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Abstract: Taking a typical forest underlying surface as the research area, this study employed the
unmanned aerial vehicle (UAV) photogrammetry to explore more accurate canopy parameters
including tree height and canopy radius, which were used to improve the Noah-MP land surface
model conducted in Dinghushan Forest Ecosystem Research Station (CN-Din). While the canopy
radius was fitted as a Burr distribution, the canopy height of CN-Din forest followed a Weibull
distribution. The replacement of the parameters by these observed UAV would result in the Noah-MP
model. It was found that the influence on the simulation of the energy fluxes could not be negligible,
and the main influence of these canopy parameters was on the latent heat flux which could decrease
up to -11% in the midday while increase up to 15% in the nighttime. Additionally, this work indicated
that the description of the canopy characteristics for the land surface model should be improved to
accurately deliver the heterogeneity for the underlying surface.

Keywords: forest canopy parameters; UAV-based photogrammetric; land surface modelling

1. Introduction

The land surface process is the lower boundary condition of atmospheric movement, and the
different types of underlying surface have multiple weather and climate effects [1]. It has been
known that the differences of underlying surface characteristics are embodied by using different land
surface parameters [2]. Generally, the measurement of pollutant deposition and the estimation of
ecological impact depend on the accuracy of the simulation results of land-air exchange flux, thus the
improvement of canopy properties are urgently needed in modelling land-atmosphere interaction
processes [3].

Additionally, the performance of the land surface models and the coupled atmosphere &
environment models can be improved by the refined land surface inputs and parameters [4]. However,
the treatment of vegetation, especially the forest canopy structure, has been set as a big-leaf in land
surface models for a long time [5]. Although some 3-D computer simulation models have been suitable
for studying the smaller scale scenes with fine structures, the demands of extreme computational
resources still made it difficult to apply in a large scale [6]. In this case, the range of typical parameter
values on forest remains a large source of uncertainty [3].

The parameterizations about forest canopy structure of land surface models which are commonly
coupled in the meteorological or climate simulation are listed in Table 1 [7-13]. Different
parameterization schemes divide the canopy into one layer, two layers or multi layers to calculate
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the energy decomposition or radiative transfer in the canopy [14-17]. For the calculation of the
atmospheric dynamic process, the current land surface models which have been widely used in climate
and hydrology researches, such as simple biosphere model (S5iB4) and biosphere atmosphere transfer
scheme (BATS), are based on the measured empirical wind speed profile in the canopy to provide an
empirical solution to calculate the turbulent exchange in the canopy [18,19].

Table 1. Forest Canopy Parameterization in Land Surface Models

Land Surface Models

Noah

Noah-MP

CLM

RUC

SSiB

PX

Vegetative components

one vegetation type in
one gridcell without

one vegetation type
in one gridcell with

subgrids with up to 10
vegetation types in one
gridcell with dynamic

multiple  vegetation
type by using landuse
fraction in one gridcell

one vegetation type in
one gridcell without

one vegetation type in
one gridcell without

dynamic  vegetation dynamic  vegetation Vegetation and carbon without dynamic dynamic  vegetation dynamic  vegetation
and carbon budget and carbon budget bu%l ot vegetation and carbon and carbon budge and carbon budge
& budget
Photosynthetic pathway No Yes, [ =1 Yes, [ =1 No No Yes, § =1
Phenology Yes, (=1 Yes, § =1 Yes, t =1 Yes, =1 No Yes, =1
Relative leaf nitrogen profile No Yes, [ =2 Yes, § =1 No No No
Leaf dimension No No Yes, =1 No Yes, {=1 No
Leaf area index Yes, =1 Yes, =2 Yes, =2 Yes, [ =2 Yes, I =1 Yes, § =1
Canopy heights Yes, 1 =2 Yes, | =2 Yes, 1 =2 No Yes, [ =1 No
Length of live crown No No No No No No
Length of dead crown No No No No No No
Crown radius No Yes, T=1 Yes, 1=1 No No No
Number of branches No Yes, I =1 No No No No
Branch zenith No No No No No No

q: Number of Parameters
§: Using Subroutines
t: Using Modules (multiple subroutines)

Unmanned aerial vehicle (UAV) provides an effective platform for quickly and cheaply obtaining
the parameters of vegetation canopy [20]. This technique has been expected to become increasingly
common in forests studies with the availability of more efficient data processing software [21,22]. The
communities start using UAVs to map canopy gaps, tree heights and leaf angle etc. [23-26], but the
performance on simulating mass and energy exchanges between ecosystems and the atmosphere in
land surface models still needs further exploration.

In this study, a typical subtropical forest underlying surface was taken as the research area, and
we managed to establish a fast and cheap method to obtain accurate canopy parameters including tree
heights and crown radius of this forest by UAV photogrammetry. Finally, with these parameters to
replace the original default value of model, the difference of simulated heat flux caused by using these
accurately obtained canopy parameters was explored.

2. Method

2.1. Study Area and Field Data Collection

The study was carried out in the Dinghushan Forest Ecosystem Research Station, which could
represent the subtropical forest areas in South China (Fluxnet Site Code: CN-Din). This site is located
in Dinghushan biosphere reserve of Zhaoqing, Guangdong province, China (as shown in Figure 1,
also in Chang et al. [27]). The majority of the area is covered by a 100 year old subtropical evergreen
broadleaf and pine-broadleaf mixed forest, mainly consisting of Castanopsis chinensis, Schima superba
and Pinus massoniana, etc [28,29]. The vegetation is fairly homogeneous within the distance of ~1 km
in the direction of the dominant wind direction (Northeast). The measurements of UAV photographs
were performed from August 2019 to September 2019, representing a comprehensive observation
experiment of dry deposition measurement in CN-Din [30].

2.2. Workflow from UAV Photography to Land-Atmospheric Simulation

A general workflow was established to calculate the tree height and the crown radius (as shown
in Figure 2). Most of the procedures were carried out using the new automatic tools and algorithms
[31]. A 3D reconstruction terrain-oriented software was employed to create the point clouds and
orthomosaics from a set of images on the same subject, by means of structure from motion (SfM)
techniques [32].
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Figure 1. Location and geographic features of Dinghushan station

The average flight altitude for this study was set at 100 meters but varied because of relief (as
shown in Figure 3). This resulted in photographs with a ground sample distance (GSD) of 7.2 cm on
average. The flight lines were programmed for the images to have a 85% overlap in flight direction
and 60% side overlap. This sparse point cloud was then used to create a dense point cloud with mean
point density of 42.6 points/m for the 100 m high flights. Then, a canopy height model represented the
difference between a digital terrain model and surface model. Finally, the parameters of the canopy
that included tree height and tree radius were built from this point cloud.

2.3. Land Surface Model Setup

In this work, we chose Noah-MP land surface model to estimate the effects of the updated
parameters. This model, a state-of-the-art, consists of 12 biophysical and hydrological processes
that control heat fluxes between the surface and the atmosphere. Additionally, these processes also
include dynamic vegetation, stomatal conductance, surface exchange coefficients for heat and water
vapor, radiation interactions with the vegetation canopy and the soil, hydrological processes within
the canopy and the soil, a multi-layer snowpack, frozen ground and aquifer model for groundwater
dynamics [11].

On the other hand, due to the lack of observed surface heat flux data during the UAV flight,
we evaluate the simulation impact of UAV-based parameters by using the validated benchmark
observation dataset which has been analyzed in our previous study, i.e. Zhang et al. [33]. Table 2 shows
the setup of option combinations which were verified and chosen by an ensemble simulation test [27].
The average monthly diurnal LH and SH obtained from observations and simulated from the option
combinations in the previous paragraph are shown in Figure 4. It is worth noting that this setup of
Noah-MP was able to closely simulate SH in spring, autumn and winter months while overestimated
SH during June to September and underestimating LH in the midday during these months.
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Figure 2. Main workflow to estimate the effects of land-air energy budget by refined canopy parameters
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Figure 3. The flight lines and UAV image acquisition
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Figure 4. The monthly average diurnal LH and SH results from observations and simulated with the

original parameters
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Table 2. The set-up option of Noah-MP land surface model

Physical processes Options Reference

OPT_DVEG Dynamic Vegatation Model Dickinson et al. [34]
OPT_CRS Ball-Berry Scheme Ball et al. [35]
OPT_BTR Noah Type Chen et al. [36]
OPT_RUN SIMGM Niu et al. [37]
OPT_SFC Noah Type Chen et al. [38]
OPT_RAD Gap = f(3D, cosz) Niu and Yang [39]
OPT_FRZ NY06 Niu and Yang [40]
OPT_INF NY06 Niu and Yang [40]
OPT_ALB CLASS Verseghy [41]
OPT_SNF Jordan Jordan [42]
OPT_TBOT Original Noah Barlage et al. [43]
OPT_STC Semi-Implicit Niu et al. [11]

3. Results and Discussion

3.1. Comparison of UAV-Based and Model-Original Canopy Parameters

The description of forest canopy characteristics in land surface model was still set by a landcover
map with an attribute lookup table, although the observation techniques have significantly improved
the ability to determine canopy-structure variables over large areas. As shown in Figure 5, the forests
were divided into five classifications in Noah-MP model which included deciduous broadleaf forest,
deciduous needleleaf forest, evergreen broinadleaf forest, evergreen needleleaf forest and mixed forest.

The main difference among these forest types were the tree canopy top height, canopy bottom
height and the crown radius. The quantities of tree heights and crown radius observed by UAV method
were also present in Figure 5. It shows that the distribution of DHS forest appeared two stages which
could indicate the characteristic as a successional subtropical forest. Compared with lidar, the ability
of visible light photographs in this study to acquire the forest interlayer structure was still insufficient
[21].

Additionally, the histograms of these two parameters (tree heights and crown radius) are shown in
Figure 6, and the corresponding distributions were fitted as Weibull or Burr dist while the functions and
coefficients were listed in Table 3. It can be seen from Figure 6 that the medians (standard deviations)
of tree height and crown radius are 12.2 &+ 5.4m and 1.9 & 1.5m, respectively. These features were
replaced into the attribute look-up table and then drive the Noah-MP model, which would be further
discussed in section 3.2 and 3.3.

Table 3. Fitted coefficients for the distribution of UAV-based canopy parameters

Canopy Parameter Dist Type Functions Coefficients
b
Tree Height Weibull — f(x]a,b) = b (£)0=1e—(x/a) a=1426,b =244
Crown Radius Burr fx|a,c k) =1~ 1 & =1.46,c = 4.73,k = 0.44

()

3.2. Performance on Surface Energy Budget Simulation

The effect for replacing the model-original canopy parameters with the results obtained from UAV
on the surface energy components is shown in Figure 7. It can be seen that after replacing parameters,
most of sensible heat, letant heat and soil heat flux were not significantly changed, and only a few
points exceeded the threshold line (black dash line in Figure 7(a)), which were corresponding to
the significant change. After using more accurate canopy parameters, the sensible heat flux (SH)
changed at a range from —5.5W/m? to 1.7W /m? with the slightly decreased mean (—0.2W /m?); the
latent heat flux (LH) changed at a range from —0.4W/m? to 6.1W/m? with the slightly increased
mean (0.7W /m?), and the ground heat flux was basically stable in the mean value of 2.7 x 10™°W /m?.
Additionally, as shown in Figure 7(b), the three components of latent heat were increasing, and
the order from high to low was as the following sequence: ground evaporative heat to atmosphere
(=3.8W/m? ~ 0.47W /m? ~ 10.0W/m?), transpiration flux (—1.2W/m? ~ 0.09W /m? ~ 0.16W /m?)
and vegetation canopy evaporative heat to atmosphere (—0.3W/m? ~ 0.07W /m? ~ 1.9W /m?).
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Figure 6. Histogram and distribution fits of UAV-based canopy parameters
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Figure 7. Comparison of surface heat fluxes items from different driving

Furthermore, in order to see the more detailed impact, energy fluxes simulated by the UAV-based
canopy parameters driven and model-original values driven models were compared in terms of the
hourly averages through the diurnal cycle. Figure 8 shows the diurnal variation of sensible heat,
ground heat and latent heat fluxes. It can be found that all these three energy components presented
the significant diurnal variations, and the corresponding curves appeared with a single peak at noon
and close to zero or negative value at night.

On the other hand, Figure 8 also shows the diurnal changes of surface heat fluxes from different
driving. It indicated that the replacement of canopy parameters using UAV-based results could mainly
have effect on latent heat during day and night while it would influence the sensible heat and ground
heat in the opposite direction at night. After replacing canopy parameters with UAV-based results,
the simulated latent heat flux could decrease up to -11% in the midday while increase up to 15% in
the nighttime. This was probably due to the improvement of canopy characteristics which directly
affected the calculation of canopy stomata [17].

Moreover, while the ground heat flux increased about 5% ~ 30% at the same time and showed
an increasing trend in the daytime, the sensible heat flux decreased about 10% ~ 60% at nighttime.
At the time of the day and night boundary, the sensible heat flux and the ground heat flux showed
the largest change which might be due to the breakage of the boundary layer [44]. High sensitivity of
canopy height for evapotranspiration was also reported in previous study [45]. Although the changes
of surface heat budgets in their and our studies have similarly shown a small range, the description for
the canopy characteristics of the land surface model still needs to be improved due to the expression of
heterogeneity for underlying surface were overlooked.

3.3. Issues Related to Canopy Exchange Coefficients

To understand the influence of canopy parameters on the above-mentioned surface energy
changes, we extracted the simulated results of canopy exchange coefficient. As shown in Figure 9(a),
for the canopy heat exchange coefficient, the parameters driven by UAV measurement could increase
about 0.5 ~ 2% compared with that of the default model. This would be the main reason for the
change of surface sensible heat simulation.

At the same time, Figure 9(b) shows the simulation results of the canopy momentum exchange
coefficient. It can be seen that after changing the parameters of canopy height and crown radius, the
exchange coefficient of momentum could increase nearly 5% during the daytime. As the momentum
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exchange coefficient of canopy was calculated by aerodynamic resistance for momentum over canopy,
it might have an impact on the variation of wind speed in the canopy. However, because the model
cannot deliver the wind profiles inside and outside the canopy, the mesoscale meteorological model in
the next phase should be carried out to investigate its effect on turbulence dissipation.
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Figure 9. Distribution of simulated canopy exchange coefficients

3.4. Issues Related to Vegetation Variables

The Noah-MP land surface model includes a routine calculation for the dynamic simulation
of vegetation carbon assimilation processes, while a 3-D vegetation model in the radiation transfer
scheme uses canopy height to compute the total available energy at the vegetation surfaces [46]. Figure
10 shows the simulated vegetation variables of Noah-MP land surface model. It indicated that the
input of UAV observed canopy height and radius could increase the average leaf area index about
1.58 x 1072, stem area index about 1.1 x 1073 and green vegetation fraction about 1.8 x 10~2 during
the simulated period. The variation mainly appeared on right sides of each frequency peak of above
variables which means the more accurate canopy parameters input can restrict and improve the
estimation of vegetation carbon assimilation processes inside land surface model. These results could
influence the temperature and the vegetation growth characteristics [47].

4. Conclusions

In this study, a method to obtain local canopy parameters by unmanned aerial vehicle’s
photogrammetry was applied, and then a simulation with the Noah-MP model was performed
over a typical subtropical forest area in South China. The results demonstrated that this method
could represent the description of forest canopy characteristics more detailed. The canopy height in
CN-Din area was fitted as Weibull distribution while the canopy radius followed Burr distribution;
the medians (standard deviations) of UAV-based tree height and crown radius were 12.2 4 5.4m and
1.9 4 1.5m, respectively. Overall, it indicated that this method had strong deliverability, reasonable
cost and acceptable precision, which could obtain the forest land surface parameters of several square
kilometers and improve the land surface model.

The update of these local canopy parameters would significantly affect the simulation of energy
fluxes, especially for the latent heat flux which could decrease up to -11% in the midday while increase
up to 15% in the nighttime. Additionally, the sensible heat flux decreased about 10% ~ 60% at
nighttime, while the ground heat flux increased about 5% ~ 30% at the same time, which showed an
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Figure 10. Distribution of simulated vegetation features

increase trend during the daytime. Furthermore, the update of local canopy parameters could also
change canopy heat exchange coefficient through the slight increase of vegetation variables.

Although the changes of surface heat budgets have shown a small range, the description of the
canopy characteristics of the land surface model still needs to be improved. Moreover, the update
of canopy parameters could increase the exchange coefficient of momentum nearly 5% during the
daytime. Finally, the calculation of the total available energy at the vegetation surfaces showed that
the input of UAV observed canopy height and radius could increase the average leaf area index about
1.58 x 1072, stem area index about 1.1 x 1073 and green vegetation fraction about 1.8 x 10~3 during
the simulated period.
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