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ABSTRACT

Forest ecosystem is the major carbon pool in terrestrial biosphere, and
understanding dynamics of forest carbon stock and flux is important for carbon
budget. This dissertation used remotely sensed imagery to evaluate the pattern of
biomass and litterfall in subtropical/tropical forests. The dynamic global vegetation
model was also included to model typhoon-induced defoliation and carbon cycle
under scenarios of typhoon intensity and frequency. Firstly, this dissertation extracts
canopy areas from a high spatial resolution QuickBird image to assess the patterns of
carbon stock across topographical gradients and the edge effect in a Chilan montane
cloud forest. Mean (& s.d.) carbon per individual was 138 + 118 kgC with an
estimated site carbon density of 119.3 MgC ha in a false cypress (Chamaecyparis
obtusa var. formosana, CHFO) cloud forest. The negative trends of temperature and
solar radiation along the elevation gradient were observed, and slope played a crucial
role in varying CHFO canopy area. The findings suggest that topographical
heterogeneity may alter the spatial patterns of nutrients and bioclimate that influence
the structure of the vegetation. Secondly, time-series MODIS LST- (land surface
temperature) and PV-derived (photosynthetically active vegetation cover) metrics
were used to derive litterfall. The mean annual litterfall was 5.1 + 1.2 Mg ha™! yr'1 in
Taiwan montane forests. The temporal dynamics of the litterfall revealed that
typhoons and consecutive drought events might be important for temporal variability
of litterfall. The elevation gradient and aspects were critical to dominate spatial
patterns of litterfall. Thirdly, a wind built-in function with wind speed, temperature
and precipitation variables was developed in a dynamic global vegetation model
Hybrid v4.2 to simulate typhoon-induced leaf litter in the Fushan experimental forest.

The modeled and observed leaf litter was significant correlation (r2 =0.33, p < 0.001)



with moderate underestimation (15.6%). The leaf litter, leaf area index (LAI), total
biomass, gross primary production (GPP) and net primary production (NPP) were
higher in non-typhoon environment than in typhoon-affected environment. The raises
of typhoon intensity and frequency would increase leaf litter and soil respiration
resulting in the decreases of LAI, biomass, GPP and NPP. If the substantial defoliation
from more intense or frequent typhoon might affect regional carbon budget at
long-term time scale. Overall, using satellite images and a dynamic global vegetation
model to monitor spatial and temporal patterns of living biomass, litterfall and carbon
flux may facilitate monitoring and predicting of carbon budget and perturbations in

forest ecosystems.

Keywords: carbon cycle, biomass, litterfall, defoliation, remote sensing, model,

typhoon, disturbance
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CHAPTER1

Introduction

The carbon stock of the forest ecosystem is the quantity of carbon in a system
and it determines the capacity of the forest ecosystem to accumulate or release the
carbon (Field et al. 2014). The annual carbon fluxes between vegetation-soil system
and the atmosphere via photosynthesis and respiration is 12 times larger (= 123 GtC
yr and 118.7 GtC yr'") than the anthropogenic carbon emission (= 9.5 GtC yr™' in
2011) (Ciais et al. 2013). Forest ecosystems storing more than 80% of all terrestrial
aboveground carbon and more than 70% of all soil organic carbon represent the
largest component of terrestrial stocks for atmospheric CO; (Ciais et al. 2013; Jandl et
al. 2007). Therefore, evaluating carbon stock and flux of forest ecosystem is critical in

understanding global carbon budget.

The terrestrial ecosystem contains 450-650 GtC carbon in living vegetation
biomass (Ciais et al. 2013), and estimating living biomass is a critical step to quantify
carbon stock in forest ecosystem. Litterfall, which is the shedding of plant tissues and
dead plants, is the major transfer of carbon and nutrients from aboveground living
biomass to the soil (Leff et al. 2012; Ostertag et al. 2008). The carbon loss from
litterfall and roots via decomposition is an important flow to maintain the balance of
an ecosystem carbon budget (Ostertag et al. 2008; Sayer et al. 2007). Disturbance is a
factor to alter forest regeneration, composition, structure and function within a short
period, and it can sometimes remove large amounts of biomass or derive substantial
litterfall to change forest carbon stocks and flux (Dale et al. 2001). Tropical cyclone
(‘typhoon’ or ‘hurricane’, depending on the geographic region; this dissertation uses
‘typhoon’) is one of the most active natural disturbances in Western North Pacific
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ocean (Lin et al. 2011). Strong wind and heavy precipitation may cause massive
litterfall, which will increase soil respiration and alter ecosystem carbon cycle
(Brokaw and Walker 1991; Chambers et al. 2007a; Lin et al. 2011; Vargas and Allen
2008). Global warming may have contributed to the increasing of sea surface
temperature in typhoon formation regions, and might affect typhoon activity by
altering typhoon intensity or frequency (Emanuel 2005; Knutson et al. 2010).
Therefore, estimating living biomass and litterfall and considering typhoon effects on
carbon stock and flux may be important to evaluate responses and feedbacks of forest

carbon cycle under perturbed events.

Forest inventory is the conventional method to estimate aboveground living
biomass by measuring the diameter at breast height of trees, which can be converted
to biomass using empirical allometry for each tree species (Gibbs et al. 2007). Forest
inventory is also the major way to observe litterfall by collecting litter from litter traps.
However, field inventory is labour-intensive and just a few of them have repeated,
long-term inventories, which may not capture seasonal and interannual dynamics.
Remote sensing has been widely used for the systematic observation of Earth for over
40 years at regional scale (DeFries 2008). Remote sensing methods are generating
new regional perspectives for ecology on phenology, canopy nutrients, species
identification, biomass, forest structure attributes, land-use and land-cover change
(Chambers et al. 2007b). For instance, vegetation greenness time-series (e.g., the
Normalized Difference Vegetation Index, NDVI) derived from optical (350-2500 nm)
remotely sensed data can be treated as a surrogate to determine the vegetation
dynamics and ecosystem productivity of different settings (Chambers et al. 2007b;
Frolking et al. 2009; Ostertag et al. 2008). Hyperspatial remote sensing provided a

way to quickly and effectively measure the canopy area over a vast region (Wang et al.
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2004), which is probably the only structural parameter that is highly correlated to
carbon stocks (Brown et al. 2005). These parameters are pivotal to observe and model
the forest structure and biogeochemistry (Huang et al. 2008). Furthermore, a
simulation model is the process of creating and analyzing of a physical model to
predict Earth system operate and interact with each other. When the ecosystem is
disturbed by typhoons, changes of biogeochemical cycles and ecological process
might constrain the system’s structure and function (Beard et al. 2005; Chambers et al.
2007a; Lin et al. 2011). A simulation model tries to represent these biogeochemical
linkages and ecological process, and make reliable predictions of future ecosystem

behavior and responses under simulated conditions (Friend 2010; Hurtt et al. 2010).

Although using remote sensing or a simulation model to evaluate the carbon
cycle in forest ecosystems are important, it was still absent to estimate litterfall by
satellite images at regional scale in tropical/subtropical forests. There was also bare to
use a process-based simulation model to evaluate the effects of typhoons on the
carbon cycle of forest ecosystems. Therefore, the objectivities of this dissertation were:
(1) In Chapter 2, Investigating the spatial heterogeneity of subtropical montane cloud
forest plantation with a QuickBird image, canopy areas from a high spatial resolution
QuickBird image were extracted to estimate living biomass and to observe vegetation
characteristics across topographical gradients in a montane cloud forest. (2) In
Chapter 3, Temporal and spatial patterns of remotely sensed litterfall in subtropical
forests of Taiwan, time-series vegetation and climate indices were utilized from the
Moderate Resolution Imaging Spectroradiometer (MODIS) satellite imagery to derive
litterfall. The results would be useful to understand long-term temporal and spatial
patterns of litterfall across subtropical forests. (3) In Chapter 4, Using a dynamic
global vegetation Hybrid v4.2 model to simulate typhoon-induced leaf litter under

3



different typhoon intensity and frequency in a subtropical forest, a wind build-in
function with wind speed, temperature and precipitation as variables was developed
into the Hybrid model to simulate defoliation and carbon cycle of forest ecosystem
under different scenarios of typhoon intensity and frequency. The findings may be
useful to evaluate the biomass and litterfall at regional scale and understand the

patterns of carbon cycle under typhoon disturbances.



CHAPTER II

Investigating the spatial heterogeneity of subtropical montane cloud

forest plantation with a QuickBird image

This chapter has been published in the International Journal of Remote Sensing.

Wang HC, & Huang CY (2012). Investigating the spatial heterogeneity of a
subtropical montane cloud forest plantation with a QuickBird image. International

Journal of Remote Sensing, 33(24): 7868-7885.



Investigating the spatial heterogeneity of subtropical montane cloud

forest plantation with a QuickBird image

Abstract

Forest plantations, consisting of a single, even-age species, have long been
recognized as homogeneous landscapes. However, the heterogeneity of the system
may be amplified by bioclimate, which in turn can be modified by physical
environments. This study attempted to assess the ramifications of two major factors,
topography and the edge effect, on the subtropical montane cloud forest false cypress
(Chamaecyparis obtusa var. formosana, CHFO) plantation in Taiwan by integrating
field observations, a high spatial resolution QuickBird satellite image and spatial
layers of topography. Our regional analysis indicated that there was a negative
relationship between slope and the size of CHFO. Surprisingly, this study also
observed a significant amount of natural broadleaf plant patches within the site, and
large size patches were frequently encountered at low elevation. For the edge effect
analysis, the area along (0-30 m) the road and natural edges yielded low canopy area
and carbon (kgC stem™") for each individual CHFO plant as well as low CHFO
population (stems ha™) and carbon (MgC ha™) densities. Contrarily, large broadleaf
plant patches were found along the road edges. Our findings suggest that topography
and the edge effect may alter the spatial patterns of nutrients and bioclimate that vary
the structure of the vegetation; the heterogeneity of forest plantation may be
underestimated. This study also demonstrates the feasibility of integrating field,
remote sensing and Geographic Information System techniques to quantify forest
structure at the landscape scale. The derived structure parameters can be further

utilized to model ecosystem carbon dynamics over a vast region.



Keywords: carbon stock, crown area, edge effect, Taiwan, topography

1. Introduction

Plantation forests occupy about 3.8% (140 million ha) of the world’s forests and
have increased rapidly (2.8 million ha y™) in recent years (FAO 2005). Most
plantation forests consist of short-rotation and fast-growing trees, which contribute
significantly to carbon (C) sequestration in terrestrial environments. Plantation forests
are often even-age, pure and uniform stands. It is often assumed in plantation research
(e.g., carbon stock estimation) that heterogeneity is negligible in this type of
ecosystem (Lodhiyal and Lodhiyal 1997; Montagnini 2000; Specht and West 2003)

and many others).

Montane cloud forests (MCF) are commonly found in tropical and subtropical
regions of the world (Foster 2001) and are frequently immersed in heavy fog and high
humidity that would greatly reduce solar radiation (Hamilton et al. 1995). Plantations
are commonly planted in this foggy zone and are habitat for several species of high
economic value such as Chamaecyparis spp. (Klemm et al. 2006). Previous studies
revealed that fog may represent about half of the annual precipitation in MCF; the
water cycle of the system could be affected significantly due to the swift cloudbank
(the source of fog) height caused by climate change (Cavelier and Goldstein 1989).
Pounds et al. (1999) found that global warming has raised the height of the orographic
cloudbank resulting in less cloud immersion and increasing dryness. These
micrometeorological changes may influence the abundance of epiphytes and tree ferns
that play critical roles in maintaining the health of MCF (Foster 2001). The increased
height of the cloudbank may also affect the rate of photosynthesis and respiration and

reduce the capacity of carbon sequestration in MCF (Chang et al. 2008; Foster 2001;
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Mildenberger et al. 2009).

There is a close relationship between topography, bioclimate (precipitation,
surface temperature and solar radiation), and soil nutrient and water contents, which
are the determinants of plant growth (Briggs and Knapp 1995; Chen et al. 2007).
Previous studies showed that stem size and stand density were sensitive to topography;
patterns in above- (AGB) and below-ground biomass (BGB) and net primary
production (NPP) allocation were also changed along the topographical
gradients(Clark and Clark 2000). Substrate characteristics such as soil nutrients,
texture and water availability vary greatly across landscapes, and these may influence

vegetation structure substantially (Hook and Burke 2000).

The edge effect is another pivotal factor for modifying landscape patterns. Two
types of edges are commonly found in forest plantations: (1) Man-made edges (e.g.,
roads) resulting from anthropogenic activities creating sharp boundaries (Reed et al.
1996); and (2) natural edges between two vegetation types which form relatively
moderate transitions (Murcia 1995). The magnitude of the edge effect declines with
the increment of distance from the edge and may form its own microenvironment and
biota (Malcolm 1994). Edges often have higher incident light, air and soil temperature,
wind speed, and lower relative humidity and soil moisture relative to the forest
interior (Baker and Dillon 2000). Edges with higher incident light facilitate plant
growth as a result of higher stem densities and basal areas in tropical and warm
temperate forests (Williams-Linera 1990; Young and Mitchell 1994). However, plants
may also be vulnerable to the edge effect resulting in high tree mortality due to low
tolerance to edge-related perturbations such as strong winds (Aguiar and Tabarelli

2010).

Based upon the aforementioned physical and biological drivers that may alter
8



landscape patterns, this study suspect that the structure of MCF plantations may not
be as homogeneous as previously recognise. Plant structural characteristics such as
canopy area can be precisely measured using a field method (Bonham 1989), however,
the variation of forest structure is difficult to assess at the local scale. The issue may
be resolved by utilizing high spatial resolution optical images (hyperspatial remote
sensing) and object-based image segmentation tools (Wang et al. 2004) to delineate
tree canopies over a large area at low cost. Consequently, biomass and carbon stocks
of the region may be estimated with the knowledge of an allometric equation and
biomass-carbon conversion coefficient of the site (Fuchs et al. 2009), respectively.
Stem and carbon densities and cover can also be computed after taking the area into
account (Huang et al. 2009). Following this approach, regional assessment of forest
structure variations across environmental gradients can be conducted by integrating
the remote sensing estimates with topographical data (e.g., a digital elevation model
[DEM)). Therefore, the objective of this study is to investigate the spatial
heterogeneity of a MCF plantation by coupling field, remote sensing and
Geographical Information System (GIS) techniques. The specific questions we sought
to answer were the following: (1) how do vegetation characteristics change across
topographical gradients; (2) how do the road and natural boundary edges influence

vegetation structure of a forest plantation?

2. Methods

2.1 Site description

The 61-ha MCF plantation is located on the Chilan Mountain in northern Taiwan
(24°35°N, 121°25°E) (Figure 1) across a wide elevation range (1400-1800 m asl). The

climate is temperate and humid, and the mean annual temperature and precipitation



are 13°C and 4005 mm, respectively. The occurrence of fog events caused by air
masses lifting from the valley is about 300 days y™ and occupies 38% of the total time.
The high frequency and long duration of fog events reduces solar radiation and adds
about 330 mm y' of water deposition to the system. In addition, many nutrient inputs
(e.g., ammonia) carried by fog may also have pronounced contribution and account
for 35-55% of total depositions (Klemm et al. 2006). Chamaecyparis obtusa var.
formosana (CHFO) is the predominant tree species of the site and was planted after
clear-cutting in the 1960s. The surroundings are natural, old-growth Chamaecyparis
forests that have existed for at least 2000 years (Figure 1). The major management
objective of CHFO plantations at Chilan Mountain is to restore the populations of
CHFO, which is a habitat for many endemic flora and fauna. Because of the variation
of topography and climate regime, the study site affords unique opportunities to study
the spatial heterogeneity of subtropical montane cloud forest plantation. Broadleaf
tree species were also recorded in the region such as Dendropanax dentiger, Illicium

anisatum, Machilus thunbergii and Lindera communis (Chang et al. 2008).
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Figure 1. A panchromatic QuickBird image of the Chilan Mountain study site. The
dark-coloured polygon outlines the boundary of Chamaecyparis obtusa var.
formosana (CHFO) plantation forest surrounded by other vegetation types, and the
bright-coloured irregular line within the site is an unpaved dirt road. The location of
the study site (the star) with the background of a digital elevation model is displayed

in the lower right corner.
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2.2 Remotely sensed data acquisition and pre-processing

The biophysical properties of CHFO vegetation were characterized using a high
spatial resolution cloud-free QuickBird image (Ozdemir 2008) (Figure 1). The sensor
was launched in 2001 and collects one panchromatic (spectral range: 450-900 nm)
and four multispectral images (blue, green, red and near-infrared [NIR] spectral
ranges: 450-520 nm, 520-600 nm, 630-690 nm and 760-900 nm, respectively). The
dynamic range of the image is 11-bit, and the spatial resolutions are 0.61-0.7 m and
2.44-2.8 m for the panchromatic and multispectral images, respectively, dependent on
viewing angle. The image of this subtropical MCF was acquired at 10:12 (UTC) on 11
May 2009. A standard imagery product was obtained, with geo-registration applied by

the provider.

Two types of remote sensing pre-processing procedures, image contrasting and
atmospheric correction, were applied to the image. The image contrasting enhances
the texture in an image, whereas atmospheric correction procedure removes the
atmosphere profile (e.g., molecular and aerosol scattering, water vapour) from
remotely sensed data so the retrieved signals would truly reflect the properties of the
land surface. We first used reported standard conversion coefficients to compute
at-sensor spectral radiance (W m”pm™'sr™") from the raw data. For the image
contrasting, we stretched the data by subtracting the lowest measured spectral
radiance from each panchromatic and multispectral band, and normalized the data
range to 0-1 (Figure 2). For the standard atmospheric correction, we used radiative
transfer software, the Atmospheric CORrection Now (ACORN) v. 6b (ImSpec LLC,
Palmdale, CA, USA), to remove the atmosphere profile from the image and convert
at-sensor radiance to surface radiance (unitless). A tropic mode, atmosphere visibility

and water vapour of 90 km and 20 mm, respectively, were set for ACORN by
12



referring to the user manual (ACORN 2008) and using an international network of

precipitable water vapour estimation (SuomiNet 2012).

QuickBird 2.8 m * QuickBird 0.7 m
Contrasted multispectral image ¥ Contrasted panchromatic image

Image fusion

Tree crown
delineation

Figure 2. An object-based canopy extraction process. The contrasted QuickBird
13



panchromatic and multispectral images were fused to enhance the edges of tree

crowns in order to delineate canopy area.

2.3 Field CHFO total carbon estimation

An in-situ CHFO allometric method was utilized to use canopy area as an
independent variable to estimate total carbon (Yeh 2004). Aboveground biomass
(AGB) of 15 top-layer trees of different sizes of canopy (mean + standard deviation
[sd]=6.6 £3.5 m’, range = 1.4-13.0 mz) were harvested; the canopy area (A) was
estimated by dividing it into eight equal-angle (45°) triangles (eq. 1), where L, is the

projected length of canopy area (A) from the main stem of CHFO.
8

A=, XL, xsin45° (1)
n=1

According to another study of this same area (Chu 2005), the ratio of AGB and BGB
is 1.55 (AGB = 140.40 Mg ha™ and BGB = 76.60 Mg ha™) and the carbon content of
CHFO biomass is approximately 50%. Therefore, by integrating these parameters, we

estimated the total carbon storage of CHFO using canopy area (eq. 2).
In(C) = 1.01 + 1.58In(A), =096 2)

2.4 Regional vegetation structure delineation

To delineate tree canopy areas, an advanced image fusion algorithm, the
Gram-Schmidt spectral sharpening method (Fuchs et al. 2009), was applied to the
contrasted QuickBird image to generate a 0.7 m multispectral image (Figure 2) was
used as an input for a Feature Extraction module (Canty 2006). The Feature
Extraction module provides object-based algorithms to extract information from an

image based on its spatial, spectral and texture characteristics. The feature extraction
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workflow consists of a threshold setting and an optional object extraction procedure.
The threshold setting is used to find objects from an image following the steps of
segmentation, merging, refinement and attribute computation (Tan et al. 2010); CHFO
canopy area can then be delineated and used to estimate mean canopy area (m?) and
carbon (kg stem™) using eq. 2. Moreover, the stem density (stems ha™'), woody carbon
density (Mg ha™") and cover of the study site can be computed after taking the area
into account. An optional procedure of the Feature Extraction module is to extract an
object of interest by implementing supervised or rule-based classification. These
methods have been commonly found in remote sensing literature. Details of the
classification algorithms are described in Jensen (2004). Rule-based classification was
selected to delineate broadleaf plant attributes (patches and patch area) with less

distinct crown shape in the image, and patch density can be computed using a GIS.

To validate the performance of image segmentation, we compared it with field
CHFO cover measured using a hemispherical (fisheye) photography approach (Rich
1990) in spring 2010. Hemispherical photographs were taken from seven transects
and canopy cover of each sampled area was derived by averaging 4-5 measures with a
5 m interval. Locations were geolocated using a sub-metre resolution Global
Positioning System (Trimble GeoXH 3000, Trimble Navigation Limited, Sunnyvale,
CA, USA) in order to precisely match field observations with the spatially
corresponding remote sensing estimates. To maximise the contrast between gap
openings and plant, we took photographs on an overcast day and utilised the

HemiView 2.0 software (Delta-T 2000) to calculate canopy cover.

2.5 Vegetation greenness estimation

The atmospherically corrected QuickBird multispectral bands were used to

15



compute the Enhanced Vegetation Index (EVI), which was used to estimate the
greenness of the site. The EVI enhances vegetation signals that would not saturate in a
highly vegetated area. It is also not sensitive to background noise from the soil and
atmosphere profile that would typically contaminate satellite signals (Huete et al.

2002). The model for the EVI is:

(PNIR = PRed)
EVI =G x (3)
(pnir + C1 X prea — C2 X ppiye + L)

where p is surface reflectance (unitless) and the subscripts indicate NIR, red and blue
bands. Note that G is a gain factor, C; and C, are atmosphere resistance correction
coefficients, and L is the canopy background brightness correction factor. The
coefficients adopted in eq. 3 were G =2.5, C; =6, C, =7.5, and L = 1. EVI values of
CHFO and broadleaf plant vegetation were compared using analysis of variance

(ANOVA).

2.6 Topography analysis

A 30 m DEM was acquired from the Advanced Spaceborne Thermal Emission
and Reflection Radiometer (ASTER) global DEM database (ASTER 2012) (Figure 3
(a)). We derived the topographic information (elevation, slope and aspect) from DEM
using ArcGIS v. 9.3 (Ormsby et al. 2009). Elevation and slope were regrouped to low
(1469-1629 m) and high (1630-1789 m), flat (1-16°) and steep (17-31°), respectively,
following the rule of equal range. Aspect was discarded from the analysis due to the
homogeneity of the slope facings (only south to southeast facing slopes on the site).
To avoid the interaction between elevation and slope, we further partitioned the
topography into four groups (low/high elevation x flat/steep slope). ANOVA was used

to test the differences between CHFO canopy area, carbon mass, and broadleaf plant

16



patch area in different terrains, and other attributes (CHFO stem density, carbon

density, cover and broadleaf plant patch density) were directly compared.

(a)

(b)

I Broadleaf patch

(c)

Figure 3. (a) Elevation (solid lines) and slope (background) of the study area; (b)
broadleaf plant patches extracted from the 0.7 m sharpened QuickBird image; and (c)
the Enhanced Vegetation Index (EVI) of study area estimated by the QuickBird 2.8 m

multispectral image.
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2.7 The edge effect analysis

In this study, two types of edges were studied: The edges between the study site
and the unpaved dirt road (man-made edges) and natural vegetation (natural edges)
(Figure 1). We used the 30 m DEM to compute path distance (distance taking terrain
variation into account) away from the edges. According to more than 70 studies (see
review by Baker and Dillon 2000), the influence of edge effects was evident at
distances less than 240 m in most cases. Hence, we set the distance for the first eight
intervals away from the 4 m wide road to 30 m and increased the length gradually to
60 m, 100 m and 412 m intervals (Figure 4 (a)). For the natural vegetation edges, we
used a 30 m interval toward the core of the study area except for the last one at the
centre of the site (Figure 4 (b)). The remote sensing estimates of CHFO canopy area,
carbon, stem density, carbon density, broadleaf plant patch areas and broadleaf plant

patch density within each interval were compared.
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(a)

(b)

Figure 4. Thirty metre equal path distance (solid lines) (first eight intervals) away
from (a) the road (the solid thick line) and (b) natural vegetation (Cryptomeria
Jjaponica, mature, mixed forests) edges (all but the interior core area) in the study area
(Figure 1). Dotted lines in (a) indicate the intervals of 60 m, 100 m and 412 m (in

order) away from the road.
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2.8 Sampling strategy

Remotely sensed data usually generates a tremendous amount of samples, which
would be an issue for a statistical test; the difference among groups may become
negligible after taking the sample size into account. In addition, the spatial
dependence of these data may prevent the use of regular statistical tests (Isaaks and
Srivastava 1989). Therefore, it is necessary to sample the data in a random fashion
(Brus and DeGruijter 1993). Yamane (1967) provided a simple model (eq. 4) to select

a proper sample size:
n=N/(1+Nxé) (4)

where n, N and e are the sample size, the population size and the uncertainty
respectively. In this study, we set e = 0.05 for statistical tests. The model was applied

to the topographic and greenness analyses with large samples.
3. Results

3.1 The structure of regenerated CHF O forest

In this study, we utilized high spatial resolution remote sensing coupled with
object-based algorithms to delineate tree crowns in a regenerated CHFO forest. A total
of 39,785 CHFO trees were delineated in the study site. The mean (+ s.d.) canopy area
of this study site was 12.4 + 9.6 m*. Mean (+ sd) carbon per individual was 138 + 118
kgC with an estimated site C density of 119.3 MgC ha'. The CHFO sizes ranged from
34-992 kgC stem”! (Figure 5). The majority (78%) of CHFO plants was less than 200
kgC stem™, but the remaining small portion of large trees occupied about 43% of total
carbon. In general, the performance of object-based tree crown delineation was

satisfactory in successfully outlining the texture of image based upon the visual
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inspection (Figure 2). There was a minor discrepancy (7.9%) of canopy cover
estimates by the remote sensing image segmentation and field hemispherical

photography (mean + s.d. = 83.3 £4.0% and 91.2 *+ 1.2%, respectively).

Fractional cover of CHFO was 81%, and broadleaf plants occupied about 4.6%
of the site (Figure 3(b)). The mean broadleaf plant patch area was 6.4 + 9.5 m’. The
patch density of broadleaf species was 72 patches ha™ (total 4,376 patches). The mean
EVI of broadleaf plant patches (0.56 + 0.05) was significantly higher than that of
CHFO (0.50 + 0.05) (p < 0.001; n for CHFO and broadleaf plants were 399 and 387,

respectively) (Figure 3(c)).
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Figure 5. Proportions (%) of plants and covered areas of different size classes of

Chamaecyparis obtusa var. formosana in the study site.
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3.2 Vegetation characteristics across topographic variations

Elevation plays an important role in modifying bioclimate, which can have
significant influence on plant growth. However, this topographic effect was not
pronounced (p > 0.2; n for high and low elevations were 780 and 733, respectively) in
this study for CHFO canopy area and carbon (Table 1). Stem and carbon densities,
and cover were all slightly lower at high elevation. Unlike elevation, slope was a
pivotal factor affecting plant growth. Canopy area was significantly higher (p = 0.04;
n for steep and flat terrains were 766 and 747, respectively) and mean carbon per tree
was relatively higher (p = 0.06) on flat terrain; very slight differences were found

between steep and flat terrains for CHFO stem and carbon densities, and cover.

In contrast to the CHFO plantation, elevation had crucial impacts on broadleaf
plant patches (p < 0.001; n for high and low elevation were 625 and 492, respectively).
Smaller patches with lower patch density were located at high elevation compared to
those at low elevation (Table 2). There was no significant difference in broadleaf plant
patch area between steep and flat terrains (p > 0.2; n for steep and flat terrains were
604 and 513, respectively), but areas with a steep slope had slightly higher patch
density. Note that no interactions between elevation and slope were found (p > 0.08)
in the aforementioned statistical tests, which justified the analysis using only one

topographic attribute.
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Table 1. The vegetation characteristics (+ standard deviation [sd] in parentheses) of Chamaecyparis obtusa var. formosana extracted by an

object-based method for different elevation and slope classes. Asterisks indicate significant results (p < 0.05) according to analysis of variance.

Note that canopies touched by the boundaries of topographical groups (high vs. low elevation, steep vs. flat slope) are included in the analysis.

Therefore, values of mean carbon, density, carbon density and cover would be slightly higher than the overall estimates.

Topography Proportion Mean canopy (+ sd) Mean carbon (£ sd) Density Carbon density Cover
(%) (m?) (keC stem™) (stems ha™) (MgC ha™) (%)
= High 78.8 12.9 (£9.7) 194 (+280) 689 132.8 88
% Low 21.2 12.3 (+ 8.6) 176 (£ 233) 750 134.5 93
Steep 60.5 12.1 (£ 8.7)* 198 (£ 285) 703 128.0 88
=
Z Flat 395 13.1 (£9.7)* 173 (+230) 701 137.5 90
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Table 2. The vegetation characteristics (+ standard deviation [s.d.] in parentheses) of broadleaf plant patches extracted by an object-based
method for different classes of elevation and slope. Asterisks indicate significant results (p < 0.05) according to analysis of variance. Note that

patches touched by the boundaries of topographical groups are included in the analysis. Therefore, the values of patch density would be slightly

higher than the overall estimate.

Topography Occupation (%) Mean patch area (£ sd) (m?) Patch density (patches ha™)
g High 4.0 54 (x6.5)* 67
é) Low 8.5 7.6 (£9.6)* 106
Steep 5.5 6.7 (£8.5) 80
3
7 Flat 4.0 6.1 (£7.6) 67
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3.3 The edge effects

The area next to the main road (0-30 m) yielded the lowest amount of CHFO canopy
area (mean +s.d. = 12.8 £ 10.5 mz), stem density (762 stems ha'l), carbon (195 + 385
kgC stem™) and C density (149 MgC ha™) compared with other 30 m interval areas
(30-240 m) (Figure 6(a) and (b)). The values of these CHFO structure attributes decrease
gradually after the first eight intervals (240-912 m). Unlike CHFO vegetation, the mean
broadleaf plant patch area within the first interval (0-30 m) was high (7.7 £ 17.1 m?), and
it stabilized with little fluctuation after the first interval (5.3 7.8 —7.1 £9.5 mz)
between 30-400 m. The areas containing the highest mean (+ sd) broadleaf plant patch
areas were the farthest from the road (400-912 m) (7.9 £ 10.5-8.5 £ 11.0 mz) (Figure 6(c)).
Broadleaf plant patch density was the lowest within the first interval (62 patches ha™), no
apparent trend was observed with the increment of distance away from the road, and the
area within the farthest interval (500-912 m) having the highest density (125 patches

ha).

For the natural vegetation edge analysis, the areas close to the edges yielded low
mean CHFO canopy area (12.6 = 10.3 mz), stem density (712 stems ha‘]), carbon (190 +
380 kgC stem’l) and carbon density (93 MgC ha'l) (Figure 7(a) and (b)). The trends of
CHFO structural attributes were stable after the first seven intervals (30-210 m) and then
dropped rapidly in the core (210-302 m). The mean area and density of broadleaf plant
patches were relatively constant across intervals (6.5 £ 9.5 m?>-7.5 + 12.5 m* and 74-86
patches ha™, respectively). However, low broadleaf plant path area (mean = 5.6 + 6.1 m?)

and high patch density (93.5 patches ha™") points were observed within the core of the
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study area (Figure 7(c)).
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Figure 6. The edge effect of unpaved road on the Chamaecyparis obtusa var. formosana
plantation within each interval (Figure 4(a)). Bars indicate ranges of 95% confidence
interval; proportions (%) of intervals to the study area are given in parentheses under the
x-axis. (a) Mean CHFO canopy area and tree density. (b) Mean carbon and carbon density
for each individual tree and interval, respectively. (c) Mean patch area and patch density

of broadleaf vegetation.
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4. Discussion

4.1 Vegetation characteristics of the subtropical MCF plantation

This study demonstrated the feasibility of utilising hyperspatial remote sensing
techniques to characterise the vegetation structure of the subtropical MCF plantation at
the landscape scale. The object-based approach can precisely outline the edge of a canopy
from a sharpened high spatial resolution QuickBird image, which allowed us to estimate
CHFO structure efficiently. In the study site, plants smaller than 100 kgC stem’™ occupied
about half of the CHFO population (Figure 5). The plantation activity after clear-cutting
in the 1960s resulted in the high proportion of young growth at the site. However, a
considerable number (12.9%) of trees contained more than 300 kgC stem™ and up to
almost 1000 kgC stem™, which was 21.6% of total carbon of the site. Trees with large
canopies are particularly important in terms of carbon storage because of the nature of the
log-log relationship between biomass (C) and canopy area (Jenkins et al. 2003). This
reveals that conventional field measurements with the assumption of homogeneity in
estimating forest plantation C budgets may not be valid to quantify the structure of MCF
plantations and possibly other plantations especially in mountainous terrain due to the

variation of canopies amplified by physical environments.

The study area is designated for a CHFO plantation; however, we found that only
81% of the site was covered by CHFO canopies based upon the large-scale remote
sensing observation. The remaining natural area was mainly occupied by broadleaf plant
patches. In terms of the greenness of the vegetation, the EVI values for broadleaf plant
patches were significantly higher than those for CHFO plantation (Figure 3(b) and 3(c)).

Broadleaf plant canopies can reflect 50% more energy in the NIR region than that of
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conifer trees due to foliar abundance (e.g., leaf area index [LAI]) (Zheng et al. 2004),
which is positively related to ecosystem productivity (Huete et al. 2008). Carbon fluxes
of the CHFO plantation could be underestimated if taking only the growth rate of
plantation species into account. In summation the heterogeneity of forest plantation may

be underestimated at the landscape scale, which is difficult to assess at the local scale.

4.2 Topographic effects

Topographic effects on plant growth were not due to topography per se but were due
to bioclimate and substrate contents, which are indirectly influenced by variations of
elevation, slope and/or aspect. In the study region, there is a positive relationship between
precipitation and elevation. However, negative trends of temperature and solar radiation
along the elevation gradient are commonly observed. CHFO adapts very well in this
unique narrow “belt” of foggy zone, and the effects of elevation on CHFO were
negligible (Table 1). However, fog can influence the bioclimate substantially, especially
the reduction of the amount of solar radiation received by plants (Mildenberger et al.
2009), which 1s pivotal for plant growth (Chen et al. 2007). In the study area, larger
broadleaf plant patches were more frequently encountered at lower elevation (Figure 3(a)
and 3(b); Table 2), and the intensity of solar radiation could be the main driver altering
the spatial arrangement of broadleaf plant patches. The topographic attribute that affected
the growth of CHFO in the region was the declination of land surface (Table 1). Several
studies have shown that high concentrations of organic matter and soil nutrients can be
found in flat terrain, which may facilitate plant growth (Hook and Burke 2000). Our
finding indicated that slope played a crucial role in varying CHFO canopy area and

possibly C storage producing larger CHFO plants on flatter terrain, which might be the
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effect of topography-induced substrate enrichment.

4.3 The edge effect

For the road edges, the interval nearest the main road (0-30 m) yielded the lowest
canopy area and carbon (kgC stem™) for each individual CHFO plant, and population
(stems ha'l) and carbon (MgC ha'l) densities for a given area than those CHFO attributes
within other intervals (30-210 m) (Figure 6(a) and 6(b)). Edges close to an open space
received relatively higher light intensity, air and surface temperature, and wind speed but
lower humidity and soil moisture than these bioclimatic and biophysical attributes away
from edges (Baker and Dillon 2000). Mildenberger et al. (2009) found that the rate of
photosynthesis of CHFO was hardly reduced during very foggy conditions, and they
concluded that CHFO was well adapted to low solar radiation. Therefore, the reduction of
growth and population of CHFO along the road may be influenced by factors other than

light intensity (e.g., soil nutrients and competition with broadleaf plants).

For the broadleaf vegetation analysis, we found relatively large patches in the image
near the road edges (Figure 6(c)). Flat leaves can be less effective than cylindrical conifer
needles at photon absorption, especially under diffuse light conditions that predominate
under cloud cover. This may explain the predominance of conifers in temperate forests
where conditions are often cloudy (Chapin III et al. 2011). High light intensity near the
edges may facilitate the growth of broadleaf plants resulting in large broadleaf plant
patches near the road. The main road in the study site was narrow (4 m), and the
influence of the edge effect was rarely beyond 240 m (Baker and Dillon 2000). Therefore,

large, high density broadleaf plant patches observed 500+ m away from the road may be
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influenced by other physical environments but not by edges. Note that there is a negative
relationship between the distance from the road and the elevation (Figure 1 and 3(a)).
Therefore, the bioclimate at lower elevation may benefit the growth of broadleaf plants
(Table 2) and enhance their ability to compete for resources with the dominant CHFO

plants.

The data patterns for CHFO size and abundance at the natural vegetation edges were
very similar to those at the road edges yielding low values for canopy area (m?) and
carbon (kgC stem'l) for individuals, and population (stems ha'l) and carbon (MgC ha"l)
densities for the study site (Figure 7(a) and 7(b)). High wind turbulence and possibly
other factors such as competition with other species near the natural vegetation can limit
CHFO growth resulting in low tree density and crown area near the edges (Baker and
Dillon 2000). Lower CHFO tree density and crown area in the core region could be due
to the slope effect; there was a higher slope (21°) in the core (210-302 m) compared to
the other region (17°). On the other hand, the data pattern between the broadleaf plant
patch area and the distance from the natural edges was erratic, and the interaction was
difficult to decipher. Based on the aforementioned findings, we conclude that the edge

effect is an important factor for modifying plantation landscape patterns.

4.4 Potentials and limitations

Forest is defined by high biological diversity and complex vegetation structure.
Conducting a conventional field-based inventory to collect canopy information over a
large region is labour intensive and costly. This study demonstrated the feasibility of

utilising advanced spatial analysis techniques to characterise the vegetation structure of
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the subtropical MCF plantation at the landscape scale. The object-based approach can
precisely outline the edge of a canopy from a QuickBird image, which allowed us to
estimate CHFO structure efficiently. Hyperspatial remote sensing provided a means to
quickly and effectively measure the canopy area over a vast region (Wang et al. 2004),
which is probably the only structural parameter that is highly correlated to carbon stocks
and can be directly measured by optical remote sensing (Brown et al. 2005). In addition,
canopy cover can be utilized to estimate the gap fraction in a forest (Asner et al. 2005),
which is highly related to other important biophysical parameters such as the fraction of
photosynthetically active radiation absorbed by green vegetation and LAI (Campbell and
Norman 1998). These parameters are pivotal for modeling carbon flux dynamics of an

ecosystem (Huang et al. 2008).

In this study, we showed that remote sensing techniques (image fusion +
object-based delineation) can be used to quantify the vegetation structure of a subtropical
MCEF. However, we found that it may be difficult to detect small attached tree canopies
and these will likely be mislabelled as one large tree. This two-dimensional remote
sensing limitation was commonly observed regardless of the vegetation types (Huang et
al. 2007; Huang et al. 2008), and the carbon overestimation could be substantial. For
example, errors can be from 4.3-86.5 kgC stem™ by mis-identifying a group of clustered
small trees (the category of the smallest tree size in Figure 5) as larger canopies (other
categories). This technical issue may be resolved by combining the outcomes of the study
with Light Detection And Ranging (LiDAR) data measuring tree height, which would
provide a unique 3-D perspective of a forest ecosystem (Asner 2009). This image-fusion

technique may help us further decipher the complexity of vegetation structure.
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CHAPTER III

Temporal and spatial patterns of remotely sensed litterfall in

subtropical forests of Taiwan
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Temporal and spatial patterns of remotely sensed litterfall in

subtropical forests of Taiwan

Abstract

Litterfall is important for returning nutrients and carbon to the forest floor, and
microbes decompose the litterfall into CO; releasing into the atmosphere. Litterfall is a
pivotal component in the biogeochemical cycle in forests. Field litterfall data were
collected to develop a model and validate the estimates in tropical/subtropical forests in
Taiwan. Time-series (2001-2011) climate (the Moderate Resolution Imaging
Spectroradiometer [MODIS] land surface temperature [LST] and Tropical Rainfall
Measuring Mission [TRMM] precipitation) and green vegetation (MODIS
photosynthetically active vegetation cover [PV]) variables were utilized to estimate
regional annual litterfall based on a multiple regression model. This study found that
time-series MODIS LST- and PV-derived metrics, the annual accumulated MODIS LST
and coefficient of variation of PV, respectively, but not the TRMM precipitation variables
were salient factors for the estimation ( ¥ =0.548, p < 0.001). The mean (+ s.d.) annual
litterfall was 5.1 + 1.2 Mg ha™! yr'1 during the observed period. The temporal dynamics of
the litterfall revealed that typhoons and consecutive drought events might affect the
litterfall temporal variation. The annual litterfall decreased along the elevation gradient,
which may reflect a change in the vegetation type. The northeast and northwest facing
slopes yielded the highest amount of annual litterfall (> 5.9 Mg ha™ yr''), which was in
contrast with the southern aspect (5.1 Mg ha™' yr'"). This variation may be associated with

differences in plant growth from the dryness of the microclimate influenced by solar
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radiation. This study demonstrates the feasibility of utilizing time-series MODIS LST and
PV data to predict large-scale field litterfall, which may facilitate large-scale monitoring

of biogeochemical cycles in forest ecosystems.

Keywords: Moderate Resolution Imaging Spectroradiometer (MODIS); Tropical Rainfall

Measuring Mission (TRMM); spectral mixture analysis; typhoon; drought; topography

1. Introduction

Litterfall 1s the major pathway to return dead organic matter and nutrients from
aboveground biomass to forest floor, which plays an important role on the maintenance of
soil fertility and is a pivotal component in terrestrial biogeochemical cycles (Brown and
Lugo 1982; Vitousek 1984). Litterfall is decomposed by microbes, which convert dead
organic matter to either inorganic nutrients utilized by plants or carbon dioxide (CO,) into
the atmosphere (Chapin III et al. 2011). The decomposition of litterfall is also a major
source for global soil organic carbon, which is 2—3 times greater than the carbon stores in
the biomass and atmosphere (Couteaux et al. 1995; Jha and Prasad Mohapatra 2010).
The mineralization of the annual litterfall contributes to approximately half the CO,
output from the soil, and the balance between the rates of litter decomposition and net
primary production (NPP) is closely related to carbon cycling, which makes litterfall a
pivotal parameter for modeling ecosystem productivity (Friend et al. 1997; Running and
Hunt 1993). Litterfall is also a critical indicator for assessing the impacts of disturbances
on forest ecosystems, such as tropical cyclones (typhoons or hurricanes, depending on the
geographic regions), drought and insect infestation (Brando et al. 2008; Lin et al. 2003a;

Lovett et al. 2002). Because of the critical roles of litterfall production in the global
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carbon cycle, it is important to understand the temporal and spatial patterns of litterfall

(Cou"teaux et al. 1995; Davidson and Janssens 2006).

A commonly utilized approach to determine litterfall production is to collect leaves,
twigs, branches, flowers and/or fruits from the canopy and sub-canopy over a period of
time using randomly placed litter traps. The samples are then brought back to a laboratory
to measure the dry weights and nutrient content, and the amount of litterfall for a site
during the observation period can be estimated based on the size of the trap (Lin et al.
2003a; Whigham et al. 1991). To estimate the spatial pattern of litterfall, some studies
used large numbers of in-situ litter traps to develop interpolation models, such as a
distance-weighted averaging method (Hirabuki 1991), kriging (Joffre et al. 1996) or
regression (Rothe 1997; Staelens et al. 2004). However, these field approaches are
extremely labor intensive, which makes them difficult for large-scale monitoring. Some
studies utilized statistical modeling techniques to acquire litterfall and found that
temperature, precipitation, evapotranspiration, latitude, basal area and/or diameter at
breast height (DBH) are salient variables to assess the annual litterfall of a site (Berg and
Meentemeyer 2001; Bray and Gorham 1964; Lonsdale 1988; Matala et al. 2008).
Although it is possible to use these climatic and/or forest stand characteristics to estimate
the litterfall, these approaches are often region specific, which makes them challenging

for temporal dynamics and regional gradient estimation.

Spaceborne remote sensing has been widely used for the systematic observation of
Earth for over 40 years (DeFries 2008). Climatic variables, such as the land surface
temperature (LST) and precipitation can also be retrieved from thermal infrared (3.5 —

13um, Wan and Dozier (1996)), microwave or radar (0.1 — 100 cm, Stephens and
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Kummerow (2007)) data. Vegetation greenness time-series (e.g., the Normalized
Difference Vegetation Index, NDVI) derived from optical (350-2500 nm) remotely
sensed data can be treated as a surrogate to determine the vegetation dynamics and
ecosystem productivity of different settings (Chambers et al. 2007b; Frolking et al. 2009;
Ostertag et al. 2008). According to the aforementioned field studies, litterfall may be
related to climatic and canopy dynamics (Berg and Meentemeyer 2001; Starr et al. 2005;
Wang et al. 2013), it may be able to utilize these data to map the patterns of litterfall over
a large region. In former studies, Taskinsu-Meydan et al. (2010) used a fractional
tree-cover to model Mediterranean litterfall based on a linear regression, and da Costa et
al. (2014) combined field LAI, climatic variables and remotely sensed NDVI to model
leaf production. Although few studies combined field variables and remotely sensed data
to estimate litterfall, they simulated litterfall dynamics with thirteen months or less.
Therefore, the objective of this study is to utilize time-series remotely sensed climate and
vegetation data to estimate the long-term temporal dynamics of litterfall at the regional
scale, which is important to observe patterns of leaf senescence and litter nutrients output
in response to disturbance or climate changes. A large-scale analysis of the spatial
patterns of the annual litterfall in different topographical settings was also conducted to

describe the characteristics of the derived litterfall maps.
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2. Methods
2.1 Study area

This study focused on the forest ecosystems of Taiwan (23°N, 121°E, Figure 8),
which is a 36,000 km? island located between the world’s largest continent (Eurasian) and
largest ocean (Pacific). Forests cover approximately 60% (20,300 kmz) of the territory.
The terrain is generally rugged except for the western coastal plain and tableland. Taiwan
has remarkable elevation, ranging from sea level to near 4000 m a.s.l. within a horizontal
distance of 40 km. This abrupt change in altitude results in a variety of bioclimates,
which govern the composition of plant communities and present a wide spectrum of
vegetation types along the gradient. From low to high elevation, this vegetation includes
an evergreen broadleaf forest, coniferous and broadleaf mixed forest, coniferous forest
and grassland/dwarf bamboo forest including natural and plantation forests. Taiwan’s
climate is generally warm and humid. The mean air temperature varies from 5-25 °C
along the elevation gradient, and the annual mean temperature during 2001-2011 range
from 20-22 °C (Figure 9). The mean annual precipitation is approximately 1500-3400
mm yr'l, and approximately 80% of the rainfall occurred from May—October due to the
plum rain, summer monsoon and typhoons (Taiwan Data Bank for Atmospheric Research

[http://dbar.ttfri.narl.org.tw]; Taiwan Central Weather Bureau [http://www.cwb.gov.tw]).
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Figure 8. (a) The model (triangles) and validation (circles) sites used to establish and
verify the litterfall model, respectively. A full name and short description for each site can
be found in Table 3. The green monochromatic layer is a long-term (2000-2011) average
of the photosynthetically active vegetation (PV) fractional cover (%) of the forests. (b)
The geographic map of Taiwan.
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Precipitation anomaly (mm month™)
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Figure 9. The anomalies of temperature (°C) (dashed line) and precipitation (mm month™)

(above mean: light-colored bars; below mean: dark-colored bars) were calculated from

monthly temperature and precipitation minus long-term (1993-2011) mean values.

Positive temperature and precipitation indicates hotter and wetter conditions than the

long-term median value. The black arrow indicates a typhoon in which the central wind

velocity of the typhoon is over 32.7 ms™".
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2.2 Field data

We acquired monthly litterfall from our own field observations and intensive
literature review using on-line search engines (Google Scholar
[http://scholar.google.com.tw/], Taiwan Periodical Literature System
[http://readopac.ncl.edu.tw/], and National Digital Library of Theses and Dissertations in
Taiwan [http://ndltd.ncl.edu.tw/]) with the key words “litterfall” and “litter production” in
traditional Chinese. The time of data acquisition was at least one full year (12 months)
and the initiation time was not the spring (March—May) or summer (June—September),
covering more than two growing seasons in different years. Thirteen sites in the
tropical/subtropical evergreen broadleaf and coniferous forests across a wide elevation
range (150-3000 m a.s.l.) were selected for this study (Figure 8 and Table 3). Four
subtropical sites were also collected across the Northern Tropic to evaluate our model
(Table 3). Protocols for the collection of field litterfall data were slightly different from
site to site, but in general, 9-50 litter traps 0.25-1 m? in size were installed with a mesh
size of 1-1.2 mm under canopies at 1-1.5 m above ground to avoid microbe
decomposition. The traps were periodically visited (two weeks—one month), and the
collected litterfall was oven dried at 60—70 °C for 48—72 h to constant weight. To match

with the satellite data acquisition time, we only selected the data collected after 2001.
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Table 3. Site characteristics for model simulation and validation; CF and EBF correspond to coniferous forest and evergreen broadleaf

forest, respectively.

Litterfall
. Trap —
Sites Vegetation Periods Elevation (m) (Mgha yr') References
number
(mean =+ sd)
Model sites
Chilan (CL) CF 2004/01-2010/12 1500-1800 10 34+0.8 (Wang 2011)
Fushan (FS) EBF 2001/01-2011/12 650-800 10 62+1.0 [Lin (unpublished data)]
Huisun (HS) EBF 2001/01-2004/12 700-1300 12 63+1.3 (Chang 2005; Chou 2003)
Nanjenshan (NJS) EBF 2004/01-2010/12 150-350 35 42 +0.8 (Chin 2008; Kuo 2012)
Validation sites
Chitou (CT) SEBF 2006/02-2007/01 1500-1780 40 6.4 (Yang 2007)
Chungtzekuan (CTK)  SEBF 2004/01-2005/12 1876 40 42+1.2 (Lee 2006)
Hehuan (HH) CF 2011/01-2011/12 3000 24 3.1 (Lin 2012)
Kenting (KT) TEBF 2004/02-2006/01 200-300 18 8.2+0.7 (Liao 2006)
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Litterfall

Sites Ve getation* Periods Elevation (m) n:zlf)er Mg ha! yr’ 1) References
(mean * sd)
Lienhuachi (LHC) SEBF 2009/03-2010/02 728-797 9 9.2 (Lu 2010)
Nansi (NS) SEBF 2007/11-2008/10 1955-2065 50 4.8 (Weng 2009)
Ouwanta (OWT) SEBF 2002/01-2002/12 1200-1600 18 8.9 (Hung 2003)
Peitungyen (PTY) SEBF 2009/03-2010/02 2098 9 6.6 (Lu 2010)
Waulai (WL) SEBF 2002/02-2003/01 210-230 12 7.1 (Hsiao 2005)
International sites
China (Fujian) CF 2012/02-2013/01 205-500 10 4.9 (Zhou et al. 2014)
Puerto Rico EBF 2002/12-2003/12 300-600 36 7.5 (Zalamea and Gonzalez 2008)
Thailand EBF 2010/04-2011/03 700-860 36 4.2 (Podong et al. 2013)
USA (Hawaii) EBF 2002/02-2003/01 20-100 10 7.1 (Hughes and Denslow 2005)
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2.3 Remotely sensed climate data

Previous studies suggested that the dynamics of litterfall were highly correlated to
air temperature and precipitation (Brown and Lugo 1982; Sdnchez-Andrés et al. 2010).
To produce time-series spatial coverage of the monthly temperature, the Terra Moderate
Resolution Imaging Spectroradiometer (MODIS) LST (MOD11A2) v. 5 was utilized.
This study realized that the spatial resolution of MODIS imagery was relatively coarser
(1 km) compared to other public domain satellite data (e.g., Landsat [30—120 m]).
However, the availability of high quality imagery with no or low cloud cover was key to
delineate the temporal dynamics of litterfall (n = 20+ per year for MODIS vs. 4 for
Landsat imagery to cover the study site). This should justify the use of the MODIS data.
Although there is a discrepancy between the satellite (LST) and field measurements (air
temperature) of the litterfall sites during the observation period, but a high correlation
was observed (Figure 10). This warrants the use of the satellite measurements for further
statistical analysis. The MODIS LST obtains ground temperature using the generalized
split-window algorithm based on the bands 31 (10.780-11.280 um) and 32
(11.770-12.270 pm) (Wan and Dozier 1996), and the uncertainty is only within the range
of 1 K (Wan 2008). The majority of atmospheric effects and cloud pixels were removed,
and the geographical coordinates were aligned by the data provider before data
acquisition. The 8-day composites comprising daytime (10:30 am local time) LST with a
1 km spatial resolution from 2001 to 2011 were obtained. The nighttime LST composites
were not combined due to higher missing values with signal noise and cloud
contamination in the study site. The maximum LST in the late morning of a month was

selected to represent the monthly mean temperature to minimize the sub-pixel cloud
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contamination. Due to the relative stability of temperature in this tropical/subtropical
region, this study accumulated monthly LST to annual accumulated LST to enhance the

range of the variable.

The Tropical Rainfall Measuring Mission (TRMM) V7 3B43 was used to determine
the monthly precipitation. The satellite was launched in 1997 to monitor the
three-dimensional (3-D) distribution of precipitation and energy exchange in the tropics.
The TRMM has the following five onboard sensors: a passive microwave radiometer
(TMI), the first active spaceborne Precipitation Radar (PR), a Visible-Infrared Scanner
(VIRS), Clouds and the Earth's Radiant Energy System (CERES) and Lighting Imaging
Sensor (LIS). The TRMM V7 3B43 contains information on the multi-satellite
precipitation rate (mm h')ata spatial resolution of 0.25° between 50°N and 50°S (~ 27.5
km for the studied region). The global monthly precipitation combined the TRMM
3-hourly integrated high-quality data (3B-42) and the global gridded rain gauge products
from the monthly accumulated Climate Assessment and Monitoring System
(CAMS) and/or Global Precipitation Climatology Center (GPCC) to produce the best
estimates of the precipitation rate (Huffman et al. 1995). Annual precipitation was used to
present the inter-annual variances of precipitation and the coefficient of variation (CV) of
monthly precipitation reflected the intra-annual variance of precipitation, respectively.

The predictabilities of both variables to annual litterfall were investigated.
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Figure 10. Data from the MODIS land surface temperature (Tyst, Xx-axis) were compared
to field temperature records (Ty) derived from local weather stations in the model sites
during 2001-2011. There was a significant correlation between the satellite and field
measurements (r2 =0.722, p < 0.001). The weather stations were at the Taiwan Forestry
Research Institute (for FS, Figure 8), National Taiwan University (CLM), and Taiwan

Central Weather Bureau (the remaining sites).
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2.4 Green vegetation cover

The litterfall spatial and temporal variations are sensitive to stand characteristics and
phenology (Bray and Gorham 1964; Lonsdale 1988), which can be modeled using high
temporal resolution time-series satellite images (Zhang et al. 2003). In addition, the
dynamics of litterfall may influence canopy closure or gap fraction over time. Therefore,
the fractional photosynthetically active vegetation cover (PV) could capture canopy
patterns and the coefficient of variation of PV (PV-CV) over a year reflect temporal
dynamics of monthly PV. The PV-CV was calculated as one of the independent variables
to estimate the annual litterfall from 2001 to 2011. The high temporal resolution data, the
MODIS 8-day composites surface reflectance (MODO9A1 V5), contain seven optical
bands with the spectral ranges of 0.620-0.670 um, 0.841-0.876 um, 0.459-0.479 um,
0.545-0.565 pm, 1.230-1.250 pm, 1.628—-1.652 um, and 2.105-2.155 um from band 1 to
band 7, respectively, at 500 m spatial resolution. The majority of atmospheric effects
were removed and the geographical coordinates were aligned by the data provider before
data acquisition. Cloud-contaminated pixels were excluded by setting a threshold (surface
reflectance > 28.29%, 40.38%, 28.62%, 29.48%, 38.60%, 28.93% and 17.67% in the
band order) by referring to cloud endmembers (n = 1271) extract from 25 sets of 30-m
atmospherically corrected (by Atmospheric CORrection Now [ACORN, ImSpec,

Palmdale, CA, USA]) hyperspectral Hyperion images (Huang et al. 2013).

Time-series of MODIS PV were calculated by spectral mixture analysis, which is
used to derive sub-pixel proportions of components in a pixel (Adams et al. 1995). Each
endmember component contributes to pixel-level spectral reflectance (R) as a linear

combination of endmember spectra:
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n
Ri=) fRa+e —and ) fi=1 (1)
k=1

where i is the number of the spectral band, k is the number of endmembers, R; is the
spectral reflectance in band i for each pixel, f is the fraction of endmember k within a
pixel, R is the spectral reflectance of endmember k in band /7, and ¢ is the error term for
band i. In natural environments, land surfaces are dominated by PV, non-PV (NPV) and
bare soil (BS). There are models to take natural variability, such as biochemical
components, structures and water contents of endmembers into account by randomly
selecting endmembers from a set of spectral libraries (Bateson et al. 2000). This study
used a Monte Carlo simulation based spectral mixture analysis model to find the most
possible combination of PV, NPV and BS for each pixel through iterative random
selection of endmembers (details see Asner and Lobell 2000). A set of spectral libraries
(npy = 580, nxpy = 267, ngs = 256) was established specifically for Taiwan’s forest
ecosystems (Huang et al. 2013). Endmember bundles for NPV and BS were directly
sampled using a field spectroradiometer (FiedSpec 3, ASD Inc., CO, USA) ata 1 nm
spectral resolution. However, due to the high stature of vegetation canopy in Taiwan, the
PV endmembers were extracted from 25 widely distributed, atmospherically corrected
(by ACORN) Hyperion images with high canopy closure by referring to high spatial
resolution (< 5 m to sub-meter) remotely sensed images. High resolution spectra were
convolved to match the spectral profiles of the MODIS surface reflectance data (Figure
11). According to Asner et al. (2003) and Huang et al. (2007), a 250 time repetition for

each pixel should be sufficient for multispectral data. Histograms of PV, NPV and BS
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abundance were produced to examine the accuracy of cover estimation, which should be
a normal distribution with high kurtosis (a measure of peakedness), or the model would
reject the process and request another round of unmixing. For each pixel, this study select
the one that yielded the highest PV value within a month (3—4 images per month) to
represent the mean monthly PV because the atmosphere induced noises would obscure

the greenness signals. The PV-CV for each year per pixel can then be derived.

The Enhanced Vegetation Index (EVI) was selected for the greenness variable,
which is suitable for assessing the greenness of dense vegetation in the mountainous

region of Taiwan. The EVI was calculated as (Huete et al. 2002):

(PNir — PR)
EVI = G x (2)
(pnir +Cy X pr —Cy X pp + 1)

where pg (blue), pr (red), and pnr (near infrared) are MODIS 8-day 500 m surface
reflectance (MODO9A1) bands 3, 1 and 2, respectively. This study noted that G (= 2.5) is
gain factor, and L (= 1) is the canopy background brightness correction factor. The C; (=
6) and C, (= 7.5) are atmosphere resistance correction coefficients for the red and blue
bands, respectively. A greenness index may be obscured by cloud contamination, and we
used the maximum value of EVI in a month to represent the monthly EVI assuming the
clearest sky conditions. The elevation was acquired from the 30 m Advanced Spaceborne
Thermal Emission and Reflection Radiometer (ASTER) digital elevation model (DEM).
The spatial resolution of the EVI and DEM were coarsened to 1 km for the statistical

analysis.
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Figure 11. Spectral profiles of the endmember library of (a) photosynthetically active
vegetation (PV), (b) nonphotosynthetically active vegetation (NPV), and (c) bare soil
(BS). The spectra were convoluted to match with the MODIS wavelengths (d-f for PV,
NPV and BS, respectively). The PV hyperspectral endmembers were extracted from
Hyperion images, whereas those of the NPV and BS were acquired from a portable field
spectroradiometer. The solid, dashed and dotted lines indicate one standard deviation on

each side of mean and the minimum and maximum reflectance values, respectively.
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2.5 Litterfall modeling and validation

Time-series temperature, precipitation and PV-CV during 2001-2011 were applied

to estimate the annual litterfall using a simple multiple linear regression:

LF=byo+b; T+ bR+ b3 PV-CV 3)

where LF is field annual litterfall (Mg ha’ yr'l) from four model sites (Fushan, Chilan,
Huisun, Nanjenshan, see Figure 8 for the locations and Table 3 for the site descriptions),
and T, R and PV-CV are the annual accumulated monthly mean temperature (°C yr™),
annual precipitation (mm yr') or the CV of monthly precipitation (%), and the CV of PV
(%) acquired/derived from the MODIS LST, TRMM, and MODIS reflectance data,
respectively, for the corresponding locations. Only sites that consistently collected data
for at least three years were selected for establishing the model (Table 3). The assumption
was made based on our local knowledge and this study expected that long-term field
litterfall monitoring may indicate more reliable and consistent measurements. Instead of
averaging the temperature data for a year, this study accumulated them to enhance the
dynamic range of the variable. Because the MODIS LST and PV-CV and TRMM are
generated at different spatial resolutions (1 km, 0.5 km and 0.25° [~27.5 km],
respectively), these data must be unified before performing a statistical analysis. A
minimum sampling unit of 1 km was arbitrarily set based on the impacts of data
collinearity (pixel refinement) and spatial complexity (pixel coarsening). A nearest
neighbor method was applied to combine the PV-CV data. This study enhanced the

spatial resolution of the TRMM precipitation data using a regression model with the
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spatially corresponding greenness and elevation information (Immerzeel et al. 2009; Jia
et al. 2011). Moreover, this study acquired the monthly air temperature and precipitation
data from local weather stations of the model sites and substituted them for the MODIS

LST and TRMM to justify the use of meteorological data for estimating the litterfall

production of the region.

Performance of the remote sensing model was assessed using another independent set
of field data (Figure 8 and Table 3, n [one site-12 months] = 11). The field litterfall data
were collected monthly for 12 or 24 months. The coefficient of determination (r2 )
between the modeled and ground truth was calculated. The bias (B) (eq. 4) and root mean
square error (RMSE) (eq. 5) were computed to assess the accuracy of the estimation (eq.
5):

n A~
i=1Yi

B =
?zlyl

—1 (4)

1/2

RMSE = (Z (i — JA’i)Z/n> (5)
i=1

where y; is the estimated litterfall extracted from the multiple regression model, y; is the
corresponding field litterfall data retrieved from validation sites, i is the index of field
litterfall number, and 7 is the total number of field litterfall data.

2.6 Topographical analysis

Topography (mainly elevation, slope and aspect) plays an important role in

governing microclimate and has tremendous influences to regional biogeochemical cycles
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(Chen et al. 2007; Hook and Burke 2000). Remarkable elevation coverage in Taiwan
makes it an ideal region to study the spatial patterns of litterfall along topographic
(elevation, slope and aspect) gradients. Elevation was acquired from the 30 m ASTER
DEM. Slope (°) and aspect were derived from the DEM using ArcGIS v. 10 spatial
analyst tools (Environmental Systems Research Institute, Redlands, CA, USA). This
study regressed elevation and slope with litterfall to investigate the influences of these
topographic metrics to the annual production. Aspect is not incremental, therefore, this
study evenly divided it into eight nominal classes: north (0-22.5° and 337.5-360°),
northeast (22.5-67.5°), east (67.5-112.5°), southeast (112.5-157.5°), south (157.5—
202.5°), southwest (202.5-247.5°), west (247.5-292.5°) and northwest (292.5-337.5°).
The Tukey-Kramer multiple comparison, which is a statistical model utilizing the unique
structure of the multiple comparisons by selecting a specific multiplier from the
studentized range distributions rather than from the #-distributions to control for the
family-wise error (Ramsey and Schafer 1997), was applied to test the differences of

litterfall among these aspect classes based on a 0.05 significant level (o).

3. Results
3.1 Explainary variables

In general, the mean (2001-2011) PV was higher in the lowlands and decreased with
increasing elevation ( ¥ =0.237, p < 0.001) (Figure 8). The mean PV-CV increased along
the elevation gradient ( ¥ = 0.067, p < 0.001), and the spatial heterogeneity of the PV-CV
was higher in the central and northern regions than the southern region (Figure 12(a)). As

expected, a negative relationship was found between the LST and elevation ( ¥ =0511, p
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< 0.001), and the mean annual LST ranged from 13-34 °C (Figure 12(b)). Performance
of the TRMM spatial resolution refinement using 500 m MODIS EVI and 30 m ASTER
DEM was poor (> = 0.012, p > 0.05). Therefore, this study used the original TRMM data
with 0.25° spatial resolution as one of the explanatory climatic variables to estimate
litterfall. The annual precipitation derived from the TRMM ranged from 1500-2300 mm
yr''. The central to southern regions yielded the highest amount of mean annual
precipitation, and there was slightly higher precipitation in the northern region compared

to the southern region (Figure 12(c)).
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Figure 12. Spatial patterns of the mean (2001-2011) MODIS (a) MODIS PV-CV (annual coefficient of variation of PV), (b) LST
(Land surface temperature) and (c) TRMM (Tropical Rainfall Measuring Mission) precipitation data at the spatial resolutions of 500 m,

1000 m and 0.25° (~ 27.5 km), respectively.
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3.2 The litterfall model and validation

A multiple regression model for annual litterfall estimation was derived using the
annual accumulated MODIS LST and PV-CV as explanatory variables (Table 4), and the
predictivity was satisfactory ( ¥ =0.548, p < 0.001). The TRMM annual and monthly CV
precipitation data were excluded from the analysis because the coefficients were
insignificant (p > 0.05). This study also noted that there were no significant correlations
(p > 0.05) among these explainary variables. A significant correlation (r* =0.608, p =
0.003) was found between the modeled annual litterfall productions and those acquired
from the validation sites (Figure 13 and Table 3). The multiple regression model slightly
underestimated the litterfall (bias = -0.158) with moderate RMSE (1.6 Mg ha'! yr'l) and

an offset (1.23 Mg ha™! yr’l), and the slope was 0.95 (Figure 13).
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Table 4. Models (Y =bg + b;T + bR + bsPV-CV) to estimate litterfall (Mg ha! yr'l) using

the Moderate Resolution Imaging Spectroradiometer (MODIS) land surface temperature,

the Tropical Rainfall Measuring Mission (TRMM) precipitation data, and

photosynthetically active vegetation cover fraction (PV) derived from the 500 m MODIS

surface reflectance data. T is the annual accumulated temperature (°C), R is annual

precipitation (ap, mm) or coefficient of variation of monthly precipitation (CV, %), and

the PV-CV is CV of monthly PV (%). All these models are statistically significant (p <

0.001).

bo by by b, bs Adjusted
-5.42 0.024 0.000306" 0.165 0.537

-4.53 0.026 -0.0038" 0.149 0.507

-4.45 0.023 0.166 0.548

" The regression coefficient was not significant (p > 0.05)
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Figure 13. The relationship between the field litterfall (LF;, from the validation sites in
Taiwan, Figure 8, the x-axis) and estimated litterfall (LFy, the y-axis) (p < 0.05, n = 11).
The circles are evergreen broadleaf forests and triangles are coniferous forests. The black
colors represent validated sites in Taiwan and remaining colors represent other
subtropical forests. The solid line is the fit line and the dashed line depicts the 1:1

relationship.

58



3.3 Litterfall patterns and topographic analysis

The mean (+ standard deviation, s.d.) annual litterfall in Taiwan’s forests was 5.1 +
1.2 Mg ha' yr'' during the observation period (2001-2011), and the spatial pattern was
highly variable, ranging from 1.4 Mg ha™ yr' to 10.2 Mg ha™ yr" (Figure 14). The
temporal variations of litterfall were 4.7 + 1.4 (year 2009) — 5.6 + 1.7 (year 2001) Mg ha!
yr! (Figure 15). The litterfall patterns revealed a pronounced (p < 0.05) tendency of the
litterfall to decrease along the elevation gradient (Figure 16(a) and 17(a)). By contrast,
the slope (Figure 16(b)) was not a salient variable (p > 0.05) for estimating the variation
of litterfall across regions (Figure 17(b)). The proportions of the aspects for each group
were quite even (north: 11.3%, northeast: 10.2%, east: 12.5%, southeast: 16.0%, south:
12.3%, southwest: 11.2%, west: 12.6%, northwest: 13.9%). There were significant
differences among the aspect classes (one-way ANOVA F-test, p < 0.001) (Figure 16(c)
and 17(c)). The northeast (6.0 £ 1.0 Mg ha’ yr'l) and northwest facing (5.9 £ 1.1 Mg ha
yr'l) classes yielded the largest amount of litterfall, which was in contrast to the south
facing slope (5.1 £ 1.2 Mg ha™! yr’l) based upon Tukey-Kramer multiple comparisons (o

<0.05) (Figure 16(c) and 17(c)).
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Figure 14. The mean litterfall (2001-2011) estimated by a multiple regression model
using MODIS (Moderate Resolution Imaging Spectroradiometer) PV-CV (annual
coefficient of variation of PV) and LST (Land Surface Temperature) as explanatory

variables (Table 4).
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Figure 15. The temporal variations of annual litterfall during 2001-2011. The 11-year LST (Land Surface Temperature) and PV-CV

(annual coefficient of variation of PV) were calculated as explanatory parameters to estimate the LF with a multiple regression model.
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Figure 16. The topography ((a) elevation, (b) slope and (c) aspect) of Taiwan. The aspect classes are: north (N: 0-22.5° and 337.5—
360°), northeast (NE: 22.5-67.5°), east (E: 67.5-112.5°), southeast (SE: 112.5-157.5°), south (S: 157.5-202.5°), southwest (SW:

202.5-247.5°), west (W: 247.5-292.5°) and northwest (NW: 292.5-337.5°).
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Figure 17. (a) The significant (r2 =0.284, p < 0.05) relationship between 11-year (2001-2011) modeled (Table 4) mean annual litterfall
(LF) and elevation. (b) The insignificant (r2 =0.065, p > 0.05) correlation between mean LF and slope. (c¢) The mean LF and standard
error (bars) of different aspect classes (north [N: 0-22.5° and 337.5-360°], northeast [NE: 22.5-67.5°], east [E: 67.5-112.5°], southeast
[SE: 112.5-157.5°], south [S: 157.5-202.5°], southwest [SW: 202.5-247.5°], west [W: 247.5-292.5°], northwest [NW: 292.5-337.5°])

(One-way ANOVA F-test, p < 0.05). Different letters indicate significant differences between groups based upon a significant level (o)

of 0.05 of the Tukey-Kramer multiple comparison.
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4. Discussion

4.1 Regional litterfall estimation

A multiple regression model using MODIS-derived annual accumulated LST and
dynamics of canopy closure (PV-CV) can be effective to delineate the data patterns.
This is valuable because is extremely challenging to collect field litterfall data that is
representative of a vast area. In addition, the high accessibility of MODIS data makes
this protocol feasible for other regions. This study also reveals that the in-situ and
remotely sensed precipitation variables are difficult to be a determent in this region
(Table 4). According to the climate records during the observation period (2001-2011),
the variation of monthly precipitation (dry vs. wet) was pronounced compared to the
monthly temperature anomalies. Therefore, the vegetation phenology, including
litterfall production, may not be able to adjust to the rapid change of rainfall patterns.
This regional propensity could reflect the global trend because of the amplification of
precipitation anomalies in recent decades (Facelli and Pickett 1991). This study also
noted that our finding was similar to a field study showing that the dynamics of
18-year annual litterfall was unrelated to the pattern of annual precipitation in a
temperate deciduous forest (Knutson 1997). By contrast, other studies indicated that
inter-annual variation of litterfall may be associated with precipitation seasonality for
certain vegetation type (Sadnchez-Andrés et al. 2010; Williams-Linera et al. 1996).
This inconsistency across bioclimates suggests different strategies for plants in
response to the alteration of precipitation regimes, particularly water shortage, such as
leaf shedding, decrease in leaf area index, branch die-off or dormancy (da Costa et al.
2014). The plant adjustments may or may not modify the storage of live carbon,

which weakens the predictivity of precipitation for forest litterfall production.
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4.2 Model validation

In this study, the annual mean (2001-2011) (£ s.d.) litterfall production was 5.1 £
1.2 Mg ha' yr'! in Taiwan’s forests (Figure 14). A global scale synthesis study
indicated that the mean annual litterfall was approximately 11 Mg ha' yr' in
equatorial forests, 5.5 Mg ha™ yr' in warm temperate forests, 3.5 Mg ha™ yr'' in cold
temperate forests and 1 Mg ha™' yr'! in arctic-alpine forests (Bray and Gorham (1964)).
There is a strong agreement between these two independent studies because Taiwan is
located in tropical/subtropical regions with a warm and humid climate yielding a

moderate amount of annual litterfall.

Our regional litterfall is also comparable to field data acquired from validated
sites (Figure 13) with moderate (16.6%) underestimation. This study also used the
model to evaluate the litterfall in other subtropical forests, and the results showed the
model could estimate litterfall well at some sites but may underestimate litterfall at
the other sites (Figure 13). The forests are formed by multiple layers of canopies, such
as top-canopy, sub-canopy and understory, particularly in tropical and subtropical
regions. The litterfall is the defoliation from top-canopy and sub-canopy. Although
leaves from certain species are senescent during a specific time period, there remain
multiple layers of photosynthetically active leaves present along the vertical profile,
which is an inevitable limitation of transforming the 3-D forest structure into a 2-D
satellite image (Chambers et al. 2007b). The systems would maintain relatively stable
PV and subsequently lower PV-CV, which may not entirely reflect the seasonal
pattern of litterfall. Therefore, the underestimation of litterfall in the model might be
due to difficult to capture the defoliation from sub-canopy. Furthermore, typhoons can
contribute large amounts of litterfall (Lin et al. 2003a; Xu et al. 2004b), but the

change of canopy structure may be relatively subtle in 2-D satellite images because
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the loss of greenness may be compensated for by the lower layers of canopies and/or
understory shrubs. In addition, satellite measured phenological variation (e.g., induced
by climate anomalies) might not entirely reflect forest metabolism (Triadiati et al.
2011; Zhou et al. 2014). These aforementioned complexities in canopy structures
coupled with the limitations of passive optical remote sensing may constrain the
effectiveness of PV-CV to portray the dynamics of forest litterfall. Another possible
uncertainty may be that the field data (Table 3) were not sufficient to represent the
smallest remote sensing sampling unit (100 ha). Moreover, the accuracy of these field
measures was extremely difficult to assess. Field litterfall acquisition is very labor
intensive, and it is extremely challenging to find an adequate amount of field data for
a vast region. Therefore, data representativity and quality related issues might be

unavoidable.

4.3 Temporal dynamics of litterfall

The abundance of annual litterfall in Taiwan’s forests varied over the years (4.7—
5.6 Mg ha™), which may be due to episodic and continuous climate fluctuations
(Figure 9 and 15). Taiwan is frequently disturbed by typhoons (Figure 9), and the
number of major tropical cyclones was higher (n = 165) than in the North Atlantic (91)
from 1970-2007 (Lin et al. 2011). Typhoons with heavy precipitation and strong wind
speeds result in a large amount of defoliation, accounting for 30-60% of the variation
in the annual litterfall in Pacific Asia (Lin et al. 2003a; Xu et al. 2004b). The annual
production of litterfall may be higher in one single year with frequent and strong
(central wind velocity > 32.7 m s™) typhoons, such as 2004 (n = 4), 2005 (3) and 2008
(4) (Figure 9 and 15) compared to the average + s.d. (n = 1.9 £ 1.3). Wang et al. (2013)

found that typhoon-induced litterfall could contribute 60% (3.43 Mg C ha™' yr‘l) and
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80% (3.21 Mg C ha™ yr'l) of annual litterfall in evergreen broadleaf and Chinese-fir
forests from four typhoon events in 2008 in central Taiwan. Typhoon-induced litterfall
is a potential way of releasing carbon into the atmosphere via litter decomposition and
soil respiration, which is the major outlet of the terrestrial carbon cycle of this
bioclimatic region (Chambers et al. 2007a; McNulty 2002). High return time of
tropical cyclones (1.9 typhoons yr' [Figure 9]) makes variations of annual litterfall

influenced by the amount and intensity of typhoons in one single year in this study.

Higher annual litterfall was observed in some years without severe effects of
typhoons, particularly in 2002 and 2003 when drought occurred (Figure 9 and 15),
which may be another critical factor affecting the annual production of litterfall.
Chang et al. (2013) found that the lowest vegetation cover and NPP (23.3 Tg C) in
2002 during 2001-2010 may be due to the effect of long-lasting drought from ENSO
events. The lowest vegetation cover and NPP observed in 2002 might imply there has
higher defoliation in these periods. Some studies reported similar results showing a
negative relationship between the annual litterfall and precipitation during drought
events (Beard et al. 2005; PeNUelas et al. 2007). By contrast, Brando et al. (2008)
demonstrated that the annual litterfall production was also decreased after severe
drought. Overall, the litterfall was very responsive to anomalous events, and
long-term monitoring of litterfall production may be critical for understanding the

responses of different ecosystems to disturbances.

4.4 Spatial pattern of litterfall

The topography can significantly influence the spatial variations of the
microclimate, solar radiation and soil water movement, which critically affect

vegetation (Aiba et al. 2004; Yasuhiro et al. 2004). A linear negative relationship was
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observed between the elevation and litterfall (Figure 16(a) and 17(a)). In Taiwan, the
type of vegetation varied with the elevation, from low elevation (02200 m a.s.l.)
broadleaf rainforests to mid-altitude (2200—-3000 m) coniferous forests and
high-altitude alpine dwarf bamboo (3000-3952 m) (Chang et al. 2011). Brown and
Lugo (1982) demonstrated a positive relationship between the forest biomass and
litterfall, and the shift of biomes may result in the reduction of live carbon storage in
highly elevated regions (Aplet and Vitousek 1994; Raich et al. 1997). This may
explain the negative elevation-litterfall relationship. Similar trends were also found in

many sites around the world (Bray and Gorham 1964; Reiners and Lang 1987).

No apparent relationship was observed between the slope and litterfall (Figure
16(b) and 17(b)), possibly due to a lack of relationship between the slope and biomass
(Clark and Clark 2000; de Castilho et al. 2006) and productivity (Huang et al. 2012a).
Additionally, the coarse spatial resolution (1 km) may not capture the variation of
terrain incline. The pattern of litterfall to aspect was apparent (Figure 16(c)). The
northeast and northwest-facing classes yielded the highest amount of litterfall, which
were in contrast to the south-facing classes (Figure 17(c)). The aspect governs the
intensity of the surface solar radiation resulting in the differences of bioclimate
environments, which may significantly influence plant growth and biomass (Bennie et
al. 2008; de Castilho et al. 2006; Huang et al. 2012a). In general, the lower solar
radiation on north-facing aspects in the Northern Hemisphere would form a wetter
and cooler microclimate and vice versa (Bennie et al. 2006; Haase 1970). This may be

the key for the spatial pattern of litterfall production.
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5. Conclusions

This study demonstrates the feasibility of utilizing MODIS LST and PV
time-series data to scale up the field litterfall measures to the regional scale. The
results show that the mean (+ s.d.) annual litterfall of Taiwan’s forests was 5.1 £ 1.2
Mg ha' yr'' during the observation period (2001-2011). The temporal dynamics were
pronounced ranging from 4.7 to 5.6 Mg ha™ yr', which may be influenced by
typhoons and consecutive years of drought. This study also investigated the effects of
topography on litterfall, and found that the elevation and aspects governed the spatial
arrangement of litterfall. A negative relationship was observed between the litterfall
and elevation, which may be due to the change of vegetation types and their ability to
sequester carbon. Northeast and northwest facing slopes yielded the highest amount of
litterfall, which was in contrast to the south facing slopes. This was possibly due to
the effects of microclimates in this tropical/subtropical region. Overall, this study
demonstrated a systematic processing protocol for the broad scale litterfall assessment,
which may facilitate large-scale assessment of carbon and nutrient fluxes and

perturbations in forest ecosystems.
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CHAPTER IV

Using a dynamic global vegetation Hybrid 4.2 model to simulate
typhoon-induced leaf litter under different typhoon intensity and

frequency in a subtropical forest
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Using a dynamic global vegetation Hybrid 4.2 model to simulate
typhoon-induced leaf litter under different typhoon intensity and

frequency in a subtropical forest

Abstract

Typhoon is the major natural disturbance in Western North Pacific region, and
can derive substantial leaf litter which is a critical return of carbon and nutrients to the
soil. The changes of typhoon intensity or frequency under warmer sea surface
temperature might affect forest defoliation and biogeochemistry by strong wind speed
and precipitation. A wind build-in function with wind speed, temperature and
precipitation was developed to corporate into the dynamic global vegetation Hybrid
4.2 model to simulate leaf litter at the Fushan experimental forest in Taiwan. The
simulations of typhoon intensity and frequency were modeled based on the fitted
normal and Poisson distribution functions. The in-situ maximum daily wind speed
was a critical variable to estimate in-situ typhoon-induced leaf litter (¥ = 0.13, p =
0.02). Leaf litter was significantly different among typhoon intensity (p < 0.05) but
not significant among typhoon frequency (p > 0.05). Substantial leaf litter occurred
not only in typhoon season (summer and autumn) but also in spring from effects of
plant physiology and phenology. The Hybrid modeled and observed leaf litter was
significant correlated (r2 = 0.33, p < 0.001) with moderate underestimation (15.6%).
The leaf litter, leaf area index (LAI), total biomass, gross primary production (GPP)
and net primary production (NPP) were higher in typhoon events than without
typhoon events. The raises of typhoon intensity and frequency would increase leaf
litter and soil respiration resulted in the decreases of LAI, biomass, GPP and NPP.

Leaf litter is highly associated with the combination of climate factors and plant
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physiology. The Hybrid model with wind built-in function might be potential way to
simulate ecosystem processing under scenarios of typhoon intensity and frequency.
The high defoliation from more intense or frequent typhoon might influence regional

carbon budget in the long-term time.

Keywords: Leaf litter, carbon cycle, biogeochemistry, typhoon, Hybrid, dynamic

global vegetation model

1. Introduction

Rising sea surface temperature under global warming might lead to a change in
the occurrence or intensity of tropical cyclones (‘typhoons’ or ‘hurricanes’, depending
on the geographic region; this study uses ‘typhoons’) (Bender et al. 2010; Emanuel
2005; Knutson et al. 2010; Webster et al. 2005). A typhoon derives energy from the
evaporated water over a relatively warm, large ocean surface and is a rapidly rotating
storm system with a low-pressure center, heavy precipitation and strong winds (the
minimum central wind velocity of typhoon is 33 m s under the classification system
of Saffir-Simpson Hurricane Scale) (Dent et al. 2006). Forest ecosystems might be
affected by changes of frequency and intensity of amplified typhoons in the future.
Assessing the potential impacts of extreme typhoon events on ecosystem structure and
biogeochemical processes is critical, especially in frequently perturbed regions such

as Taiwan (3.7 typhoons/year) (Lin et al. 2011).

Typhoons with heavy precipitation and strong wind speeds may trigger large
amounts of litterfall, accounting for 30-60% of the annual litterfall (Lin et al. 2003a;
Sato et al. 2010; Xu et al. 2004b). Substantial amounts of typhoon-induced leaves,
branches, bark, twigs, fruits and other forms of dead organic material suddenly

transferred from canopies into forest floor could have a major impact on forest
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structure and function (Sato et al. 2010; Whigham et al. 1991). For instance, large
production of litter would reduce leaf area index and increase canopy gap fraction
which may lead to more light penetrating through defoliated canopies (Lin et al.
2003c). The higher understory light environment from gap formations can promote
seedling growth and influence the regeneration and survival of species, which might
have a large effect on the species composition, community dynamics and forest

structures (Lin et al. 2011; Turton 2008; Zeng et al. 2009).

Leaf litter is the major nutrients return to the soil, and large amounts of
typhoon-induced leaf litter will therefore not only influence forest structures but also
affect forest biogeochemical processes such as carbon and nitrogen cycles (Lin et al.
2011). In general, plant tissues will remove a fraction of their nutrients prior to
senescence, and retranslocated nutrients are available for reuse by the plant in the next
growth cycle (Del Arco et al. 1991; Zalamea and Gonzélez 2008). However,
typhoon-induced leaves do not undergo retranslocation before they fall, and could
contain more fresh leaves with 1.3-2.4 times the amounts of nitrogen and phosphorus
nutrient inputs compared to normal litterfall with lower nutrients inputs (Lodge et al.
1991; Ostertag et al. 2003). The sudden increase in nutrient inputs from plant into
forest floor might alter litter decomposition and soil nutrient patterns (Ostertag et al.
2003; Xu et al. 2004b). The large production of litter could also potentially release
carbon to the atmosphere by increasing litter decomposition and soil respiration
(Chambers et al. 2007a; Vargas and Allen 2008). Owing to the differences of species
mortality and regeneration, typhoons may be an important factor in controlling forests
long-term changes in species composition, which may affect forest biomass and
nutrient accumulations (Turton 2008; Van Bloem et al. 2005; Zeng et al. 2009).

Overall, substantial defoliation induced by typhoons may have a major impact on
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forest structures, energy flows, and biogeochemical processes (Brokaw and Walker
1991; Lin et al. 2011; Zeng et al. 2009). Therefore, it is important to understand the
interaction and response of forest carbon and nutrient cycling to the changes of

typhoon intensity and frequency.

Simulation models are important in understanding how the components of a
system operate and interact with each other. When the ecosystem is disturbed by
typhoons, changes of biogeochemical cycles and ecological process might constrain
the system’s structure and function such as growth, succession, competition, carbon,
nitrogen and water fluxes (Beard et al. 2005; Lin et al. 2011; Zeng et al. 2009). A
simulation model tries to model the biogeochemical linkages and ecological process,
and predict behavior and responses of the ecosystem under future climate scenarios. A
dynamic global vegetation model, Hybrid v4.2 is process-based model to predict
ecosystem structure (e.g. biomass and vegetation patterns) and fluxes of an
ecosystem (e.g. NPP, nutrient cycles and soil carbon) (Friend and White 2000). The
Hybrid model consists of a gap-modeling approach that takes the growth,
reproduction, mortality, phenology and biogeochemistry into account (Friend et al.
1997; Friend et al. 1993; Friend and White 2000). However, the Hybrid or other
process-based ecosystem models (ex. CASA and Biome-BGC) do not include the
effects of typhoon disturbance on the model, which is critically important for
frequently perturbed ecosystems. Although Ito (2010) tried to use the Vegetation
Integrative SImulator for Trace gases (VISIT) model to estimate typhoon-induced
defoliation, this study eventually used a Monte Carlo simulation to find the estimated
defoliation by minimizing the root mean square error (RMSE) between modeled and
observed data (e.g. LAI, GPP and RE). This method was therefore not based on a

process-based function but on the stochastic simulation. Overall, a function with wind,
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temperature, precipitation as variables was incorporated into the Hybrid model to
simulate leaf litter flux, and typhoon intensity and frequency were modeled to
evaluate the influences of typhoon on carbon cycling. The results would facilitate the
understanding of the carbon cycles in frequently perturbed ecosystems, and assessing

the potential ramifications of extreme typhoons.

2. Methods
2.1 Study site

This study was carried out at the Fushan experimental forest in northeastern
Taiwan (24°34'N, 121°34'E). The Fushan experimental forest has an area of 10 km?
and various topographies in elevation from 670m to 1400m. The climate is warm and
humid, and the annual temperature is 18.2°C with a low monthly average temperature
12.0°C in January and a high monthly average temperature 24.6°C in July from 1988
to 2009. Annual mean precipitation was about 4096 mm with a mean relative
humidity 93.7%, and the period of May to October accounts for approximately 66%
of the annual precipitation generated from typhoon and East Asian rainy season
(commonly called as plum rain). The Fushan experimental forest is a moist
subtropical mixed evergreen forest and the dominant tree species are Castanopsis
carlesii var. sessilis Nakai, Machilus thunbergii (Sieb. et Zucc.) Kostermans,
Engelhardtia roxburghiana Wall., Meliosma squamulata Hance, Litsea acuminata
(Blume) Kurata, Diospyros morrisiana Hance, Helicia formosana Hems, and
Pyrenaria shinkoensis (Hayata) Keng. The mean Leaf Area Index (LAI) from 1994 to
2010 is 3.2 and the mean canopy height is 10.2 m. The topography varies in elevation
from 670 to 1100 m with a mean slope of 54% (Lin et al. 2011). The bedrock in this

site consists a metamorphosed sedimentary rock from the Oligocene and Miocene,
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containing argillite and slate. The soil is very acidic (pH 3.8-5.0) with medium
quantity of organic matter in sublayer (2-5%), low cation exchangable capacity and

base saturation percentage in the whole pedons (Owen et al. 2010).
2.2 Field data

The field climate data were acquired from Fushan meteorological station in
Taiwan Forestry Research Institute at 634m above sea level. The daily maximum
temperature, minimum temperature, precipitation, solar radiation, vapor pressure and
wind speed from 1993 to 2013 were obtained as the input variables in the Hybrid
model. To compare with international studies, typhoons were classified as mild
(category 1), moderate (category 2) and severe (category 3 and above) typhoons based
on the typhoon intensity classification from Saffir-Simpson Hurricane Wind Scale
(http://www.nhc.noaa.gov/aboutsshws.php). The central wind velocity of mild
typhoon is 119-153 km hr’', the central wind velocity of moderate typhoon is 154—
177 km hr'" and the central wind velocity of severe typhoon is over 178 km hr'. If the
study site was within the radius of a typhoon, it was regarded as a typhoon event in
this study. The radius of a typhoon was different based on the typhoon intensity and
characteristics, which were defined by Taiwan Central Weather Bureau
(http://rdc28.cwb.gov.tw/). Twenty-one years field leaf litter data was used to calibrate
(1993-2003) and validate (2004—2013) the model (K.C. Lin unpublished). Leaf litter
were collected from ten litter traps with 0.25m” in size under canopies at Im above
ground to avoid microbe decomposition (Lin et al. 2003a). The traps were visited
monthly, and the collected leaf litter was oven dried at 65 °C for 48—72 h to constant

weight.

2.3 The Hybrid model
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The Hybrid v4.2 model is a dynamic and process-based representation of
ecosystem biogeochemistry and competition. The hybrid is mechanistic, driven by
climate, and deals with dynamic vegetation growth processes. The characteristics of
Hybrid are simulating carbon, water, nutrients cycles in soil-plant-atmosphere system
to reflect components of complex interactions and feedbacks between vegetation, soil
and atmosphere. Secondly, the driving force for the model is only climatic variables
such as CO,, nitrogen deposition, solar radiation and precipitation, which are the
fundamental biological and physical-chemical processes. Thirdly, the Hybrid is based
on a gap-modelling approach within a plot to simulate the growth of individual over
time and competition for environment resources such as light, water and nitrogen.
This approach can get the transitions of vegetation types (Friend et al. 1997; Friend

and White 2000).

In the Hybrid v4.2 model, daily climate is the principal variable provided by a
daily weather generator from monthly climate data (Friend 1998). The daily
maximum and minimum air temperatures, daily precipitation, daily shortwave
irradiance, and daily atmospheric water vapor pressure are regarded as climate input
in the model. The individuals are seeded every year into 200 m’ plots to grow, die and
regenerate like a forest gap model on a daily time step. Each of the plots in a
simulation is completely independent and mean of plots is mean ecosystem
characteristic. The light, water, and nitrogen are assumed to be homogeneously,
horizontally distributed in each plot. Photosynthesis, maintenance respiration,
nitrogen uptake, transpiration, carbon and nitrogen litter production are simulated on a
daily time step. The vegetation dynamics processes of allocation, mortality,
regeneration are implemented each year. The soil is divided into three hydrological

layers and soil water holding capacity is allowed to vary as a function of soil carbon
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based on soil texture. Soil carbon and nitrogen dynamics determine the availability of
mineral nitrogen to the plants, rates of decomposition and heterotrophic respiration,
and amounts of soil carbon. The competition of individuals for environmental
resources such as light, water, nitrogen within each plot is critical for vegetation
succession and transition from one to the others under climate change or disturbed
forces. The eight Generalised Plant Types (GPTs) are used in the Hybrid v4.2 model
and classified as C3 and C4 herbaceous, evergreen broadleaf, cold and dry deciduous
broadleaf, evergreen needleleaf, cold and dry deciduous needleleaf. A complete
description of the Hybrid 4.2 model is given by previously studies (Friend et al. 1997;

Friend et al. 1993; Friend and White 2000).
2.4 Model calibration

Temperature and precipitation are the major factors that control plant physiology
and phenology, which affect inter-and intra-year dynamics of leaf emergence and
defoliation (Chave et al. 2010; Wang et al. 2013; Wood et al. 2005). Compared to
phenological variables, strong wind and heavy rain dominate the critical impacts of
typhoons on the forest ecosystems by damaging leaves as well as changing the
biomass (Brokaw and Walker 1991; Sato et al. 2010; Wang et al. 2013; Xu et al.
2004a). Based on the aforementioned, temperature, precipitation and wind speed were
used as the variables to calibrate the leaf litter in Hybrid model. The leaf litter was

calculated in phenology function using the following expression in the Hybrid model:

w==%+fix(¢ -2 (1)

le

where L, is leaf litter carbon, Cyis total leaf carbon mass, i. is the number of layers in
crown, f7 is the leaf turnover rate. The first part is the carbon mass of the leaves in the

lowest layer, and the second part is the turnover of the remaining leaves. The
78



variability of leaf litter was affected by the climatic parameters:
L, = f(Ls, T,R,W) (2)

The T is temperature (°C), R is daily precipitation (mm day™') and W is maximum
daily wind speed (m s™). The differential of temperature was adopted to capture the
growth season in the function (Figure 18). However, wind speed might be different
along the canopy heights, and this study calculated wind speed at different heights

based on a wind profile formula for each individual tree in the model:

u@ =% in (Zz‘od) 3)

where u(z) is wind speed at height z, u- is friction velocity, z is roughness length, K is
von Karman's constant 0.4 and d is the zero-plane displacement height. The value of d
1s 0.65*tree height, while z is 0.1*tree height (Campbell and Norman 1998). To
evaluate how wind speed affects defoliation, the daily maximum wind speed, variance
and turbulence kinetic energy (TKE) from filed weather data were used to find the

relationships between wind speed and litter:

n

1
Var (X) = %Z("i — )2 (4)
TKE 1, —
— = E(u’z) (5)

where x; is the sample value and p is the mean in the eq. 4. The m is mean and ' is
the variance in the eq. 5. For the precipitation, the daily precipitation in typhoon
events was analyzed (Figure 19). The daily precipitation in typhoon events was
greater than the normal events, and the low and the high daily precipitation in typhoon

and non-typhoon events was 150 mm day'l, which was considered into the function.
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In Hybrid model simulations, the plant will grow and compete within a plot, and
the leaf area index, biomass and NPP etc. will reach a quasi-equilibrium after ~250
years (Friend et al. 1997). Therefore, this study used one year data to reach a
quasi-equilibrium after 250 years simulation and used the half of observed data to
calibrate (1993—-2003) and validate (2004—2013) the model in the following
simulation. In the Hybrid model, the input values of variables were used based on the
observed data in the field or on the setting of the baseline model (Appendix A). After
the simulation, this study accumulated the daily leaf litter into monthly leaf litter to
validate with the observed data. The annual leaf area index, biomass, soil respiration,

GPP and NPP were also calculated for the analysis.
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Figure 18. The daily mean temperature from 1993 to 2013 was fitted by a polynomial

formula (Temperature = 15.44 — 5.15day + 2.44day2 - O.28day3 + 0.00959day4).
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2.5 Typhoon intensity and frequency simulations

To evaluate the effect of typhoon on the ecosystem, the climate dataset of
typhoon events were replaced by mean of climate dataset to compare with the
modeled results from historical climate dataset. The historical climate dataset with
and without typhoons were regarded as input climatic variables to simulate the carbon
cycle of forest ecosystem. For typhoon intensity simulation, the maximum daily wind
speed was the variable regarded as the influence of typhoon intensity and frequency
on litter in the model. The frequency distribution of wind speed displays the wind
speed of various typhoon events, and follows a normal distribution (p = 0.298):

_ (m-w)?
e 202 (6)

fix|wo) =

oV2m

where 4 1s the mean of distribution and ¢ is variance. The frequency distribution of
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typhoon events from 1993-2013 was fitted based on a formula of normal distribution
and the mean of distribution was adjusted to model the changes of typhoon intensity.
For typhoon intensity simulation, the mean of fitted normal distribution was adjusted
from -10.0 to 10.0 with 0.2 interval, while the zero means the mean of distribution is
the same with historical climate dataset. The modeled wind speeds at various
intensities were placed into the same typhoon event dates to simulate how typhoon

intensity affect litter and carbon cycling.

For typhoon frequency simulation, the occurrence of typhoon events per year
was regarded as the effect of typhoon frequency on litter. The typhoon occurs
independently of one another, and the frequency distribution follows discrete Poisson
probability distribution (p = 0.636). The formula of Poisson probability mass function
1s:

A*e=4

x!

fO; D)= (7)

where x is observed number of events, 4 is average number of events within a given
region and e is Euler’s number 2.71828. The frequency distribution of historical
typhoon events were fitted to model the number of typhoon events occurring within a
given region. The number of typhoon events were extracted from the fitted Poisson
distribution with a lambda (1) from -1.8 to 5.0, and the zero means the occurrence is
the same with historical dataset. The intensity of wind speed was set as the historical
mean of normal distribution. The modeled typhoon events were placed into the
historical climate dataset in the typhoon season based on a Monte Carlo simulation to
simulate how the changes of typhoon frequency per year influence the litter and
ecosystem.

After simulating the scenarios of typhoon intensity and frequency, the climate

82



dataset with various typhoon intensity and frequency were regarded as the input
variables into the Hybrid model. The model ran 250 years to reach a
quasi-equilibrium first and the climate dataset with various scenarios were modeled to
evaluate the effects of typhoon intensity and frequency on the carbon cycle of forest
ecosystem. The daily leaf litter, annual leaf area index, total biomass, soil respiration,

GPP and NPP were outputted for analysis.

3. Results
3.1 Patterns of in-situ leaf litter and wind speed

The monthly maximum, mean and variance of maximum daily wind speed and
turbulence kinetic energy were used to correlate with field leaf litter data to find the
suitable variable for simulation. The results showed that there were no significant
relationships (p = 0.556 — 0.874) between turbulence kinetic energy and leaf litter
whether in total or typhoon months data, while the relationships between maximum
daily wind speed and litter were weak significant (p < 0.001 — 0.605) (Table 5). The
field litter data were collected monthly, and the monthly maximum daily wind speed,
monthly mean wind speed and monthly variance of wind speed were calculated to
find the relationships with field monthly leaf data. For total months data, the monthly
maximum daily wind speed had a significant but poor correlation with litter (+* =
0.063, p < 0.001) (Figure 20 (a)) compared to monthly mean wind speed (r2 = 0.057,
p < 0.001) and variance (+* = 0.011, p = 0.053). For the typhoon months data, the
monthly maximum daily wind speed had a significant but weak relationship with litter
(r2 = 0.125, p = 0.020) (Figure 20 (a)) compared to monthly mean wind speed (r2 =
0.0, p = 0.605) and variance (r2 = 0.084, p = 0.048). Based on aforementioned

analysis, the monthly maximum daily wind speed was used as variable of wind speed
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in the following analysis. The relationships between maximum daily wind speed and
leaf litter were significant on a linear, exponential, power, polynomial regression
models (+* = 0.07 — 0.16, p < 0.05), and polynomial regression was used in the wind
built-in function based on the model fitting results. For the multiple climate factors,
the relationships between maximum daily wind speed, precipitation and temperature

were not significant on a multiple regression model (p = 0.055 — 0.125).

For the seasonality of leaf litter, there were significant difference among spring,
summer, autumn and winter seasons (p < 0.001) based on one-way ANOVA analysis,
and the spring had the highest mean (+ s.d.) litter production (0.0262 + 0.00889 kgC
m'z) (Table 6 and Figure 20 (b)). The maximum daily wind speed were also
significantly different among four seasons (p < 0.001), and summer (14.6 = 2.75 m s
and autumn (13.8 +7.62 m s"), which are the major typhoon seasons, had higher
wind speed than the spring (10.6 £ 5.98 m s'l) and winter (10.3 £1.92 m s'l) (Table 6

and Figure 20 (b)).

The difference of leaf litter was significant for typhoon intensities (p = 0.016),
but not for typhoon frequency in typhoon occurrence per month (p = 0.178) and per
year (p = 0.073) by one-way ANOVA analysis (Table 7). The highest mean of leaf
litter (0.0333 + 0.0206 kgC m™) was produced in severe typhoons, while mild
typhoons produced the lowest leaf litter (0.0169 + 0.0069 kgC m‘z) (Figure 20 (c)).
For typhoon frequency, the mean litter production of two typhoon events per month
(0.0300 + 0.0086 kgC m™) was higher than one event (0.0215 + 0.0156 kgC m™). The
leaf litter was also higher in occurrence with more than three typhoon events per year
(0.214 - 0.259 kgC m™ yr'") than in occurrence with less than three years (0.173 -
0.192 kgC m™ yr'"). However, there was no clearly pattern between leaf litter and

wind speed in different typhoon frequency (Figure 20 (d)).
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Table 5. The relationships between leaf litter (kgC m?) and wind speed for total and typhoon months by the linear regression model. Maximum

daily wind speed (m s™) and turbulence kinetic energy were used to calculate monthly maximum, mean and variance of wind speed.

Maximum daily wind speed Turbulence kinetic energy
a b p-value Rzadj (%) a b p-value Rzadj (%)
Total months
Maximum value 0.011 0.0005 <0.001" 0.063 0.018 0.00006 0.647 0.0
Mean value 0.011 0.0011 0.053 0.011 0.019 -0.0010 0.874 0.0
Variance 0.016 0.0002 <0.001" 0.057
Typhoon months
Maximum value 0.004 0.0009 0.020" 0.125 0.019 0.0002 0.556 0.0
Mean value 0.016 0.0010 0.605 0.0 0.019 0.0036 0.857 0.0
Variance 0.016 0.0033 0.048" 0.084

* p-value < 0.05
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Figure 20. Plot of maximum wind speed and observed leaf litter. Wind speed

represents maximum daily wind speed in a month, while observed leaf litter

represents monthly litter. The relationships between wind speed and leaf litter for (a)

typhoon and non-typhoon months, (b) spring, summer, autumn and winter seasons, (c)

different typhoon intensities and (d) typhoon occurrence per month, respectively. The

gray lines are linear regression.
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Table 6. The statistics results of leaf litter productions and wind speeds among four
seasons by one-way ANOVA analysis. Spring is from March to May, summer is from
June to August, autumn is from September to November, and winter is from

December to February.

Leaf litter (kgC m'z) Maximum daily wind speed (m s'l)
Mean S.D. p-value Mean S.D. p-value
Spring 0.026 0.009 <0.001" 10.61 5.98 <0.001"
Summer 0.017 0.001 14.63 2.75
Autumn 0.014 0.006 13.81 7.62
Winter 0.012 0.005 10.33 1.92

: p-value < 0.05
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Table 7. The statistics results of different typhoon intensities and frequency for leaf litter (kgC m™) by one-way ANOVA analysis. Typhoon

intensity was classified as mild, moderate and severe typhoons, and typhoon frequency was classified as occurrence of typhoon per month and

per year.
Leaf litter (kgC m~ month 1) Leaf litter (kgC m~ month’ l) Leaf litter (kgC m” yr‘l )
Mild Moderate  Severe One Two Zero One Two Three Four Five
p-value  0.016 0.178 0.073
Mean 0.017 0.021 0.033 0.022 0.030 0.176 0.192 0.173 0.249 0.214 0.259
S.D. 0.007 0.010 0.021 0.016 0.009 0.033 0.042 0.022 0.026 NA 0.087

* p-value < 0.05
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3.2 Validation of the Hybrid model

The hybrid model with wind built-in function (a function of wind speed,
temperature and precipitation (eq. 2)) was calibrated to validate leaf litter during
2004-2013. The predictivity between observed and modeled litter was significant e
= 0.33, p < 0.001), while the modeled litter from the baseline Hybrid model (without
wind built-in function) showed the pattern with observed litter was not clear (Figure
21). The Hybrid model with wind built-in function slightly underestimated the annual
leaf litter (0.173 £ 0.049 kgC m™ yr'l) compared to observed litter (0.205 + 0.047 kgC
m? yr'l), and the RMSE (0.082 kgC m> yr'l) was moderate (Table 8). The modeled
LAI (5.53 + 1.13) in the wind built-in function model was in the range of observed
LAI (3.54 —7.04), and the modeled total biomass (13.7 + 2.82 kgC m‘z) was 5.6%
underestimation than the observed total biomass (14.5 kgC m?). Compared to the
wind built-in function model, the baseline Hybrid model overestimated annual leaf
litter (0.266 + 0.069 kgC m™ yr') and total biomass (36.5 + 2.57 kgC m™)

significantly.
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Table 8. Validation of mean (+ s.d.) of field observed and modeled data for leaf litter,
LATI and total biomass. The first observed LAI was the direct measurement of foliage
in the field, while the second one was indirect LAI measurement from LAI-2000 Plant
Canopy Analyzer. The modeled data represent the Hybrid model with wind built-in

function, while baseline modeled data represent the primitive Hybrid model.

Leaf litter LAI Biomass

(kgC m™ yr') (kgC m™)
Observed 0.205 £ 0.047 1.4-45 14.50
Modeled 0.173 £0.049 553+1.13 13.7 £2.82
Baseline modeled  0.266 + 0.069 520+ 1.18 36.5 £2.57
References (K.C. Lin unpublished) (Lin et al. 2011) (Lin et al. 2006)
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3.3 The effects of typhoon and intensity and frequency simulations

The frequency distribution of daily wind speed in typhoon and non-typhoon
events during 1993-2013 were calculated, and the mean of wind speed were 19.39 +
6.02 and 5.72 £2.13 m s, respectively (Figure 22). The frequency distribution of
wind speed in typhoon events was fitted by a normal distribution (u= 19.39, 6 = 5.99),
and the function was used to simulate the changes of typhoon intensity (Figure 23).
The frequency of typhoon events per year was fitted by a Poisson distribution (1 = 2.0,
p = 0.636), and the simulations of typhoon frequency were adjusted based on the
distribution (Figure 24). However, the frequency distribution of typhoon events in
typhoon season (July, August, September, October and November) did not follow the

Poisson distribution (p < 0.001) (Figure 25).

The historical climate dataset with and without typhoon events were modeled to
evaluate the effects of typhoon on the leaf litter, LAI total biomass, soil respiration,
gross primary production (GPP) and net primary production (NPP) (Figure 26). There
had significant different between typhoon and non-typhoon historical dataset in LAI
(p = 0.023), but not significant different in leaf litter (p = 0.604), total biomass (p =
0.202), soil respiration (p = 0.149), GPP (p = 0.295) and NPP (p = 0.362). In general,
simulations of non-typhoon historical dataset had higher leaf litter (0.179 £+ 0.027 kgC
m? yr'), LAI (6.23 + 0.778), total biomass (14.7 + 2.25 kgC m™), GPP (2.51 +0.768
kgC m? yr'") and NPP (1.15 + 0.494 kgC m™ yr'"), but lower soil respiration (6.14 +
0.231 kgC m™) than typhoon dataset (0.173 + 0.049 kgC m? yr', 5.53 £ 1.13, 13.7 +
2.82 kgC m™, 2.22 +0.964 kgC m™ yr'', 0.997 + 0.609 kgC m™ yr'' and 6.28 + 0.376

kgC m?, respectively) (Figure 26).
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For typhoon intensity simulation, the increases of intensity significantly raise
leaf litter and soil respiration, but reduce LA total biomass, GPP and NPP (p < 0.001)
(Figure 27). For typhoon frequency simulation, the increases of typhoon events per
year significantly raise leaf litter and soil respiration, but reduce LAI and total
biomass (p < 0.05) (Figure 28). However, increases of typhoon events per year did
not significantly affect the trends of GPP and NPP (p = 0.076 and p = 0.435). The
ratio of leaf litter to total biomass significantly increased with the typhoon intensity

and frequency (p < 0.001) (Figure 29).

4000

B Non-typhoon
[J Typhoon

15

3000
|

10

Frequency for non-typhoon events
1000 2000
Frequency for typhoon events

[ 1]

0 10 20 30 40
Maximum daily wind speed (ms™")

0
0

Figure 22. The frequency distribution of maximum daily wind speed in typhoon and

non-typhoon events from 1993 to 2013.
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Figure 29. The changes of ratio of leaf litter to total biomass (%) in typhoon intensity
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4. Discussion

4.1 Patterns of in-situ leaf litter and wind speed

The maximum daily wind speed could be a more suitable variable to estimate
leaf litter compared to turbulence kinetic energy (Table 5). For the monthly wind
speed variable, the monthly maximum daily wind speed could estimate leaf litter
better than the monthly mean and variance of daily wind speed. Although it was
statistically significant to predict leaf litter by maximum daily wind speed, the
regression model might be weak to explain the pattern of leaf litter (Figure 20 (a)).
The maximum daily wind speed could predict leaf litter in typhoon months better than
in all months, and it showed that strong winds in typhoon season might contribute
more to the litter (Figure 19). A higher production of litter produced in typhoon
seasons in the field also showed that strong winds could be critical to deriving litter
(Sato et al. 2010; Van Bloem et al. 2005; Wang et al. 2013). A study in Japan also
showed that strong typhoon wind speeds in south and southwest slopes decreased
canopy height in heavily damaged areas according to the Spaceborne light detection
and ranging (LiDAR) estimates from Geoscience Laser Altimeter System (GLAS)
(Hayashi et al. 2015). The weak relationship between wind speed and litter might be
due to the fact that leaf litter is not only affected by wind speed but also related to
plant physiology and phenology, which are affected by climatic variables such as
temperature and precipitation (Lebret et al. 2001; Liu et al. 2004; Wang et al. 2013).
The highest mean production of leaf litter was observed in the spring and the
second-highest production occurred in the summer (Table 6 and Figure 20 (b)). Spring
is the major season for leaf expansion which replaces old leaves resulting in the
highest defoliation, while summer is the typhoon-dominated season, producing the

most litter in this forest ecosystem (Lin 1997). Overall, wind speed might be the most
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important factor to derive leaf litter during the typhoon seasons (Summer and Autumn)
(Figure 19 and Figure 22), but increases of temperature might be the biggest cause

during spring (Figure 18, Figure 20 (a) and (b)) (Chang et al. 2014).

The leaf litter was significantly different among typhoon intensities; severe
typhoons derived the highest litter of all the typhoons (Table 7 and Figure 20 (c)). For
typhoon frequency, leaf litter was not significantly different in number of typhoon per
month and per year, but a greater frequency of typhoons in a month or year produces
more litter (e.g. two events per month or more than three events per year) (Table 7 and
Figure 20 (d)). The impact of typhoons on leaf litter was not only from intensity and
frequency, but also from occurrence time and typhoon track (Wang et al. 2013). For
instance, a severe typhoon might derive less litter if there was a typhoon one or two
weeks ago, and the first typhoon in a year might produce substantial litter even if it is
a mild or moderate typhoon (Sato et al. 2010; Wang et al. 2013). Besides, different
typhoon tracks could make for high variability of wind speed and precipitation in

local sites (Huang et al. 2012b; Wang et al. 2013).

4.2 Validations of the Hybrid model

The baseline Hybrid model without the wind built-in function overestimated leaf
litter with low variability, but there was a significant relationship between modeled
and observed litter in the Hybrid model with the wind built-in function (Figure
21).The mean of modeled leaf litter underestimated the observed litter by 15.6%
(Table 8). The modeled LAI was reasonable in the range of observed LAI, and the
modeled total biomass underestimated the observed total biomass by 5.6%.
Defoliation was highly variable and difficult to predict as litter is dominated by a

series of variables such as plant intrinsic circadian rhythm, temperature, precipitation,

101



wind and disturbance (Berg and Meentemeyer 2001; Staelens et al. 2003; Starr et al.
2005). Ito (2010) modeled typhoon-induced defoliation by fitting the low RMSE of
LAI, GPP, RE and NEE with in-situ flux data, and validated with MODIS LAI at 1 km
resolution. However, developing a wind built-in function into the process-based model
might be useful to simulate and predict the changes of typhoon intensity and frequency

in future climate scenarios.

4.3 The effects of typhoon on the ecosystem

The mean of maximum daily wind speed in typhoon events was three times more
than that of non-typhoon events in the historical climate dataset, and the frequency
distribution showed that most of strong wind speeds occur in typhoon events (Figure
22). If the strong wind speeds from typhoon events were excluded in the historical
climate dataset, there would be higher leaf litter (3.47%), LAI (12.7%), total biomass
(7.46%), GPP (13.1%) and NPP (15.3%) but lower soil respiration (-2.23%) than that
of the observed results with typhoon events in the ecosystem (Figure 26). The modeled
results showed that the impact of strong winds by typhoon is a critical factor that
dominates the carbon cycle in the frequently perturbed ecosystem. Ito (2010) also
found that there was a significant correlation between maximum wind speed and leaf
shedding during 10 typhoon events in 2004 in Japan. The LAI was reduced by 10 —
20%, and the photosynthetically active radiation (PAR) absorbed by understory plants
increased more than 50% with higher GPP than normal years. The overall GPP was
reduced but increased in net ecosystem exchange (NEE) during 10 typhoon events
periods. The similar result was observed in the field of Mexico where soil respiration
was 18% higher one year after typhoon disturbance (Vargas and Allen 2008). Wind

could influence plant growth through affecting the photosynthesis mechanism by

102



convection exchanges, changing plant height by bending, and changing the shedding
of light in the understory environment by defoliation (de Langre 2008). The substantial
defoliation and reduced LAI from strong typhoon wind speed might restrict the tree
growth to have a lower canopy height but higher canopy gaps in perturbed regions
(Hayashi et al. 2015; Lin et al. 2003b; Lin et al. 2011). For the long-term effects, the
frequent typhoons might alter the forest regeneration, community, structure and
function, but the ecosystem might have resistance and resilience to the disturbance
(Brokaw and Walker 1991; Lin et al. 2011). Overall, typhoons could play an important
role in maintaining the regional balance of carbon budget through substantial

defoliation and changes of soil respiration.

4.4 Typhoon intensity and frequency simulations

The leaf litter and soil respiration significantly increased with typhoon intensity,
while the LAI total biomass, GPP and NPP were significantly decreased with intensity
(Figure 27). The leaf litter had 5.74% and -3.38% changes compared to the control
data at the strongest and the weakest wind speed simulations, and was the major factor
reflection of the effects of typhoon intensity on carbon cycle. The increased leaf litter
would decrease LAI and biomass, resulting in the decreases of GPP and NPP, but
producing more carbon loss from soil respiration. For the typhoon frequency
simulation, the leaf litter and soil respiration significantly increased with typhoon
frequency, while LAI and total biomass were significantly reduced with frequency
(Figure 28). The changes of leaf litter were 4.14% and -1.52% compared to the control
data at the highest and lowest frequency of typhoon (Figure 27). The increased
typhoon-induced leaf litter would result in the increase of soil respiration but the

decreases of LAI and total biomass. The stronger typhoon intensity and frequency
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might increase the ratio of leaf litter to total biomass, and this suggested that more
carbon and nutrients were returned into the forest floor to affect soil respiration and

nutrient pool (Figure 29).

The more intense typhoons in 2100 with intensity increases of 2 — 11% and
higher precipitation rate were simulated under warmer sea surface temperature and
high CO, conditions from global climate models (Knutson and Tuleya 2004; Knutson
et al. 2010). The numbers of strongest-typhoon categories (4 and 5) have increased in
North Pacific, Indian and Southwest Pacific oceans over the 1970 — 2004 period
(Webster et al. 2005). However, the trends of frequency of intense typhoon were still
inconsistent under global climate models (Bender et al. 2010; Knutson et al. 2010;
Webster et al. 2005). Based on typhoon predictions and the Hybrid simulations, if
there are more intense typhoons under global warming, it might trigger substantial
defoliation and decreased biomass, which could increase carbon loss to the atmosphere
by litter decomposition and respiration in the future. Furthermore, typhoon intensity
and precipitation could alter the tree growth rate according to a tree ring study in 1770
— 1970 (Altman et al. 2013), and the forest structure and biogeochemistry could have
resistance and resilience to typhoon disturbance (Lin et al. 2011). Therefore, the
changes of typhoon intensity and frequency under climate scenarios might alter the

forest structure and ecosystem processing gradually in the long-term time.
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CHAPTER YV

Conclusions

Using cross-scale remote sensing and dynamic global vegetation model to
monitor forest biomass, litterfall and carbon flux may be important in understanding
the carbon cycle and ecosystem process. The findings in this dissertation suggest that
topographical heterogeneity may cause the spatial variations of forest biomass by
altering nutrients and bioclimate environments in the montane cloud forest.
Topographical heterogeneity was also important to cause the spatial variations of
annual litterfall on a regional scale by altering temperature, precipitation and
vegetation type over Taiwan terrain. The temporal dynamics of the litterfall revealed
that typhoons and consecutive drought events might affect the temporal variations of
litterfall. Typhoon is an important natural disturbance in this frequently perturbed
ecosystem, and a forest ecosystem with typhoons would produce higher leaf litter and
soil respiration but decrease biomass and NPP than that of without typhoons. This
implied typhoon disturbance may produce more carbon output but could be critical in
maintaining the balance of regional carbon budget. The scenarios with increases of
typhoon intensity and frequency might make the ecosystem have more carbon loss
and alter the ecosystem structure and processing in the long-term time. Overall, the
findings in this dissertation may facilitate local or regional-scale monitoring of

biomass and litterfall in response to perturbations.

Litterfall or defoliation was highly variable and was challenging to estimate or
simulate whatever in remote sensing or processes-based models. Although satellite
images could be used to capture the patterns of annual litterfall, it is still challenging

to estimate the monthly litterfall. The intra-annual variation of litterfall is related to
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seasonal phenology with higher variability than inter-annual variation of litter.
However, it might be difficult to get higher time-series images that temporal
resolution is within a month, especially in tropical/subtropical regions with high cloud
contamination. Although MODIS 8-day composites were used in this dissertation,
high cloud contamination still make it hard to compose more than one cloudless
image in a month in tropical/subtropical regions. Therefore, using satellite images to

estimate high variability of monthly litterfall might be still challenging at the moment.

Furthermore, the high time-series MODIS 8-day composites are benefit to
estimate the high temporal variability of litterfall, but the spatial resolution of the
MODIS image is 500 m and 1 km. If the MODIS image could be integrated with the
high spatial resolution sensor such as Landsat images (30 m spatial resolution), it
might be able to capture the more detailed spatial patterns of litterfall. There have
been some studies to develop fusion approaches to combine high temporal MODIS
and spatial Landsat images (Feng et al. 2006; Hazaymeh and Hassan 2015; Roy et al.
2008), and it might be the potential approach to model the annual litterfall in high

spatial resolution in the further study.

Using a process-based Hybrid model to simulate carbon cycle of forest
ecosystem under typhoon disturbance might be able to understand the components
and interactions of ecosystem. Although the empirical function was developed to
imply the effect of typhoon on the leaf litter in this dissertation, it might be still a step
for process-based model to simulate the typhoon-induced litter. However, the
components of complex interactions and feedbacks between forest ecosystem and
typhoons are still few and need more studies to understand the physical processing. If
there is more physical processing studies about effects of typhoon on litter, it might be

possible to develop a physical function to capture the typhoon-induced litter.
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Integrating remote sensing and a dynamic global vegetation model might be
useful to monitor the regional scale patterns of biogeochemistry in the frequently
perturbed regions such as Western North Pacific Ocean. Whereas remote sensing is
applied to capture spatial patterns of vegetation (Wang and Huang 2012), an
ecosystem model is focused on biogeochemical processes and predicting the
responses and feedbacks of ecosystems under future climate scenarios (Friend 2010;
Hurtt et al. 2011). Integrating remotely sensed variables such as vegetation type, leaf
area index, tree height and climate data with ecosystem process models could provide
a regional assessment of carbon and nitrogen storage and fluxes (Turner et al. 2004).
The role of remote sensing can be used as initialization and validation of models. For
instance, absorbed photosynthetically active radiation (APAR) was derived from high
resolution Landsat ETM+ and TM images with spectral mixture analysis to simulate
effects of selective logging on carbon cycle by the CASA-3D model (Huang et al.
2008). The LAI derived from Terra Moderate Resolution Imaging Spectroradiometer
(MODIS) was used to validate the typhoon-induced defoliation in VISIT model (Ito
2010). Impacts of typhoons often affect relatively wide regions, and might result in
spatial heterogeneity of vegetation characteristics at different landscapes. Integrating
large-scale remote sensing technique with a dynamic global vegetation model could
be a potential method to understand vegetation transitions and biogeochemical

distribution under effects of typhoons.
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Appendix A: The values of input variables

Variable Value Unit

PAR extinction coefficient 0.650

Shortwave extinction coefficient 0.48

PAR reflection coefficient 0.05

Shortwave reflection coefficient 0.2

Turnover rate of foliage 0.9579 Proportion yr™'
Turnover rate of wood 0.0091 Proportion yr'1
Turnover rate of fine roots 2.0 Proportion yr'1
Specific leaf area 18.13 m’ kg c!
Ratio of DBH to bark thickness 0.033 mm’

Ratio between leaf area and sapwood area 4167 m* m™
Allometry a parameter for dbh (m) to height 28.51

Allometry b parameter for dbh (m) to height 0.4667

Proportion of woody biomass below ground 0.26

Biomass ratio between fine roots and foliage 0.5 kg C

Foliage nitrogen retranslocation coefficient 0.5

Fine root nitrogen retranslocation coefficient 1.0

Mean wood and bark specific gravity 305 kg Cm™

Tree form factor 0.6

Ratio between C:N ratios of foliage and sapwood 0.224

Ratio between C:N ratios of foliage and fine roots 0.876

Proportion of sapwood alive 0.17

Maximum proportion of live sapwood used as C storage  0.67
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Variable Value Unit
N uptake parameter 0.036 m kg C'd’
Maximum leaf conductance to CO, 1672 ms’'
Cuticular conductance to CO2 0.0000481 ms’
Proportion of foliage nitrogen bound in Rubisco 0.67

Proportion of foliage nitrogen bound in chlorophyl 9.13

Leaf characteristic dimension 0.04 m
Factor to calculate effect of WFPS on N uptake 2.0

Factor to calculate Kc CO2 of Rubisco 3.0669999

Factor to allow for growth respiration 0.75

Factor for calculating minimum wood mass increment 0.1
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