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Abstract: Appropriate representation of the vegetation dynamics is crucial in hydrological modelling.
To improve an existing limited vegetation parameterization in a semi-distributed hydrologic model,
called the Soil Moisture and Runoff simulation Toolkit (SMART), this study proposed a simple
method to incorporate daily leaf area index (LAI) dynamics into the model using mean monthly LAI
climatology and mean rainfall. The LAI-rainfall sensitivity is governed by a parameter that is optimized
by maximizing the Pearson correlation coefficient (R) between the estimated and satellite-derived
LAI time series. As a result, the LAI-rainfall sensitivity is smallest for forest, shrub, and woodland
regions across Australia, and increases for grasslands and croplands. The impact of the proposed
method on catchment-scale simulations of soil moisture (SM), evapotranspiration (ET) and discharge
(Q) in SMART was examined across six eco-hydrologically contrasted upland catchments in Australia.
Results showed that the proposed method produces almost identical results compared to simulations
by the satellite-derived LAI time series. In addition, the simulation results were considerably
improved in nutrient/light limited catchments compared to the cases with the default vegetation
parameterization. The results showed promise, with possibilities of extension to other hydrologic
models that need similar specifications for inbuilt vegetation dynamics.

Keywords: hydrologic modelling; leaf area index; SMART; soil moisture; evapotranspiration;
catchment-scale; hydrologic reference stations; upland catchments; Australia

1. Introduction

Terrestrial vegetation plays an important role in the water and energy cycles. Changes in the
vegetation cover affect land surface properties, carbon generation and consumption, and significantly
impact regional and global climate systems dynamics [1–3]. For the hydrological cycle, vegetation
density (e.g., leaf area index (LAI)) and physiological properties (e.g., stomatal conductance) control
partitioning of rainfall into runoff and evapotranspiration [4]. Specifically, stomatal conductance
controls leaf-scale transpiration rates, and LAI controls transpiration rates and canopy interception
losses. As a result, changes in LAI not only impact evapotranspiration rates, but also can affect
subsequent hydrologic processes including soil moisture, baseflow and runoff [5,6]. Such long term
changes in vegetation cover in response to environmental factors can also manifest themselves through
nonstationary hydrologic responses where long-term trends in annual runoff to precipitation ratios in
20 anthropogenically unaffected catchments in Australia are observed [7].
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Given the importance of vegetation in the hydrologic cycle, appropriate representation of
the vegetation processes (i.e., photosynthesis, respiration, carbon allocation, and phenology) in
hydrologic models is desirable. Physically based ecohydrologic models such as the Regional
Hydro-Ecological Simulation System (RHESSys) [8] and Tethys-Chloris [9] have been developed
to simulate ecohydrological processes at catchment scales. These ecohydrologic models integrate
hydrological and ecological processes of a catchment where vegetation dynamics are internally
simulated as a function of water and energy availability, and vegetation is used as a state variable
for solving water/energy balances [10,11]. As the application of ecohydrologic models is limited by
a large number of parameters and high computational demand, it is still a challenge to effectively
consider dynamic vegetation effects on the water and energy balances in hydrological models [12].
Some physically-based hydrologic models assume vegetation as a static component of the hydrologic
cycle or prescribe the same monthly LAI climatology (climatologically representative value of LAI
by taking a long-term average of monthly LAI values) year after year to incorporate vegetation
processes [13]. For example, in a distributed hydrology-vegetation model, Wigmosta et al. [14] defined
maximum canopy interception storage capacities and resistance based on seasonal LAI values. In a
semi-distributed variable infiltration capacity (VIC) model, Liang et al. [15] parameterized land cover
types based on monthly LAI climatology values, canopy resistance and relative fractions of roots in the
soil layers. In the HYDRUS software package that simulates water, heat, and solute transport in porous
media [16], potential evapotranspiration is partitioned to transpiration and soil evaporation according
to the Beer’s law that attenuates light through the canopy based on light extinction coefficient and
LAI [17].

These limited parameterization approaches using constant or inter-annually invariant monthly
LAI values have been shown to impact accuracy of simulated hydrologic fluxes. Ford and Quiring [18]
showed that incorporating inter-annual LAI dynamics from the moderate resolution imaging
spectroradiometer (MODIS) in the VIC model improved soil moisture simulations particularly during
dry periods. However, the improvement has not been consistent. Donohue et al. [12] emphasized
explicit representation of vegetation dynamics in the Budyko model particularly when it is applied at
small timescales and/or small catchments as vegetation dynamics affect annual and seasonal vegetation
water use. For this reason, many efforts have been made to include vegetation component in the Budyko
model framework [19–22]. Wegehenkel [23] coupled a hydrologic model with a static and a dynamic
vegetation module implemented at a catchment scale, and showed that simulated evapotranspiration
and groundwater recharge are significantly different from those derived from temporally invariant
vegetation conditions. Tang et al. [24] also showed that incorporating observed MODIS LAI compared
to LAI climatology has larger impacts on evapotranspiration compared to soil moisture particularly in
regions with larger LAI inter-annual variability. Tesemma et al. [4] also illustrated that VIC simulated
runoff from the Goulburn–Broken catchment in Australia is improved when observed monthly LAI
data from the Global Land Surface Satellite (GLASS) are used instead of long-term mean monthly
LAI climatology.

As incorporating LAI dynamics at large scale depends on the quality of remotely sensed
observations and data availability, empirical approaches have been developed to include LAI dynamics
in hydrologic models while keeping model structure unchanged. To incorporate changes in LAI
dynamics for climate change impact assessment, Tesemma et al. [25] examined predictive capability of
a set of three-parameter empirical functions that relate annual or monthly LAI to a range of climate
variables (precipitation, potential evapotranspiration, soil moisture and temperature) for three different
land covers types in the Goulburn–Broken catchment in Australia. The best non-linear empirical LAI
model calibrated against remotely sensed LAI data were first applied to simulate changes in LAI
under climate change scenarios. Results of future runoff simulations using VIC model illustrated
significant differences in the mean annual runoff when estimated LAI from the empirical function
were utilized instead of LAI climatology [26]. Mohaideen and Varija [27] also used the VIC model
for simulating various hydrologic fluxes for a catchment that has experienced significant land cover
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changes over a 10-year period. Satellite-derived LAI and land cover data were used for grid-wise
vegetation parameterization, and results showed significant increases/decreases in hydrologic fluxes
for different land cover types.

To incorporate vegetation dynamics in hydrologic models without explicitly simulating
carbon cycle, this study aims to improve the LAI parameterization method in a semi-distributed
hydrologic model, called the Soil Moisture and Runoff simulation Toolkit (SMART) [28]. SMART is a
semi-distributed hydrologic modeling toolbox for computationally efficient hydrologic simulations.
The computational efficiency is achieved by formulating two-dimensional representative hillslopes or
equivalent cross sections (ECSs) in every sub-basin where each ECS consists of topographically defined
hydrologic response units (HRUs). These delineations will result in a highly efficient semi-distributed
hydrological modeling framework compared to distributed hydrologic models that perform model
simulations at very grid cell [29,30]. Despite SMART’s computational efficiency, its vegetation
parameterization needs to be improved. The current version of SMART relies on a simple method
proposed by Vaze et al. [31], where monthly LAI climatology is proportionally scaled by the ratio of
monthly rainfall to monthly rainfall climatology for three land cover classes (pasture, crop, and tree).
However, the accuracy of this method on simulating hydrologic fluxes and states has not been fully
assessed compared to prescribing inter-annual variability of LAI from remotely sensed data. Therefore,
we aim to develop a viable alternative to the existing LAI parameterization in SMART using remotely
sensed LAI data to improve catchment-scale simulations of soil moisture (SM), evapotranspiration (ET)
and streamflow (Q). We also expect that the proposed framework can be conveniently incorporated in
any hydrologic model where simple parameterization of vegetation dynamics is desired. The proposed
LAI scaling method was evaluated by simulating soil moisture, evapotranspiration, and streamflow
over six ecohydrologically contrasted catchments located in high elevation mountain ranges in Australia.
For this research objective, this paper is organized as follows. In Section 2, we describe the study area
and data used in this study together with a summary of the exiting LAI model in SMART, and the
proposed LAI parameterization method. In Section 3, we present and discuss the evaluation results
over the six catchments. Lastly, in Section 4, we summarize the results and present conclusions.

2. Methodology

2.1. Study Area

Australia was selected as the study area to develop a simple scaling approach for LAI parameterization
in hydrologic models. The region (10◦ S–45◦ S, 110◦ E–155◦ E) covers various climate and land cover
types allowing to assess the general applicability of the proposed method, and its potential applicability
elsewhere. As shown in Figure 1a,b, Australia consists of six primary land covers including forest,
shrublands, woodlands, grasslands, croplands and unvegetated regions, and three dominant climate
zones; tropical, arid and temperate. The presented land covers and climate zones are based on the
moderate resolution imaging spectroradiometer (MODIS) yearly land cover data [32], and the updated
Köppen–Geiger climate classification [33], respectively (see Section 2.2 for details).

For the simulations using SMART, as presented in Figure 1, we selected six ecohydrologically
contrasted catchments from the hydrologic reference stations (HRS). These catchments are distributed
over the mountainous regions and present non-stationary hydrologic responses [7]. The HRS consists
of 222 monitoring sites with long-term streamflow records, and minimal flow regulation and land use
change [34,35]. The catchment areas of HRS range from 101 to 232,846 km2, and the elevations vary
from 284 to 1351 m (above sea level), respectively.
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Figure 1. (a) Six primary land covers based on MODIS data (F = forest; S = shrublands; W = woodlands;
G = grasslands; C = croplands; U = unvegetated regions) and (b) three dominant climate zones (tropical,
arid and temperate) of Australia from the updated Köppen-Geiger climate classification. (c) locations
and boundaries of six catchments used for SM and ET simulations in this study.

Ajami et al. [7] identified that 20 out of 166 HRS catchments exhibit non-stationary hydrologic
responses based on the long-term trends in annual runoff ratio, and subsequently developed an
ecohydrologic catchment classification method using rainfall, runoff, vegetation productivity and
evapotranspiration data to characterize ecohydrologic response. According to this classification,
a positive or negative correlation between annual precipitation and fractional vegetation cover
(productivity) in a catchment determines whether catchment-scale vegetation productivity is water
limited (class A, positive correlation) or nutrient/light limited (class B, negative correlation). Both A and
B classes are further subdivided into two groups based on the relationship between mean annual ET
and vegetation productivity. In A1 catchments, productivity depends on the dominance of structural
control (increases in LAI), and annual ET increases with annual productivity increase. In A2 catchments,
physiological control (decreases in stomatal conductance) is dominant, and annual ET decreases with
increases in productivity. In group B catchments, productivity is likely limited by biogeochemical
factors. Productivity of B1 catchments is limited by nutrients, and in B2 catchments light availability
is a limiting factor. Note that none of the 20 non-stationary catchments belongs to the A2 class.
Here, we selected six catchments out of the 20 non-stationary catchments for hydrologic modeling.
The selection included two catchments from each class with different proportion of land cover types.
Details of the six catchments are summarized in Table 1. All of these catchments represent upland/hilly
terrains, creating a mix of overland and lateral subsurface flow.

Table 1. Details of Six Catchments Used for SM and ET Simulations in this Study.

No
HRS
ID Class

Limited
by

Area
(km2)

Max
Ele. (m)

P
(mm)

PET
(mm)

Land Cover Proportion (%)

F W G C Total

1 212209 B1 Nutrient 67.4 823 1159 1380 67 33 - - 100
2 215004 B1 Nutrient 165.6 915 815 1415 43 57 - - 100
3 318076 B2 Light 379.8 1572 1279 1204 88 - 12 - 100
4 410734 B2 Light 563.7 1539 833 1352 33 33 33 - 100
5 405238 A1 Water 164.1 773 756 1436 14 - 71 14 100
6 410061 A1 Water 146.1 1000 1054 1471 50 17 33 - 100

Max Ele = maximum elevation above sea level; P = annual mean precipitation; and PET = annual mean potential
evapotranspiration. Note that the land cover proportions (%) are based on the MODIS land cover product (F = forest;
W=woodlands; G = grasslands; C = croplands).

2.2. Remote Sensing and Forcing Datasets

The datasets used in this study span over a 12-year study period from November 2002 to
December 2014. As summarized in Table 2, these data include remotely sensed observations and
gridded climate products and are grouped to three categories by their primary purposes: LAI modelling;
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SMART modelling; evaluation of SM, ET, and Q simulations. Although ground measurements are
generally regarded as truth and used for model validation, availability of in situ data is considerably
limited in time and space [36–38]. Therefore, we used satellite-derived data for the catchment-scale
evaluations of SM and ET similar to previous investigations [39,40].

Table 2. Summary of Data Used in this Study with Data Links Presented below the Table.

Primary Purpose Data
(link) Source/Product Name References Resolution

(Temp./Spa.) Units

LAI modelling
LAI 1 MODIS/

MCD15A2H (V006) [41] 8-day/0.05◦ m2/m2

Rainfall 2 Bureau of Meteorology Australia/AWAP
Gridded Daily Rainfall [42] Daily/0.05◦ mm/day

SMART
modelling

DEM 3
Geoscience Australia

/SRTM-derived 1” Hydrologically
Enforced DEM (DEM-H) (V1.0)

[43] -/1” m
(a.s.l)

Land cover 1 MODIS
/MCD12C1 (V051) [32] Yearly/0.05◦ -

Climate zone Updated world map of the Köppen-Geiger
climate classification [33] -/0.25◦ -

Soil data 4
Commonwealth Scientific and Industrial

Research Organization (CSIRO)/Soil grain
size distribution and depth (Release 1)

[44–47] -/3” -

PET 2 Bureau of Meteorology Australia
/AWRA-L PET (V5.0) [48] Daily/0.05◦ mm/day

SM, ET and Q
evaluation

SM 5
ESA CCI

/Active–passive combined surface
SM (V04.4)

[49–51] Daily/0.25◦ m3/m3

ET 1 MODIS
/MYD16A2 (V006) [52] Daily/0.05◦ mm/day

Q 6 HRS/Daily discharge (~2014) [34,35] Daily m3/sec
1 MODIS LAI, land cover and ET data: https://earthdata.nasa.gov/, 2 AWAP rainfall and AWRA-L PET
data: http://www.bom.gov.au/jsp/awap/rain/index.jsp, 3 DEM data: http://www.ga.gov.au/scientific-topics/
national-location-information/digital-elevation-data, 4 Soil data: https://data.csiro.au/dap/home?execution=e1s1,
5 ESA CCI SM data: http://www.esa-soilmoisture-cci.org/, and 6 HRS Q data: http://www.bom.gov.au/water/hrs/.
DEM = Digital Elevation Model; PET = Potential Evapotranspiration; SM=Soil Moisture; Temp. = temporal;
Spa. = spatial; a.s.l. = above sea level and other acronyms and abbreviations can be found in the main texts. 0.05◦

and 0.25◦ approximately correspond to 5 km and 25 km over the equatorial regions, respectively.

For the LAI modelling, the 12-year period was separated into two segments: 2002–2009 (seven
years) for model calibration, and 2010–2014 (five years) for model validation, respectively. The SMART
modelling was implemented over a period from 1 January 2010 to 31 December 2014, and the
first-year of model simulation was excluded from the evaluation in order to minimize the impact of
model initialization.

In this study, three remote sensing datasets were used for LAI parameterization and hydrologic
model evaluation at catchment scales. MODIS-derived 8-day composite LAI (MCD15A2H from
Terra and Aqua satellites, V006) products [41] were used to cover the 12-year study period. As the
products consist of 10◦ × 10◦ tiles in the sinusoidal projection, they were re-projected and resampled to
0.05◦ × 0.05◦ grids (identical to the gridded rainfall data) by using the MODIS re-projection tool [53].
The Savitzky–Golay filter [54] in the TIMESAT software package [55] was used for removing outliers
from the reprojected LAI time series [56–58]. The filtered 8-day LAI maps were linearly interpolated
to a daily time scale for temporally matching with other hydro-climatological datasets (i.e., rainfall,
potential/actual evapotranspiration, and surface soil moisture) used in this study.

The European Space Agency Climate Change Initiative (ESA CCI) surface SM data was used
for validating the SMART-simulated SM at the topsoil layer (<10 cm). The ESA CCI has released
daily surface SM (<2 cm) products gridded at 0.25◦ that are derived from seven passive and three
active microwave spaceborne instruments covering 39 years from 1 November, 1978 to 30 June, 2018
(V04.4) [49–51]. Among the three surface SM products: active, passive, and active–passive combined
data, the active–passive combined data were used for model validation in this study. MODIS-derived
8-day evapotranspiration data (MYD16A2, from Aqua satellite, V600) were used for evaluating
SMART simulated ET. The raw ET data consisted of 10◦ × 10◦ tiles in the sinusoidal projection and

https://earthdata.nasa.gov/
http://www.bom.gov.au/jsp/awap/rain/index.jsp
http://www.ga.gov.au/scientific-topics/national-location-information/digital-elevation-data
http://www.ga.gov.au/scientific-topics/national-location-information/digital-elevation-data
https://data.csiro.au/dap/home?execution=e1s1
http://www.esa-soilmoisture-cci.org/
http://www.bom.gov.au/water/hrs/
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were resampled to 0.05◦ × 0.05◦ grids through the MODIS re-projection tool. Only good quality
data were included by using MODIS pixel-level quality code data. The spatiotemporal gaps in the
quality-assured ET data were simultaneously filled by using a generic smooth parameter (s = 10−6) in
the three-dimensional (3-D) gap-filling method, called penalized least-square regression based on 3-D
discrete cosine transform (DCT-PLS) [59–61].

For the LAI and SMART modeling, the Australian water availability project (AWAP) rainfall data
gridded at 0.05◦ [42] were used. The AWAP product uses a thin plate smoothing spline to interpolate
monthly rainfall climatology derived from ground measurements, and a successive correction method
is used for interpolating anomalies of daily rainfall [62]. The AWAP rainfall data is available from
1900 onwards as operational daily maps over Australia with a day of latency, and has been frequently
used for various hydro-climatological studies [63–66]. For hydrologic modeling, daily PET data
gridded at 0.05◦ from the Australian Water Resource Assessment Landscape (AWRA-L) were used [48].
This product uses the Penman equation [67] for PET estimation. Alternate satellite precipitation
products covering global extents are becoming increasingly refined and available for future extensions
of the study to other parts of the world [68].

2.3. Description of SMART

The Soil Moisture and Runoff simulation Toolkit (SMART) [28] was used for daily simulations
over the six catchments described in in Section 2.1. SMART is a geographic information system
(GIS)-based semi-distributed hydrologic modelling framework designed for large catchment-scale
simulations. Computational efficiency in SMART is achieved by delineating topologically connected
hydrologic response units (HRUs), and formulating a series of equivalent cross sections (ECSs) by
weighting topographic and physiographic properties of a part or an entire first-order sub-basin. In the
3-ECSs delineation approach employed here [29,30], 2 or 3 ECSs are delineated for every sub-basin
depending on the number of hillslopes in each sub-basin. Each ECS consists of 4 HRUs (upslope,
mid-slope, foot-slope, and alluvial flats) delineated based on changes in slope versus distance from
the river. In each HRU, the dominant landcover type is selected for hydrologic simulation. Previous
application of the ECSs approach reported 3.7 to 22.8 times reduction in the number of computational
units [30]. The current version of SMART adopts the Unsaturated Soil Moisture Movement Model
(U3M-2D) to solve the 2-dimensional Richards equation for every ECS by using spatially distributed
climate, land cover and soil type information. U3M-2D developed by Tuteja et al. [69] is an extended
two-dimensional version of U3M-1D [31]. U3M-2D calculates the vertical water balance by solving
the 1D Richard’s equation and then uses the unsaturated form of Darcy’s law to transfer horizontal
flow down the hillslope. The model generates daily time series of horizontal flow, deep drainage,
total runoff, overstory and understory transpiration, soil evaporation, and soil moisture at multiple
depths for every HRU. The U3M-2D uses monthly LAI climatology and scales it based on monthly
rainfall to partition PET into overstory and understory potential transpirations and soil evaporation.
Scaled monthly LAI is calculated as:

LAIi, j = LAIi·

Pi,j

Pi


β

(1)

where LAIi, j and Pi, j are the scaled monthly mean LAI and monthly mean rainfall, respectively, in ith
month (i = 1, . . . , 12) of jth year; LAIi and Pi are monthly mean LAI and precipitation climatology,
respectively, in ith month (i = 1, . . . , 12), β is a scaling parameter with a default value of 1 in SMART [70].
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Based on the LAIi, j of every land cover type, U3M-2D partitions potential evapotranspiration (PET)
into overstory and understory potential transpirations (ETo and ETu), and potential soil evaporation
(ETg) for three different land cover types (i.e., tree, crop, and pasture) as

Tree :
ETo = PET·(1− exp

(
−L·LAIi, j

))
; ETu = 0; ETg = PET· exp

(
−L·LAIi, j

)
Crop and pasture :
ETo = 0; ETu = PET·(1− exp

(
−L·LAIi, j

))
; ETg = PET· exp

(
−L·LAIi, j

) (2)

where L is a canopy light extinction coefficient (default value of 0.8 for trees and 0.6 for crop and
pasture are adopted in SMART) [70].

The following datasets were used for the SM and ET simulations with SMART: (1) Shuttle
Radar Topography Mission (SRTM)-derived 1-s (~30m) Hydrologically Enforced Digital Elevation
Model (DEM-H) Version 1.0 [43] for representing the topographic and physiographic properties of the
catchments and delineating HRUs; (2) 2012 MODIS-derived yearly land cover (LC) map gridded at
0.05◦ (MCD12C1, V051) [32] to represent landcover types. As summarized in Table 3, the MCD12C1
product consists of the 17-class International Geosphere Biosphere Program (IGBP) classified to 6
primary classes: forest, shrublands, woodlands, grasslands, croplands, and unvegetated regions.
Note that the primary land cover classes in the MODIS LC product were aggregated to the three LC
types used in Equation (2) of SMART; (3) The updated Köppen–Geiger climate classification [71] to
define climate zones in SMART, and apply different rainfall and potential evapotranspiration datasets
for each zone; (4) Soil attribute maps of silt, clay, and sand proportions at multiple depths, and soil
depth at a 3-s (≈90m) spatial resolution [44–47]; and (5) daily precipitation and PET data as described
in Section 2.2.

Table 3. Land Cover Classes Used in this Study.

IGBP Class Number IGBP Class Primary Class SMART Class

1 Evergreen needleleaf forest

Forest Tree
2 Deciduous needleleaf forest
3 Evergreen broadleaf forest
4 Deciduous broadleaf forest
5 Mixed forests

6 Closed shrublands
Shrublands Pasture7 Open shrublands

8 Woody savannas
Woodlands Tree9 Savannas

10 Grasslands Grasslands Pasture

11 Permanent wetlands / /

12 Croplands Croplands Crop
14 Cropland/natural vegetation mosaics

13 Urban and built-up land Unvegetated /
16 Barren or sparsely vegetated

15 Permanent snow and ice
/ /

17 Water

2.4. Proposed LAI Parameterization Method

Tesemma et al. [25] tested various types of linear and nonlinear models to estimate monthly LAI
by using multiple climate predictors over the Goulburn–Broken catchment in southeastern Australia.
Their results showed that a sigmoid model based on rainfall and reference potential evapotranspiration
performs best over the three different land covers: crop, pasture, and trees in the catchment. The sigmoid
function has the form
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ˆLAI =
α1

1 + exp
(
−

(
(P−PET)−α2

α3

)) (3)

where ˆLAI is the estimated monthly LAI; α1, 2, 3 are model parameters that should be calibrated for
each land cover classes (i.e., crop, pasture and tree) by minimizing the root-mean-square error between
the modelled and remotely sensed LAI over the region; P and PET are n-month moving average rainfall
and reference crop evapotranspiration, respectively (n = 6 for crop and pasture, and n = 9 for tree).

Based on the results of Tesemma et al. [25], we propose a simplified one-parameter sigmoid
scaling model to estimate daily LAI based on monthly mean LAI climatology and rainfall as

ˆLAIt =
2·LAIi

1 + exp
(
−k

(
P30 − Pi

)) (4)

where ˆLAIt is the estimated daily LAI at the time of t; LAIi and Pi are identical to those in Equation (1)
and, in this study, were derived from the 12-year time series of MODIS LAI and AWAP rainfall
respectively; k (≥0) is the scaling parameter calibrated based on remotely sensed LAI; P30 is the mean
daily precipitation during recent 30 days (i.e., from t-29 to t). The k parameter in Equation (4) represents
sensitivity of LAI dynamics to rainfall at every grid cell, and its value was optimized by maximizing
the Pearson correlation coefficient (R) between the MODIS LAI time series and predicted ˆLAIt at each
grid cell over the calibration period. The benefit of this LAI scaling is that LAI data can be estimated
for regions or periods where high quality remote sensing data are not available.

2.5. Hydrologic Modeling Scenarios and Evaluation Metrics

Three approaches for incorporating LAI dynamics into SMART were examined in this study to
assess their impacts on simulated ET, SM and Q. These scenarios are (1) Optdef: using the scaled monthly
LAI of Equation (1) (default in SMART), (2) OptMOD: directly using the MODIS LAI (see Section 2.2),
and (3) Optest: using the estimated daily LAI by Equation (4).

Three metrics were used for model evaluation. Those are Pearson correlation coefficients (R),
Nash–Sutcliffe model efficiency coefficient (NSE) [72] and root mean squared error (RMSE) between the
simulated and observed SM, ET, and Q. Considering systematic differences in the amplitude and mean
values of satellite-derived datasets resulting from limited parameterization and imperfect retrieval
algorithms [36], R would be a more reliable metric because it is less sensitive to the bias or amplitude
of variations [73].

Note that both satellite-derived and estimated SM and ET data within a catchment boundary were
spatially averaged on a daily time step for catchment-scale comparisons given the coarse resolution
of satellite data products and sizes of the study catchments. It should be also noted that the current
version of SMART does not have a routing module. Therefore, total runoff (horizontal flow + deep
drainage) values from each ECS were simply area-weighted averaged to represent Q at the outlet,
and this limitation should be considered in interpreting the results of simulated Q.

3. Results and Discussion

3.1. Results of LAI Modelling

We compared the two LAI estimation approaches across Australia using the Optest and Optdef
methods for the five-year validation period from 2010 to 2014. For the LAI estimation by Optest,
the parameter k of Equation (4) was calibrated over the seven-year calibration period from 2002 to 2009
(Figure 2a). Then LAI time series at each grid cell were estimated by Equation (4) using the calibrated
k. Likewise, for the case with Optdef, time series of LAI for every grid were generated by Equation
(1). For both approaches the correlation coefficient between the estimated and MODIS LAI data at
each grid cell was calculated to assess accuracy of the LAI parameterization approach. Figure 2b
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shows boxplots comparing the two sets of correlation coefficients (R) derived from Optdef and Optdef
approaches conditioned by the six primary land cover classes described in Table 3.
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Figure 2. (a) Estimated k values over the seven-year calibration period (2002 to 2009). Note that
the white-space regions in the map were excluded from the optimization due to lack of LAI data.
(b) Box plots presenting correlation coefficients over the five-year validation period (2010 to 2014)
(Rval) between the MODIS and estimated LAI by Optdef and Optest approaches conditioned by the six
primary land cover classes across Australia.

As shown in Figure 2b, R values have been considerably improved for Optest compared to Optdef
indicating better performance of the sigmoid function in capturing LAI dynamics compared to the
default LAI scaling option of Equation (1). When the results are grouped by the MODIS-derived six
primary land covers (Figure 2b), the LAI estimation method best performed in woodlands, grasslands,
and croplands compared to forest, shrublands, and unvegetated regions (Table 4).

Table 4. Correlation Coefficients of Two LAI Estimation Methods and Parameter Optimization Results
over Australia by the MODIS-Derived Six Primary Land Cover Types.

Land Cover
R

k
Optdef Optest

Forest 0.21 ± 0.22 0.63 ± 0.18 0.05 ± 0.16
Shrublands 0.24 ± 0.21 0.55 ± 0.16 0.12 ± 0.26
Woodlands 0.25 ± 0.18 0.73 ± 0.13 0.06 ± 0.14
Grasslands 0.34 ± 0.21 0.69 ± 0.12 0.12 ± 0.18
Croplands 0.65 ± 0.15 0.79 ± 0.11 0.18 ± 0.18

Unvegetated regions 0.28 ± 0.18 0.67 ± 0.17 0.08 ± 0.19

Larger k values coincide with the arid regions indicating larger sensitivity of vegetation cover to
rainfall amounts over semi-arid ecosystems covered by grasslands and croplands [74–77]. As presented
in Table 4, relatively small k values were observed for forests, shrublands, woodlands and unvegetated
regions, meaning that these vegetation types are less sensitive to the rainfall amounts.

At the catchment scale, Optest resulted in considerable improvements in R values of simulated
LAI and remotely sensed LAI compared to Optdef as summarized in Table 5. In general, estimated
catchment average k values in study catchments are small and less than 0.10 as the dominant land
cover is forest and woodlands. In catchment 405238, k is 0.13 because this catchment is mainly covered
by grass and croplands.



Remote Sens. 2020, 12, 3051 10 of 19

Table 5. Parameter Optimization Results over the Six Catchments Used for SM and ET Simulations.

No HRS ID

Catchment Average R
b/w MODIS and Estimated LAI Catchment Average k

Optdef Optest

1 212209 0.39 0.68 0.05
2 215004 0.26 0.74 0.02
3 318076 0.19 0.67 0.01
4 410734 0.18 0.60 0.06
5 405238 0.56 0.77 0.13
6 410061 0.36 0.73 0.04

3.2. Results of Catchment-Scale Simulations of SM, ET and Q

Note that Results of the modeling with SMART for the six catchments are summarized in
Table 6. First, OptMOD improves SM and ET simulations compared to those from Optdef in terms of
all metrics (i.e., R, NSE, and RMSE), with results being almost identical to that of Optest. Therefore,
the proposed LAI estimation method has considerable potential for adoption in hydrological modelling.
Comparisons of SM simulations across multiple catchments and LAI options indicate that, A1 (water
limited) catchments tend to have the highest R values (>0.8) between simulated and observed SM
followed by the B2 (light limited) and B1 (nutrient limited) catchments. However, no difference
among various LAI options were observed in simulated SM of A1 catchments, and the Optest approach
improved simulated SM in light/nutrient limited catchments. In terms of simulated ET, relatively low
R values are also observed in B1 compared to B2 and A1 catchments. While the improvement in R for
Optest against Optdef is 10% or more for B1 and B2 catchments, the two water-limited catchments (A1)
do not show such improvements in Optest against Optdef. One possible explanation for getting similar
results in the A1 catchments is that ET in A1 catchments is mainly limited by the precipitation amount,
i.e., water supply [7]. As the current version of SMART does not have a routing module, it would
be useful to focus on the differences in the metrics across the vegetation parameterization methods
particularly in large catchments. For example, simulated discharge in the largest catchment (405238)
showed notably poor performance with R of around 0.2 and NSE of −0.54 (Table 6). Even considering
such limits, the differences in the Q simulations metrics are not considerable among different LAI
parameterizations as shown in the last three columns of Table 6. This result indicates that simulated Q
in SMART is less sensitive to the vegetation dynamics compared to those of the SM and ET.

Table 6. Summary of SM, ET and Q Simulation Results over the Six Catchments.

HRS ID Opt
SM ET Q

R NSE RMSE R NSE RMSE R NSE RMSE

212209
OptMOD 0.513 −0.847 0.093 0.440 −0.108 1.142 0.538 0.075 2.612
Optest 0.506 −0.760 0.093 0.449 −0.124 1.158 0.535 0.070 2.619
Optdef 0.482 −2.255 0.099 0.309 −0.513 1.331 0.529 0.057 2.637

215004
OptMOD 0.570 −0.550 0.061 0.310 −0.482 1.028 0.561 0.117 8.319
Optest 0.576 −0.534 0.060 0.311 −0.508 1.034 0.559 0.114 8.331
Optdef 0.511 −2.796 0.073 0.147 −1.017 1.195 0.540 0.075 8.514

318076
OptMOD 0.714 −0.069 0.077 0.755 0.175 0.750 0.794 0.580 6.533
Optest 0.714 −0.068 0.077 0.755 0.165 0.757 0.795 0.582 6.514
Optdef 0.669 −1.384 0.084 0.726 −0.321 0.902 0.794 0.584 6.484

410734
OptMOD 0.633 −1.206 0.058 0.521 −0.439 0.855 0.732 0.455 3.907
Optest 0.604 −1.307 0.066 0.526 −0.453 0.860 0.740 0.470 3.854
Optdef 0.540 −1.423 0.088 0.415 −0.870 0.973 0.804 0.596 3.365

405238
OptMOD 0.839 0.016 0.052 0.610 −0.396 0.806 0.210 −0.524 2.199
Optest 0.829 0.040 0.051 0.633 −0.391 0.805 0.191 −0.564 2.215
Optdef 0.800 −0.444 0.065 0.634 −0.727 0.897 0.212 −0.540 2.170

410061
OptMOD 0.813 0.098 0.100 0.680 −0.206 0.787 0.599 0.198 2.024
Optest 0.804 0.094 0.101 0.693 −0.191 0.782 0.603 0.205 2.015
Optdef 0.797 −0.098 0.093 0.635 −0.660 0.910 0.607 0.215 2.003
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To further investigate the results, time series of satellite-derived and simulated SM, ET and
Q are presented in Figures 3–5. Note that for better interpretation and visualization, only 1-year
(i.e., 2014) of simulated results were presented for the Optest and Optdef scenarios. As shown in
Figure 3a–f, Optdef parameterization frequently underestimates top layer soil moisture compared
to Optest, especially during the dry period from January to May, while similar performance during
very wet periods are also observed. Underestimation of top layer soil moisture further decreases
deep drainage from root zone in models parameterized with Optdef. For the ET simulation results
(Figure 4a–f), underestimations of SM during dry periods for Optdef results in ET overestimation.
Again, both Optest and Optdef do not show significant differences in the water-limited catchments (A1)
despite differences in vegetation types. However, the differences in performance are larger for the
nutrient-limited catchments (B1). For the Q simulation results (Figure 5a–f), it should be noted that the
area weighted total runoff from all sub-basins instead of routed runoff does not properly represent the
observed Q with attenuated and transformed peaks. In particular, these distortions are most noticeable
in flows from the largest catchment (410734), and the two water-limited catchments (405238 and 410061)
where small to medium peaks during the recession periods are disappearing. Despite these limitations,
differences in the Q simulations by Optest and Optdef are detectable in the rise and recession stages of
Q. Small to moderated flow events from Optest tends to be higher than that of Optdef, which can be
explained by the under- and overestimations of SM and ET by Optdef, respectively.
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Figure 3. 1-year time series of daily SM derived from CCI SM (black dotted-line) and simulated by
Optdef (blue continuous line) and Optest (red continuous line) respectively for six selected catchments:
(a) 212209, (b) 215004, (c) 318076, (d) 410734, (e) 405238 and (f) 410061.
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Figure 4. 1-year time series of daily ET derived from MODIS (black dotted-line) and simulated by
Optdef (blue continuous line) and Optest (red continuous line) respectively for six selected catchments:
(a) 212209, (b) 215004, (c) 318076, (d) 410734, (e) 405238 and (f) 410061.
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Figure 5. 1-year time series of daily Q observed (black dotted-line) and simulated by Optdef (blue
continuous line) and Optest (red continuous line) respectively for six selected catchments: (a) 212209,
(b) 215004, (c) 318076, (d) 410734, (e) 405238 and (f) 410061.

While general conclusions cannot be drawn regarding the impacts of LAI dynamics on simulated
hydrologic fluxes in ecohydrologically contrasted catchments given the limited number of study
catchments, our results indicate improvements in overall model performance across the board.
Further investigation is needed to show whether these conclusions hold across other ecohydrologically
contrasted catchments. It should be noted that the impacts of LAI dynamics on simulated model states
and fluxes depend on model structure as well, which is not explored here.
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3.3. Saptial Variability of SM and ET

In this section, we further compared the spatial variability of SM and ET derived from Optest and
Optdef at 318076 catchment. The reasons for selecting 318076 catchment are that the catchment size is
relatively large (379.8 km2) and improvements in simulated SM and ET are considerable compared to
other catchments. As presented in Figure 6a, the elevation of 318076 catchment varies from 300 to
1500 m. Most of the land cover of this catchment consists of forest (88%) except for the southeastern
highland area covered by grasslands (Table 1), and has considerably lower mean LAI than other
regions (Figure 6b). Because of this spatial heterogeneity, different SM and ET values over the region
are generally expected.
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Figure 6. Spatial distributions of (a) elevation and (b) mean LAI during the 5-year validation
period (2010–2014) over 318076 catchment. Here, the red diamond mark in the east indicates the
catchment outlet.

For comparisons, we selected two contrasting days with extreme dryness and wetness within the
one-year period (2014), 15 March 2014 and 28 March 2014, respectively (Figure 7).
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First, we performed two-sided paired t-tests at a significance level of 0.05 for the four pairs
in Figure 7., i.e., a–b, c–d, e–f, and g–h, with the null hypothesis of the same mean for each pair.
Results indicate that the mean values are significantly different (p-value < 0.05) for all pairs. In terms
of the spatial patterns of SM and ET simulated by the two options, the differences in the dry day are
larger than the wet day. This result is well explained by the spatial correlation coefficient of SM (ET) on
the dry day which is 0.16 (0.77) and in the wet day is 0.89 (0.96). There are considerable differences in
the mean and spatial pattern of SM during the dry day (Figure 7a,b) and the SM underestimation is
explained in Section 3.2 and Figure 3.

This underestimated SM by Optdef can be explained by low LAI values estimated by Equation
(1) over the two-month period from February to March (shaded area in Figure 8) while the MODIS
LAI smoothly changes over that period. Lower LAI values in the default vegetation parameterization
method (Optdef) results in drier soil layer as shown again in November. The proposed method (Optest)
compensates for these shortcomings and produces improved simulation results.
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3.4. Caveats and Follow-Up Studies

In spite of the simplicity in the LAI modeling and improvements in the catchment-scale simulations,
it is worth addressing the following improvements for practical applications of this framework in any
hydrologic model.

First, the global monthly mean leaf area index climatology derived from more than three
decades (1981–2015) of bi-weekly LAI data from the advanced very-high -resolution radiometer
(AVHRR) gridded at 0.25◦ [78] could be an alternative dataset to the 12-year MODIS LAI
data used herein for parameter estimation and obtaining the monthly mean LAI climatology.
Second, we presented optimized k values for the six primary MODIS land covers as shown in
Figure 2e. However, large uncertainties exist for k values for shrub, grass, and croplands indicating
consideration of a more detailed land cover map may reduce uncertainty of estimated parameters
for hydrologic modeling. Third, although we have shown simulated discharge from the different
vegetation parameterization approaches, the results from large catchments raise the need for developing
a streamflow routing module in SMART. Fourth, given the uncertainty of the reference datasets, it
is necessary to use multiple data sources for a more comprehensive validation of ET and SM
simulations [29,79,80]. Lastly, further improvements can be achieved by increasing the complexity of
the LAI estimation model to include more climate variables, calibration parameters and/or use other
model structures.
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4. Conclusions

In this study, a method was proposed for effectively incorporating LAI dynamics in a hydrologic
model, SMART, by only using monthly mean LAI climatology and rainfall data over a region.
The presented method adopts a simple sigmoid model that scales the monthly mean LAI climatology
to a lower/higher value using a temporally aggregated rainfall amount and a parameter called k that
control LAI-rainfall sensitivity. Here, the k parameter was optimized by maximizing the Pearson
correlation coefficient between the estimated and satellite-derived LAI time series. It was found that
forest, woodlands, and unvegetated regions have smaller k values, and present less sensitivity to the
rainfall amounts compared to shrublands, grasslands and croplands that are more sensitive.

Surface soil moisture and evapotranspiration simulations illustrated that the proposed LAI
estimation method performs almost identical to the case where the satellite-derived LAI time series
over the six eco-hydrologically contrasted catchments in Australia are used. In nutrient/light limited
catchments (B1 and B2), generally, correlation coefficients between simulated and observed SM and ET
are improved by more than 10% compared to the default option in SMART. However, the choice of the
LAI model did not impact SM and ET simulations in A1 catchments where vegetation productivity
is water-limited. The differences in the discharge simulations by the default and proposed methods
are noticeable during the rise and recession stages of hydrographs. Small to moderated flowrates
from the proposed method are larger than that of the default method, which can be explained by the
under-and overestimations of SM and ET by the default method during dry periods. The proposed LAI
parametrization method compensates for the shortcomings of the default method which underestimates
LAI and SM during dry periods. This can improve simulations especially in future climates given
documented shifts towards more arid landscapes and drier pre-storm antecedent conditions that have
been noted in the literature [81,82].

The LAI parameter estimation and model evaluations results showed promise, with possibilities
of extension to other hydrologic models that need to include vegetation dynamics for periods or
regions where satellite data are unavailable.
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