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ABSTRACT: Litterfall represents the major losses of aboveground carbon and nutrients to forest
floors, which are pivotal components in terrestrial biogeochemical cycles. It is also an indicator to
assess the impacts of perturbations on forest ecosystems such as tropical cyclones and insect infestation.
The objective of this study is to conduct a large scale research to estimate the litterfall by combining
field observations and estimates from multi-scale remote sensing techniques in a subtropical forest in
Taiwan. Litterfall traps across a wide range of topo-edaphic gradients were installed and periodically
collected data in Lienhuachi experimental forest (n = 18) and in Chilan mountain (n = 10). Enhance
vegetation index (EVI), photochemical reflectance index (PRI) and photosynthetic vegetation (PV)
were used to estimate time-series dynamics of litterfall from Landsat TM/ETM+ and MODIS images.
Results showed that there had no significant correlations between litterfall data and the differences of
monthly EVI (r = -0.17), monthly mean EVI (r = 0.08) and sPRI (r = 0.10). But there was a tricky
positive relationship between APV and litterfall (r = 0.63, p-value = 0.012). If the values of litterfall
induced by typhoon were took out, the relationship between APV and litterfall was not significant (r =
-0.25, p-value > 0.05). No significant correlations between vegetation indices and litterfall could be due
to that the study sites were located at evergreen broadleaf and conifer forests where the seasonal
dynamics of EVI (0.30 — 0.57) and sPRI (0.42 — 0.51) were small compared to deciduous forest, and it
was difficult for remote sensing technique to capture the high variable dynamics of litterfall (90 - 1800
kg/ha). If the changes of vegetation phonology were not significant, the signal of litterfall will be easily
mixed with noises in the images. Based on preliminary observation, finding a more sensitive index to
capture the slight dynamics of litterfall and vegetation phonology is important in the future.

1. INTRODUCTION

Litterfall is the major pathway to return the nutrients and dead organic matter from plant community to
soil surface, which play an important role on maintenance of soil fertility and pivotal components in
terrestrial biogeochemical cycles (Barlow et al. 2007; Liao et al. 2006). Litterfall is also an indicator to
assess the impacts of perturbations on forest ecosystems such as tropical cyclones and insect infestation
(Lin et al. 2003; Lovett et al. 2002). Therefore, it is important to assess temporal dynamics of litterfall,
which makes it possible for the regional monitoring of biogeochemistry in forest ecosystems.

Most estimates of litterfall are from field inventory using traps (Barlow et al. 2007; Lin et al. 2003;
Whigham et al. 1991). Litterfall sampling traps are setup to collect litterfall at specified points in a
study area. Depending on experimental design, researchers collect litter falling from trees and other
vegetation over a specified period of time. Litterfall was taken to the laboratory to calculate dry
biomass and analyze nutrient contents. This sampling method has been widely used to quantify canopy
dynamics over seasons or understand responses to ecosystem disturbances at a specified site.

Except to in-situ litterfall traps, modeling of litterfall is another method to estimate litterfall. However
modeling of litterfall is difficult due to high variations in litterfall dynamics, and there are fewer studies
focused on this field. Vegetation senescence is highly related to climate and stand characteristics, which
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are the major factors to model litterfall (Brown and Lugo 1982; Starr et al. 2005). Brown and Lugo
(1982) collected a lot of field litterfall data from tropical and subtropical literatures to model litterfall
using the ratio of temperature to precipitation (T/P) as an index, and found that T/P is a suitable index
to predict litterfall productions. Except for climate factors, Starr et al. (2005) also considered latitude
and stand characteristics (e.g. stand basal area, tree height and stem density) as indices, and use
multiple regression models to estimate annual litterfall production. Staelens et al. (2003) developed
spatial explicit models to estimate the effects of wind on litterfall using the tree diameter as an index,
and to promote the understanding of small-scale litterfall processes.

However, impacts of tropical cyclones or insect infestation often affect relatively wide regions, and
might result in substantial variations of litterfall according to different vegetation characteristics at
various landscapes. Regardless of using field data or litterfall models, it is difficult to estimate litterfall
over wide landscape regions. Large-scale remote sensing technique might be a potential method to
estimate regional litterfall dynamics. However, using satellite images to estimate litterfall is absent
until now, while there have been some literatures to estimate coarse woody debris derived by tropical
cyclones (Chambers et al. 2007; West et al. 2011). Compared to substantial carbon storage in coarse
woody debris, litterfall is a major pathway to return nutrients into soil surface for vegetation growth,
microbial production and soil fertility (Chapin et al. 2002). Therefore, using satellite images to estimate
litterfall over landscape scale could be useful to understand vegetation phonology and nutrients
dynamics.

Based upon the aforementioned discussion, developing a relationship between field litterfall data and
remote sensing indices is important. According to literatures of litterfall modeling, temperature,
precipitation and stand characteristics could be critical factors to estimate litterfall (Brown and Lugo
1982; Starr et al. 2005). Many studies have demonstrated that remote sensing indices such as enhanced
vegetation index (EVI), photosynthetic vegetation (PV) and photochemical reflectance index (PRI) are
useful predictors related to vegetation phonology and stand characteristics (Asner et al. 2003;
Chambers et al. 2007; DeFries 2008; Frolking et al. 2009; Garbulsky et al. 2008). Therefore, we will
use these remote sensing indices to estimate litterfall. This integration between remote sensing index
and litterfall field data will be an important approach to understand large-scale dynamics of ecosystem.

2. MATERIALS AND METHOD
2.1 Site description

The objective of study is to integrate field and satellite observations to estimate litterfall in a
subtropical forest in Taiwan (23°54°N, 121°54°E) (Fig. 1). Litterfall traps across a wide range of
topo-edaphic gradients were installed and periodically collected data in Chilan mountain (n = 10)
during August 2003 to December 2004 (Chu 2005) and in Lienhuachi experimental forest (n = 18)
during May 2008 to April 2009 (Wang 2009). Chamaecyparis obtusa var. formosana is the dominant
species in Chilan Mountain and the elevation is across an range of 1400-1800 m in northern Taiwan.
The climate is temperate and humid, and the mean annual temperature is 13°C. The mean annual
precipitation is 4005 mm and varies from 2000 mm to 5000 mm depending on the frequency and
intensity of typhoons in the summer (Chang et al. 2006). Lienhuach experimental forest is located at
middle of Taiwan and the elevation is across 550-950 m. Climate is warm and humid, but there is
significant dry and wet season. The mean annual temperature is 20°C and the mean annual
precipitation is 2230 mm. Subtropical broadleaf forest is the dominant vegetation in Lienhuach
experimental forest, but there have some coniferous plantation forests such as Cunninghamia
lanceolata and Calocedrus macrolepis var. formosana (Wang 2009).

2.2 Remote sensed data acquisition and processes

The EVI and PRI were characterized using a high temporal resolution Terra Moderate Resolution
Imaging Spectroradiometer (MODIS) image with 12-bit in 36 spectral bands ranging in wavelength
from 0.4 um to 14.4 uym. The PV was characterized using a high spatial resolution Landsat TM or
ETM+ images with 8-bit in 7 and 8 spectral bands for TM and ETM+, respectively. The spectral bands
are ranging in wavelength from 0.45 um to 12.5 pm. Data acquisition and process are different
according to EVI, PRI, PV indices, and the specific processes are the following (Fig. 2):
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Fig. 1 (a) A multispectral MODIS
image of the study site in Taiwan.
(b) The Chamaecyparis obtusa var.
formosana coniferous forest in
Chilan  Mountain. (¢c) The
broadleaf and mixed forests in
Lienhuachi. (d) The 1m x 1m
litterfall traps were setup to collect
litterfall.
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2.2.1 Enhanced vegetation index

The 16-days MODIS surface reflectance data (MOD13Q1) with 250 m spatial resolution in 2000-2010
were downloaded from the NASA website to estimate the greenness of forest. The EVI enhances
vegetation signals that would not saturate in a highly vegetated area, and it is not sensitive to noises
from the soil background and atmosphere profile that would contaminate satellite signals (Huete et al.
2002). The model for the EV1 is:

EVI = G*(pnir-pred)/( PnirTC1pred-CoPoietL) (1)
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 the Eq. 1 were G =2.5,C; =6, C,
=7.5,and L = 1. EVI values of temporal dynamics will be compared with field litterfall data.

2.2.2 Photochemical reflectance index

The daily MODIS reflectance data (Terra L1b MOD021KM) in 2000-2010 were downloaded from the
NASA website. The MODIS bands 11 (526-536 nm) and 12 (546-556 nm) with 1 km spatial resolution
were used to calculate the PRI. Because the atmospheric effects on bands 11 and 12 are similar and PRI
would not be affected by atmospheric correction (Drolet et al. 2005; Garbulsky et al. 2008), this study
will use downloaded bands 11 and 12 for PRI calculation. The model for the PRI is:

PRI = (band 11 - band12) / (band 11 + band12) (2)

band 11 = 526-536 nm; band 12 = 546-556 nm
The PRI is a normalized index and the value is a range of -1 to 1. To obtain only positive values, PRI
was scaled to an adjusted range of 0 to 1 termed as sPRI (Rahman et al. 2001).

sPRI = sPRI = (PRI+1)/2 (3)

2.2.3 Photosynthetic vegetation

Landsat TM and ETM+ images with 30 m spatial resolution were downloaded from USGS glovis
website and atmospheric correction was applied to images. This study used reported standard
conversion coefficients to compute at-sensor spectral radiance (Wm?m™sr?) from the raw digital
numbers. For the standard atmosphere correction, this study used the Atmospheric CORrection Now
(ACORN) v. 6b (ImSpec LLC, Palmdale, CA, USA) software to remove the atmosphere profile from
the image and convert radiance to surface reflectance. To reduce effects of cloud cover, this study will
use automated cloud-cover assessment algorithm to remove cloud (lrish et al. 2006).

After atmospheric correction, images will be used for spectral mixture analysis using Automated Monte
Carlo unmixing (AutoMCU) model in this study (Asner and Lobell 2000). Monte Carlo simulation is
used to extract endmembers (photosynthetic vegetation, non-photosynthetic vegetation and soil) in



each pixel, and many PV, NPV and soil endmembers are randomly selected for simulations.
Endmembers of NPV and soil from in situ litter and soil collected in Taiwan were measured using
portable spectroradiometer, while endmember of PV was collected by Hyperion images. Owing to
difficult to separate NPV and soil in Landsat TM and ETM+ images, NPV and PV endmembers were
combined for analysis. After simulating, we can get %PV and %NPV+soil in each pixel, which will be
used to estimate litterfall and compare with field inventory.
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Fig. 2 The workflow of this study. (A)
MODIS 16-days satellite images with
250m spatial resolution. ASTER Global
Digital Elevation Model (GDEM)
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topography with 30m spatial resolution.
(B) Landsat imagery with atmospheric
correction and cloud/shadow removal.
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3. RESULTS AND DISCUSSION

Results showed that there had no significant correlations between field litterfall data and the difference
of monthly EVI (EVI in end of month — EVI in beginning of month = AEVI) (r =-0.17, p-value > 0.05),
monthly mean EVI (r = 0.08, p-value > 0.05) and sPRI (r = 0.10, p-value > 0.05) (Fig. 3). It meant that
it was difficult to use the patterns of AEVI, mean EVI and sPRI to capture the seasonal dynamics of
litterfall. The study sites were located at evergreen broadleaf and conifer forests where the seasonal
dynamics of EVI (0.30 — 0.57) and sPRI (0.42 — 0.51) were small compared to deciduous forest, and
remote sensing indices were difficult to response high variable dynamics of litterfall (90 - 1800 kg/ha).
The poor relationships might also be due to coarse spatial resolution (250 m and 1 km) resulting in
spectral mixture effects from many surface endmembers mixed in one pixel, and the detailed dynamic
of vegetation phonology such as litterfall was easily mixed and disappeared.
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Fig. 3 (a) There was no significant correlation between litterfall and AEVI (EVI in end of month — EVI
in beginning of month) (r = -0.17, p-value > 0.05). (b) The relationship between litterfall and mean EVI
for each month was not significant (r = 0.08, p-value > 0.05). (c) There was no significant relationship

between litterfall and sPRI (r = 0.10, p-value > 0.05).

To avoid the effects of mixed spectral, we used the spectral mixture analysis to separate PV, NPV and
soil endmembers to capture the detailed dynamic of vegetation phonology. There was a strong
correlation (r = 0.63, p-value = 0.012) between field litterfall and the difference of PV (APV) within two
consecutive images through time (Fig. 4). However, there was a tricky positive relationship between
APV and litterfall. High values of APV and litterfall during the growing season (April-September) may
be due to leaf expansion and tropical cyclones, respectively, leading to difficultly separate the
contributions. If the values of litterfall induced by typhoon were took out, the relationship between APV
and litterfall was not significant (r = -0.25, p-value > 0.05) (Fig. 4). Difficult to separate the leaf
expansion and tropical cyclones was due to that revisit interval of Landsat satellite was long (16 days)
and it was difficult to find suitable images with less cloud cover in subtropical/tropical regions. Long
revisit interval and less suitable images resulted in mixed effects of leaf growth and tropical cyclones
from very long interval of images. Therefore, to avoid this mixed effect, the interval of images should
be shorter to capture the changes of vegetation phonology or effects of tropical cyclones immediately,
especially in evergreen subtropical/tropical forests.
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Fig. 4 (a) The relationship between litterfall and APV (PV in later images — PV in earlier images) had a
significant positive correlation (r = 0.63, p-value = 0.012). (b) However, if we remove the images in
typhoon season, there was no significant correlation between them (r = -0.25, p-value > 0.05).

No significant correlations between vegetation indices and litterfall could be due to that the pattern of
vegetation phonology was not significant seasonality, and the signal of litterfall will be easily mixed
with noises in the images. Therefore, it was difficult for these vegetation indices to capture the high
variable dynamics of litterfall. Based on preliminary observation, finding a more sensitive index to
capture the slight dynamics of litterfall and vegetation phonology is important in the future. Besides,
using satellite images with higher temporal resolution could reduce the simultaneous influences of
growth season and typhoon, and it was also useful to capture typhoon-induced litterfall. Overall, this
study demonstrated the potential possibility of using remote sensing to assess the temporal dynamics of
litterfall, which makes it possible to monitor the regional vegetation patterns in forest ecosystems.
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