispersion pattern decreases with increasing
soil saturation and the most significant changes in the dispersion pattern occur when the initial soil saturation is increased from 40% in S3 to 50% in the S4 experiment. In the different
experiments, releases were transported over distances ranging from 50–100 km in 12 h, with
comparable dimensions for lateral spreading.
Dispersion patterns found in experiments with higher initial soil saturation (S4 & S5)
are reminiscent of Gaussian plume dispersion patterns (Fig. 4j–o), while those observed in
experiments with lower initial soil saturation (S1–S3) are distinctly non-Gaussian (Fig. 4a–i).
For example, the dispersion pattern associated with release R1 exhibits significant curvature
in experiments S1–S3 (Fig. 4a, d, g) while it is significantly more linear in experiments S4
and S5 (Fig. 4j, m). Curvature in the dispersion pattern is related to curvature in the flow
field induced by the differences in vegetation type (Fig. 1b) in the vicinity of the R1 and R2
release locations. Curvature in the flow field also causes the dispersion pattern associated
with the R2 release to “wrap around” and assume a near circular shape (Fig. 4b, e, h) in
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Fig. 4 The 12 h (1200–2400 UTC, May 21, 2007), daytime dispersion patterns for R1–R3 releases for S1,
S2, S3, S4, and S5 experiments are shown in panels a–c, d–f, g–i, j–l, and m–o respectively. The bold black
line indicates the Alabama state borders. The states of Mississippi, Tennessee, and Georgia are to the west,
north, and east of Alabama, respectively
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experiments S1–S3, while the corresponding dispersion pattern in the S4–S5 experiments
is linear (Fig. 4k, n). A Y-shaped dispersion pattern is found for release R3 in experiments
S1–S3 (Fig. 4c, f, i) compared to a linear pattern with a north-west orientation that occurs
in experiments S4–S5 (Fig. 4l, o). Topographical channelling is evident in the dispersion
pattern for R3 in experiments S1–S3 (Fig. 4c, f, i), where the Y shape of the particle plume
confirms a division of atmospheric flow into two pathways around the topographic ridge T1
(Fig. 1b). The dispersion pattern for R3 in experiments S4–S5 (Fig. 4l, o) shows that topographic flow features responsible for the Y-shaped dispersion pattern in experiments S1–S3
did not develop under conditions of higher soil saturation.
Experiments S1–S5 show that both vegetation and topographic heterogeneity effects are
modulated by soil moisture with drier conditions enhancing the impact of these heterogeneities. Wetter conditions subdue flow features generated by heterogeneities in vegetation and
topography. The response of atmospheric dispersion to soil moisture conditions is nonlinear,
with dispersion patterns abruptly switching as the soil saturation exceeds 40%.
3.2 Sensitivity of Daytime Atmospheric Dispersion to Vegetation and Terrain
Heterogeneity
In order to examine the impact of terrain and vegetation heterogeneities on atmospheric dispersion, patterns of dispersion for releases R1–R3 in S3 (Fig. 4g, h, i), and the TVHOM,
THOM, and VHOM experiments (Fig. 5), are intercompared. The TVHOM, THOM, and
VHOM experiments show that the dispersion patterns are substantially different when topographic, vegetation heterogeneity, or both types of land-surface heterogeneities are absent
(Fig. 5). When both topographic and vegetation heterogeneities are absent, the dispersion
patterns are essentially Gaussian with the R1–R3 releases transported in a north-westerly
direction in experiment TVHOM (Fig. 5a–c). In comparison to the S3 experiment, the transverse spread is highest for the R2 release in the TVHOM experiment (Fig. 5b) while it is
relatively constrained for releases R1 and R3 (Fig. 5a, b). In the THOM experiment, where
topographic heterogeneity is removed, the dispersion pattern for the R1 release (Fig. 5d)
exhibits a non-Gaussian structure with the plume branching in multiple directions. The dispersion pattern associated with the R2 release in the THOM experiment (Fig. 5e) shows more
closely a Gaussian dispersion behaviour while the R3 release pattern (Fig. 5e) is affected by
flow curvature. The removal of vegetation heterogeneity, while maintaining topographic heterogeneity in the VHOM experiment, results in the dispersion pattern for the R1 release to
be Gaussian (Fig. 5g). The R2 and R3 releases in the VHOM experiments (Fig. 5h, i) exhibit
non-Gaussian dispersion features with asymmetrical distortion of the plume geometry and
curvature effects as well.
An intercomparison of the TVHOM, THOM, and VHOM experiments shows that vegetation heterogeneities cause the maximum deviation from Gaussian dispersion characteristics.
Vegetation heterogeneity also amplifies the impact of the topographical heterogeneities and
thus the combined effect of both factors on atmospheric dispersion is significant. This is
also evident in the near-surface divergence field, which shows that land-surface heterogeneities force mesoscale flow features with dimensions comparable to the plumes (Fig. 6). The
action of these mesoscale circulation features on plume dispersion results in non-Gaussian
characteristics. Note that the surface divergence field is very similar for the THOM and
S3 (Fig. 6b, d) experiments and it is very different compared to the TVHOM and VHOM
(Fig. 6a, c) experiments. This indicates that the variability in the divergence field is primarily influenced by vegetation heterogeneity. Comparison of the near-surface divergence
field from the VHOM and S3 experiments (Fig. 6c, d) shows that terrain-induced divergence
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Fig. 5 The 12-h (1200–2400 UTC, May 21, 2007), daytime dispersion patterns for R1–R3 releases for
TVHOM, THOM, VHOM, and S3 experiments are shown in panels a–c, d–f, g–I, and j–l respectively. The
bold black line indicates the Alabama state borders. The states of Mississippi, Tennessee, and Georgia are to
the west, north, and east of Alabama, respectively

features (for example features D1 and D2 in Fig. 6c) are amplified by the addition of vegetation heterogeneity.
3.3 Sensitivity of Nocturnal Atmospheric Dispersion to Vegetation and Terrain
Heterogeneity
Comparison of releases R1–R3 in the TVHOM, THOM, VHOM, and S3 experiments (Fig. 7)
shows that nocturnal atmospheric dispersion is very sensitive to terrain and vegetation
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(a)

(b)

(c)

(d)

Fig. 6 Near-surface divergence field at 1800 UTC for a TVHOM; b THOM; c VHOM; and d S3 experiments.
Note the sign has been reversed so that positive and negative values indicate convergence (upward motion)
and divergence (downward motion) respectively

heterogeneities. When both topographical and vegetation heterogeneities are removed, the
nocturnal dispersion patterns for releases R1–R3 (Fig. 7a–c) are essentially Gaussian in nature
with substantial spreading in the direction transverse to the axis of transport.
In the THOM experiment, where vegetation heterogeneity is considered independent
of topographic heterogeneity, the nocturnal dispersion patterns deviate significantly from
Gaussian dispersion (Fig. 7d–f). For release R1, part of the plume “wraps around” and propagates eastward while the other part of the plume propagates northward (Fig. 7d). The plume
in the R2 release propagates northward with the plume extent in the east-west direction
decreasing in the northward direction. Parts of the R3 release plume propagate in a southerly
direction while other parts propagate northward.
The releases R1–R3 in the VHOM experiment show that terrain heterogeneity also has
a significant impact on nocturnal dispersion patterns. The R1 release (Fig. 7g), located in a
region with relatively small terrain variations, shows a behaviour similar to that observed in
the TVHOM experiment (Fig. 7a). However, the impact of terrain heterogeneity on dispersion
patterns for the R2 and R3 releases is to make them significantly non-Gaussian (Fig. 7h, i).
The R2 release plume initially propagates towards the north-west and then curves in an
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Fig. 7 Six-hour nocturnal dispersion patterns (0000–0600 UTC, May 22, 2007) for R1–R3 releases for
TVHOM, THOM, VHOM, and S3 experiments are shown in panels a–c, d–f, g–I, and j–l respectively. The
bold black line indicates the Alabama state borders. The states of Mississippi, Tennessee, and Georgia are
to the west, north, and east of Alabama, respectively. The dashed line indicates the location where the cross
sectional wind profile is plotted in Fig. 8

easterly direction while the leading edge of the R3 plume is asymmetrically elongated in the
easterly direction.
The combined impact of both terrain and vegetation heterogeneity on nocturnal dispersion is to make the dispersion substantially non-Gaussian in nature (Fig. 7j–l). The plume
associated with release R1 experiences significant curvature (Fig. 7j) and elongation. The R2
release plume also shows effects of flow curvature (Fig. 7k) while the leading edge of the R3
release plume assumes a crescent shape (Fig. 7l).
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(a)

(b)

(c)

(d)

Fig. 8 Model-simulated wind profile at 0600 UTC, May 22, 2007, along a cross section indicated by the
dashed line on Fig. 7 for: a TVHOM case run; b THOM; c VHOM; and d S3. The topographical profile is
indicated by the black line near the bottom of panel c and d. The wind speed is indicated both by colour and
length of the barb and the orientation of the barb is the direction from which the wind blows

The influence of surface heterogeneity on the air flow can also be found in the nighttime
vertical profile of the horizontal wind (Fig. 8). Comparison of the TVHOM experiment to the
others shows that the influence is most prominent in the lower troposphere as the effect is most
immediate at those levels and the influence extends over the daytime CBL within 2–3 km in
the vertical. The THOM experiment shows that the vegetation heterogeneity can have a significant impact as demonstrated by the wind shift to the south-westerly with speeds of more
than 10 m s−1 , to south-easterly at less than 5 m s−1 in the TVHOM run between longitudes
88◦ W and 87◦ W. Compared to the TVHOM experiment, the presence of topography and
topographical heterogeneity in the VHOM and S3 experiments exerts a strong influence in
the layer extending to more than 4 km vertically, as shown by the drastic departure of the wind
aloft from that in the lower layer. Furthermore, the strong wind shear in both the vertical and
horizontal spreads the particles completely across the area in the nighttime regime, especially
in the case that has inherited an already widespread plume from the daytime dispersion, as
shown in Fig. 7i (VHOM) and 7l (S3).
3.4 Sensitivity of Daytime and Nocturnal Atmospheric Dispersion to Soil Moisture
Heterogeneity and the Use of Satellite-derived Vegetation Characteristics
Sensitivity of atmospheric dispersion to soil moisture heterogeneity is explored by comparing
dispersion patterns for releases R1–R3 in the HET1 and S4 experiments. The S4 experiment
was selected for comparison purposes since the 50% soil saturation value used in the S4
experiment is representative of average soil moisture conditions used in the HET1 and HET2
experiments. The daytime dispersion patterns for releases R1–R3 are very similar in both
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the S4 (Fig. 9a–c) and HET1 experiments (Fig. 9d–f). The reason for this lack of sensitivity
is the high soil saturation values found in the domain, and as noted in Sect. 3.1, moister soil
conditions tend to suppress heterogeneity effects. Dispersion patterns for releases R1–R3
did not substantially deviate from Gaussian dispersion patterns in both the S4 and HET1
experiments. Primary differences found between dispersion patterns in the S4 and HET1
experiments are the extent of lateral spread, plume orientation, and curvature. Dispersion
patterns for the R1 and R2 releases in the S4 experiment (Fig. 9b, c) exhibited more lateral
spread compared to their counterparts in the HET1 experiment (Fig. 9e, f). The plume geometry for the R1 release in HET1 is more symmetric along the major axis as compared to
that found in the S4 experiment.
The sensitivity of dispersion patterns to the use of satellite-derived vegetation characteristics is also small due to the moist soil conditions. The daytime comparison of the R1–R3
releases in the HET1 (Fig. 9d–f) and HET2 (Fig. 9g–i) experiments shows that the primary
difference in dispersion patterns is the lateral plume spread. The most substantial difference
in lateral plume spread is found for the R1 release, where the plume for the R1 release
is substantially thinner in the HET2 experiment (Fig. 9g) than its counterpart in the HET1
simulation (Fig. 9d).
The imposition of soil type heterogeneity has a dramatic impact on the daytime dispersion
patterns for all releases. The R1 release initially proceeds in a north-westerly direction and
then shifts towards the north-east in both the HET3 and HET4 experiments (Fig. 9j, m). The
section of the R1 plume oriented in the north-east direction in the HET3 experiment (Fig. 9k)
shows a transverse spread while this feature is absent in the HET4 experiment (Fig. 9n). The
R2 release displays a complex pattern with multiple branches oriented in the north-east, west,
and west-south-west directions in the HET3 experiment (Fig. 9k). The R2 release patterns
exhibit less areal extent in the HET4 experiment, with the north-east branch shifting toward
the east-north-east and both the other branches exhibiting a southerly shift (Fig. 9n). The R3
release pattern also presents with a significant difference than the HET3 experiment (Fig. 9l),
where it is initially oriented west-north-west and later in a north-east direction extending further north in comparison to a corresponding feature in the HET1 experiment. The R3 release
feature oriented in a north-easterly direction in the HET3 experiment is shifted towards the
east-north-east direction in the HET4 experiment (Fig. 9o) and does not travel as far north as
its counterpart in the HET3 experiment. The transverse spread of this feature is less in HET4
compared to the HET3 experiment.
Nocturnal dispersion patterns are significantly affected by both soil moisture heterogeneity and the satellite-derived vegetation spatial distribution of vegetation characteristics
(Fig. 10). The lateral spread of the plumes during nighttime is more substantial under homogeneous soil moisture conditions (S4 experiment; Fig. 10a–c) compared to the heterogeneous
distribution of soil moisture (HET1, HET2 experiments; Fig. 10d, f, g, i). Soil moisture heterogeneity also affects the plume propagation distance, orientation, and geometry. The R1
release plume crosses the Alabama-Mississippi border in the HET1 experiment (Fig. 10a)
but it does not approach the border in the S4 experiment (Fig. 10d). The plume area for the
R2 and R3 releases is significantly smaller in the HET1 experiment (Fig. 10e, f) compared
to S4 experiment (Fig. 10b, c).
For a heterogeneous soil moisture distribution, the use of satellite-derived vegetation characteristics further alters nocturnal dispersion patterns for releases R1–R3 (Fig. 10g–i). Plumes
for all three releases propagate less distance when satellite-derived vegetation characteristics
are utilised. While the R1 release plume reaches the vicinity of the Alabama-Mississippi
border in the HET2 experiment (Fig. 10d), it does not cross the state border into Mississippi
as in the HET1 experiment (Fig. 10g). The R2 release plume extends more in the north and
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Fig. 9 The 12-h (1200–2400 UTC, May 21, 2007) daytime dispersion patterns for R1–R3 releases for S4,
HET1, HET2, HET3, and HET4 experiments are shown in panels a–c, d–f, g–i, j–l, and m–o respectively.
The bold black line indicates the Alabama state borders. The states of Mississippi, Tennessee, and Georgia
are to the west, north, and east of Alabama, respectively
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Fig. 10 The 6-h nocturnal dispersion patterns (0000–0600 UTC, May 22, 2007) for R1–R3 releases for S4,
HET1, HET2, HET3, and HET4 experiments are shown in panels a–c, d–f, g–i, j–l, and m–o respectively.
The bold black line indicates the Alabama state borders. The states of Mississippi, Tennessee, and Georgia
are to the west, north, and east of Alabama, respectively
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south directions in the HET1 experiment (Fig. 10e) compared to that in the HET2 experiment
(Fig. 10h), while the R3 release plume extends more to the north in the HET1 experiment
(Fig. 10f) than its counterpart in the HET2 experiment (Fig. 10i).
The addition of soil type heterogeneity introduces the most dramatic changes to the nocturnal dispersion patterns of releases R1–R3. The introduction of heterogeneous soil types
causes the areal extent, geometry and orientation of the release plume to alter significantly
(Fig. 10j–o). The shape of the dispersion patterns in both the HET3 and HET4 experiments
are substantially more irregular when compared to those in the S4, HET1, and HET2 experiments. The areal extents of all the release plumes are also much higher in the HET3 and HET4
experiments compared to their counterparts in other experiments. Comparison between the
HET3 and HET4 experiments shows that the main impact of using satellite data to constrain
the model simulations is to reduce the areal extent of the plume dispersion patterns. There are
also changes to the shape of the dispersion patterns, with an enhanced northern spread of the
R1 release plume (Fig. 10j) and a westerly spread of portions of the R2 and R3 release plumes
(Fig. 10k, l) being more prevalent in the HET3 experiment compared to HET4 (Fig. 10m–o).
The mid-day near-surface divergence field shows that the inclusion of soil type heterogeneity enhances the generation of mesoscale circulation features (Fig. 11). Differences in
the divergence field between the HET1 and HET2 experiments are minimal (Fig. 11a, b),
while the near-surface divergence field for the HET3 experiment shows the existence of several local maxima of convergence (Fig. 11c). The use of satellite data to constrain vegetation
characteristics leads to several of these convergence maxima being less intense, but still there
are more active regions of convergence than are present in the HET1 and HET2 experiments.
The enhancement of mesoscale circulations in the study area is reflected in the dispersion
patterns for the HET3 and HET4 experiments, which exhibit more areal spread and shape
distortion compared to HET1 and HET2 experiments.

4 Discussion
While prior studies have examined the impact of surface heterogeneities on atmospheric dispersion at multiple spatial scales (Gopalakrishnan and Avissar 2000; Gopalakrishnan et al.
2000; Pielke and Uliasz 1993), the sensitivity of mesoscale atmospheric dispersion to landsurface heterogeneity is still not well understood. Such knowledge is essential for improving
predictions for regional and long-range transport, especially through the utilisation of data
assimilation techniques.
Atmospheric numerical models, such as RAMS, use SVAT sub-models (LEAF-2) to parameterise land-atmospheric interactions. However, the performance of SVAT submodels is dependent on the proper specification of vegetation characteristics such as
aerodynamic roughness, leaf area index, vegetation fraction, albedo and soil moisture. While
it is possible to determine the important vegetation characteristics at adequate spatial resolutions using satellite remote sensing, soil moisture measurements at the needed spatial
and temporal resolution are scarce. However, techniques that constrain surface energy flux
and moisture partitioning in the SVAT sub-model using either satellite observations of skin
surface temperature (Jones et al. 1998a,b; McNider et al. 1994, 2005) or remotely-sensed
surface soil moisture estimates (Reichle et al. 2002, 2007, 2008), or in situ soil moisture
measurements (De Lannoy et al. 2007), surface meteorological observations (Alapaty et al.
2008), or other satellite data (Matsui et al. 2007, 2008) can be used indirectly to account for
the spatial heterogeneity of soil moisture.
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(a)

(b)

(c)

(d)

Fig. 11 Near-surface divergence field at 1800 UTC, May 21, 2007 for a HET1; b HET2; c HET3; and
d HET4 experiments. Note the sign has been reversed so that positive and negative values indicate convergence (upward motion) and divergence (downward motion) respectively

Numerical model experiments conducted in this study show that atmospheric dispersion in
both the convective and nocturnal boundary layers are sensitive to the nature of land-surface
heterogeneity. The MODIS land product dataset is effective for the realistic specification of
vegetation heterogeneity in mesoscale atmospheric models.
However, sensitivity experiments S1–S5 show that soil moisture plays an important role
in modulating the impact of terrain and vegetation heterogeneity on atmospheric dispersion.
Thus the realistic specification of vegetation heterogeneity alone is not sufficient but needs
to be coupled with a realistic distribution of soil moisture. Data assimilation techniques that
utilise satellite skin temperature (McNider et al. 2005), surface meteorological observations
(Alapaty et al. 2008), or an integrated land-surface assimilation analysis (Matsui et al. 2007)
are capable of indirectly accounting for soil moisture heterogeneity. Since the data assimilation techniques are aimed at constraining the SVAT model to generate a realistic spatial
distribution of sensible and latent heat fluxes, it may appear that it is unnecessary to introduce
satellite-derived spatial distributions of vegetation characteristics when such techniques are
being utilised. However, substantial differences in nocturnal atmospheric dispersion patterns
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between the HET1 and HET2, HET3 and HET4 experiments (Fig. 10d–f, g–i) show that it
is also necessary to specify realistically vegetation heterogeneity. The realistic spatial distribution of surface sensible heat flux is important for dispersion in the convective boundary
layer while the spatial variation in vegetation characteristics such as aerodynamic roughness
and fractional vegetation cover is important for dispersion in the nocturnal boundary layer
where the impact of mechanically-generated turbulence dominates. The spatial variation in
vegetation roughness may be also important for daytime dispersion since it may result in
acceleration or deceleration of near-surface flow and induce regions of convergence/divergence. The dramatically different dispersion patterns found in HET3 and HET4 also show
that soil-type heterogeneity plays an important role in determining the dispersion pattern.
Experiments conducted in this study show that satellite-derived vegetation characteristics, soil type data, and data assimilation techniques all have the potential to improve the
predictability of atmospheric dispersion.

5 Conclusions
We examined the relative role of topography, vegetation, and soil moisture heterogeneity
on mesoscale atmospheric dispersion using a Lagrangian particle dispersion model coupled
with RAMS, an Eulerian meteorological numerical model. Prior studies have focussed on
atmospheric dispersion in the convective boundary layer at smaller spatial scales forced by
idealised patterns of spatial heterogeneity. This study utilised realistic topographic, vegetation, and soil moisture heterogeneities in numerical experiments designed to isolate the
impact of each of these heterogeneities. Numerical experiments show a strong dependency
of atmospheric dispersion on all the factors discussed above. Specific findings from our study
include:
1. Numerical model experiments show that the impacts of vegetation and terrain heterogeneities are modulated by soil moisture. Dispersion patterns show a nonlinear response to
soil moisture with the patterns switching from non-Gaussian to near-Gaussian behaviour
when soil saturation exceeds 40%.
2. Sensitivity experiments show that soil type and vegetation heterogeneities cause a maximum deviation from Gaussian dispersion behaviour, primarily due to the action of
mesoscale circulation features induced by heterogeneous soils, vegetation, and terrain.
3. The primary forcing for mesoscale circulation features is differential heating related to
soil and vegetation heterogeneity.
4. Nocturnal dispersion is very sensitive to heterogeneity in topography, vegetation, soil
moisture, and soil type.
5. The numerical simulation of atmospheric dispersion is also sensitive to the use of satellitederived vegetation characteristics and especially impacts nighttime dispersion.
The numerical experiments suggest that the utilisation of satellite data to specify vegetation
heterogeneity, coupled with the use of assimilation techniques that constrain SVAT sub-models to generate realistic spatial distributions of surface energy fluxes, have the potential to
improve the prediction of atmospheric dispersion. The sensitivity of atmospheric dispersion to the use of the assimilation techniques of Alapaty et al. (2008), Matsui et al. (2007)
and McNider et al. (2005) needs to be considered in future studies. Improvements in the
performance of the dispersion modelling system utilising satellite vegetation data and data
assimilation techniques also needs to be quantified by comparing against observations.
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