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Chapter 1
Introduction

1

Introduction

1.1

Background

1.1.1

The Role of Forests in The Global Carbon and Water Cycle

Having the largest area, the widest geographic distribution, and some of the richest
biodiversity on Earth, forests are extremely important to terrestrial ecosystems.
Forests regulate surface water, biologically stored carbon, nutrients, and latent heat
through transpiration and the evaporation of intercepted water. The exchange of
matter and energy between forests and the atmosphere through the processes of
photosynthesis and evapotranspiration (ET) improves the ecological environment
(Singh et al., 2014).
Forests are particularly important for determining the storage and sequestration of
carbon dioxide (CO2) in the atmosphere. Carbon (C) stocks and fluxes are dynamic
in forests and are affected by natural disturbances, weather and climate variability,
anthropogenic activities, and growth and succession (Schimel et al., 2001; Nemani
et al., 2003; Richardson et al., 2007). The current global C stock in forests was
estimated by Pan et al. (2011) to be 861±66 Pg C, with 383±30 Pg C (44%)
contained in soil (to 1 m depth), 73±6 Pg C (8%) contained in deadwood, 43±3 Pg
C (5%) contained in litter, and 363±28 Pg C (43%) contained in live biomass
(above- and below- ground biomass). Global forest above-ground biomass (AGB) is
currently thought to account for approximately 90% (Schimel et al., 2001) of total
terrestrial AGB. The removal of forests by felling or burning may release great
amounts of this chemically stored carbon to the atmosphere.
Forests offset sources of CO2, such as volcanic emissions and the combustion of
fossil fuels, to the atmosphere (Schimel et al., 2001; Nemani et al., 2003;
Richardson et al., 2007). They have been described as the “green lung” of our
Earth, absorbing CO2 during photosynthesis and, in return, releasing oxygen into
the atmosphere. Net primary productivity (NPP) quantitatively describes the
amount of atmospheric carbon sequestered by vegetation and accumulated as
biomass.
From the 1980s to 1990s, in spite of a warming climate, global NPP increased due
to eased climatic constraints on vegetation (Nemani, et al., 2003). However, over
the past decade (2000-2009), the warmest decade since the 1880s when
instrumental measurements of temperature began (Zhao and Running, 2010), global
NPP has been found to slightly decrease. Between 1990-2007, the net absorption
offset was estimated as 8.8 billion tonnes of CO2 annually (approximate to the
uptake of 2.5±0.4 Pg C year-1 from 1990 to 1999 and 2.3±0.5Pg C year-1 from 2000
to 2007), with approximately one-third of the CO2 released from the burning of
2
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fossil fuels (average 28 billion tonnes of CO2 annually) (Pan et al., 2011). On one
hand, interannual variations of NPP have been found to be negatively correlated
with atmospheric CO2 growth rates, indicating that global terrestrial NPP is a major
driving force for the CO2 growth rate. On the other hand, persistent warming and
changes in climate have been found to lead to unprecedented changes in terrestrial
vegetation growth and productivity (Piao et al., 2007, 2011; Ouyang et al., 2014).
Large-scale climate anomalies have also been found to impact regional annual NPP.
Droughts in 2000 reduced NPP in North America and China. Droughts in 2002
reduced NPP in North America and Australia, and drought in 2003 reduced NPP in
Europe (Ciais et al., 2005; Zhao and Running, 2010). The effects of climate
constraint variations (i.e., temperature and precipitation) on ecological processes
within forest ecosystems have already been stated (Gao et al., 2000; Berthelot et al.,
2005; Zhang et al., 2011).
Pan et al. (2011) found, as compared to tropical intact forests from 1990–1999, that
an approximate 23% decrease in the decadal C sink occurred from 2000 to 2007.
The change can be attributed to deforestation in intact forests (8%) and the serious
drought that occurred in the Amazon during 2005 (Phillips et al., 2009;
Friedlingstein et al., 2010). Thanks to intensive national afforestation/reforestation
programs over the past few decades that have led to ever increasing areas of planted
forests, China’s forest C sink increased by 34% between 1990 to 1999 and 2000 to
2007, and the biomass sink almost doubled (Pan et al., 2011).
In addition to the factors mentioned above, and as indicated by Michaletz et al.
(2014), the biophysical composition of vegetation (including age, AGB, structure,
etc.), growing season length, and local adaptation may also impact NPP variation.
Local adaptation is subject to debate, with two views presented in the scientific
literature. The first, implemented in many models, indicates that within the
ecological relevant temperature range, the rate of vegetation growth responds in a
fixed manner to weather variations (e.g. growth increases exponentially with
temperature to a critical value, beyond which it gradually reaches a maximum and
then decreases) (Berry and Bjorkman 1980; Huxman et al., 2004; Campo et al.,
2013). In the second view, the adaption of the ecosystem to local conditions (i.e.,
thermal and edaphic tolerances) may alleviate the negative physiological response
brought about by climate influences (Bonan 1993; Chapin 2003; Kerkhoff et al.,
2005; Enquist et al., 2007).
By measuring the density of wood, and the height and width of different tree
species over time and space, scientists have determined how much carbon is
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absorbed. However, due to the diverse responses of forests to climate fluctuations
across stand type and geographical location (Lindner et al., 2010), estimations for
forest C sinks and fluxes under changing climate are variable. For example, while it
has been estimated that 1–2 Pg C year-1 are stored in the forests of the Northern
Hemisphere, uncertainties in the estimations of C stocks and fluxes within various
forest types are not well understood (Pan et al., 2011; Gray and Whittier, 2014).
Many studies have debated the potential variation of terrestrial ecosystems due to
climate change (Mohamed et al., 2004; Boisvenue et al., 2006; Huang et al., 2014;
Sun and Mu, 2014), natural and human disturbances (Dury et al., 2011; Yu et al.,
2011; Peters et al., 2013; Dai et al., 2014;), and organic growth (Pregitzer and
Euskirchen, 2004; Russell et al., 2010; Vedrova 2011; Wang et al., 2011). Forest
management may greatly benefit from a reduction in these uncertainties. For
example, accurate data for carbon fluxes and stocks in forests are indispensable for
international negotiations aimed at limiting the atmospheric concentrations of
greenhouse gases.
Forests are not only a carbon sink; they also provide ecosystem services such as
improving soil and water quality and capacity. The acquisition of CO2 by vegetation
is accompanied by transpiration - the loss of water vapour through the stomata that
regulate gas diffusion between the leaf and the atmosphere. Transpiration, together
with other evaporation losses termed ET, is a central process in the climate system
and a nexus for energy, water, carbon cycles and tree growth (Berry et al., 2010;
Govind et al., 2011). Jasechko et al. (2013) indicated that transpiration uses half of
the solar energy absorbed by land surfaces and is by far the largest water flux from
land, representing 80 to 90% of terrestrial ET. The result suggests that aspects of
water cycling and improvements for biological fluxes (transpiration) (rather than
physical (evaporation) fluxes) should be prioritized in climate models. The energy
requirement of ET constrains CO2 uptake and tree growth (Law et al., 2002; Jung et
al., 2010) and, as statistically shown, even forest biodiversity (Hawkins et al., 2003;
Kreft and Jetz, 2007). Forests, in general, have a lower surface albedo and,
therefore, absorb more solar radiation than other terrestrial ecosystems (Betts,
2000). Changes in forest ecosystems result from the regulation of land and
atmospheric energy budgets in response to weather and climate variations or
climate change. Global land ET returns approximately 60% of annual land
precipitation to the atmosphere and the ET from forests is approximately 45% of
total terrestrial ET (Oki and Kanae, 2006). But large uncertainties exist in the ET
estimations. Apart from ET, forests also affect the water cycle through rainfall
interception, root water uptake, and soil development. Forest ET affects runoff,
further influencing water storage on land and vapour in the atmosphere.

4

Chapter 1

Forest ET and the carbon cycles are intrinsically coupled and drive feedbacks
between the land and atmosphere. On one hand, forest ET impacts meteorological
conditions through the turbulent exchange of momentum, heat, and moisture within
the atmospheric surface layer (Koster et al., 2004). The partitioning of solar energy
to forest ecosystem latent (λE) and sensible (H) heat fluxes exerts critical effects for
atmospheric boundary layer (ABL) dynamics, thus directly impacting local,
regional, or even global climate. For example, over the past 30 years, the loss of
forest cover has been consistent with drying in the southern Amazon (Lee et al.
2011). Spracklen et al. (2012) found that the air above extensive vegetation
produced at least twice as much rain as that above little vegetation. On the other
hand, climate variations affect the various physical and physiological processes in
forests that alter mass and energy exchange between the land and atmosphere. Thus,
the interactions between forest processes and climate operate in both directions.
A substantial increase in water use efficiency (WUE), the ratio between net carbon
uptake and ET, in temperate and boreal forests of the Northern Hemisphere over the
past two decades was discovered by Keenan et al. (2013). The increase was caused
by both increasing photosynthesis and net carbon uptake due to increasing
atmospheric CO2 levels and decreasing ET. A higher WUE for drier, warmer
conditions during the early twenty-first century (2000–2009), as compared to that in
the late twentieth century (1975–1998) for the Northern and Southern Hemispheres,
was also found by Campos et al. (2013).
However, since forest ET has been found to be highly variable amongst various
sites mainly due to climate conditions and variations (i.e., precipitation,
meteorology, and solar energy) and forest characteristics (i.e., tree species,
structure, and phenology), these global studies are not necessarily relevant for local
forest management. Better modeling of local forest carbon and water exchange
could lead to significant improvements in forest eco-hydrological knowledge, in
particular for examining complex interactions between the terrestrial biosphere and
atmosphere, and water circulation and climate change.
1.1.2

The Eco-hydrology of The Heihe River Basin

Climate change has been particularly evident in China (Piao et al., 2005; Ren et al.,
2008, 2012), especially for the cold and arid regions of northwestern China. In these
regions, mountains, hills and basins are straggered within the inland river basins.
The mountainous areas, with sufficient precipitation, snowmelt and glacier melt
runoff, generally, are headwaters of the entire basins. The middle and downstreams
of inland river basins, with scarce precipitation, are water consumption areas
(Cheng et al., 2014). These regions are characterized by scarce precipitation and
5
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intensive ET which leads to sparse growth and a simple structure, but highly
heterogeneous landscapes. Ecosystems in these regions are unique, but they are also
sensitive to climate variation and change, and anthropogenic and natural
disturbance. The sustainable development of forests and water are urgent issues.
Current eco-hydrological problems include water-soil conservation, biodiversity
protection, landscape perception (frangibility, adaptability, and sensitivity), as well
as conflicts between economic development and ecosystem protection.

Fig. 1-1 A sub-basin partition and land cover map of the HRB.

Due to the intensive and extensive utilization of natural resources, partly resulting
from rapid expansion of the population, terrestrial ecosystems have, to a large
extent, deteriorated, while at the same time atmospheric gas concentrations,
especially in areas with a strong coupling between the land and the atmosphere,
have changed globally. The question is whether or not a critical point exists at
which an ecosystem is permanently changed.
The question is particularly relevant for the Heihe River Basin (HRB). The HRB is
the second largest inland river basin within the arid region of northwestern China
(Fig. 1-1) and consists of three major geomorphic units, as follows: the southern
Qilian Mountains (QMs), the middle Hexi Corridor, and the northern Alxa
6
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Highland. Since they function as the water source that supports agricultural
irrigation within the Hexi Corridor and maintain ecological viability within the
northern Alxa Highland, the QMs are a hydrologically and ecologically important
unit. As a result of headwater that has brought richness to regional people for
thousands of years, the QMs have been called as “Mountain Momma of the Hexi
Corridor”. The system is, however, currently vulnerable. The degradation of water
resources within upper catchments can catalyse related environmental problems for
middle and downstream reaches. Due to wood denudation, extensive grazing, and
the excessive development of water resources, the QMs can hardly bear further
degradation.
Deforestation within the QMs over the past half century has not only resulted in a
deteriorating ecological environment, but, it has also, as indicated by a large
decrease in the biological and hydrologic productivity of the land, weakened the
function of vegetation for conserving water in well-developed soils. The forested
area of the QMs decreased from 22.4% during the early 1950s to 12.4% during the
1990s (Wang and Cheng, 1999), when only approximately 820 km2 of forested area
remained. In addition, sparse wood and shrubbery areas decreased by 30%,
amounting to 2000 km2. Due to recent warming trends, over the past ~50 years, the
glacier area decreased by 29.60% in the QMs (Wang et al., 2011). In some areas of
the QMs, the rising rate of the snow line is ~2 - 6.5 meters year-1, or even ~12.5 22.5 meters year-1 in some areas (Liu et al., 2003). Although, in the past ~50 years,
discharge of river water at the Yingluoxia Gorge, from the QMs, has not
significantly changed, as a result of increased agricultural, and the industrial and
household water demands of the population living within the Hexi Corridor, the
water available for natural ecosystems located within the downstream basin has
been decreasing until this century (Qin et al., 2012). It has led to serious ecological
and environmental degradation such as the drying of lakes (both the East and West
Juyan Lake), the die-off of forests (Populus euphratica), the acceleration of land
desertification, and an increase in the frequency and intensity of sand storms.
The government of China responded to these problems in the 1980s by putting
conservation legislation into effect that protects the QMs as a water-conservation
forest area and that stimulates natural regeneration and tree planting. The aim of
these measures was to improve ecosystem vigour - the capacity to recycle energy
and matter as indicated by carbon stocks, carbon uptake, and ET. The initial
protection of the forest (rather than afforestation), did not result in increasing
ecosystem vigour as expected. The phenomena such as unhealthy growth, high
mortality, pool abilities of water capacity and hazard resistance etc, imply the effect
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of the static protection for vegetation (Gou et al., 2005; Liang et al.., 2006; Xu et
al., 2012; Zhao et al., 2012).
Clearly, there is a lack of understanding regarding how the hydrological and
ecological system of the entire basin functions and regarding the role of headwater
forests. A better understanding of both systems and roles could help improve the
success of restoration efforts. With this idea in mind, two comprehensive and
fruitful campaigns, Watershed Allied Telemetry Experimental Research (WATER)
(Li et al., 2009a) and Heihe Watershed Allied Telemetry Experimental Research
(HiWATER) (Li et al., 2013b), were conducted, beginning in 2007 and 2012,
respectively, over the HRB. The campaigns consisted of simultaneous airborne,
satellite-borne, and ground-based remote sensing experiments that focused on
improvements for the observability, understanding, and predictability of
hydrological and related ecological processes at the catchment scale. WATER and
HiWATER opened the possibility for conducting synthesized modeling and
analyses topic of this study. In short, using multi-disciplinary techniques (based on
multi-parameter remote sensing, eco-hydrological, and meteorological knowledge),
as well as comprehensive measurements (forest surveys, Eddy Covariance (EC) and
dendrochronological measurements), long-term modeling of forest AGB dynamics
(which is inherently linked with NPP or above-ground NPP (ANPP), long-term
simulations of forest ET, and the impacts of climate variations on these estimates,
and thus WUE), were conducted over the QMs.

1.2

Research Problem

The problem of sustainable forest and water resource management for the QMs
results from a lack of knowledge in the following areas: (1) the carbon stock or
AGB contained in forests, (2) the actual fluxe exchanges of carbon and water
between the land and atmosphere, and (3) changes in the carbon fluxes and ET of
the forests in response to climate variations. Using data collected during the
WATER campaign, this knowledge gap can be reduced. Spatial data collected
during the campaign made it possible to model land-atmosphere interactions.
Considering the limitations of existing models, Santini et al. (2014) indicated that
particular attention should be paid to the incorporation of such novel measurements
to constrain the models. In this way, modelling errors propagated to further
analyses, resulting in misleading conclusions with serious implications for society,
as discussed by Valle et al. (2009), can be avoided. The systematic combination of
measurements and technologies, and eco-hydrological models can reduce
uncertainties in estimates for carbon and water fluxes on ecosystem scales (Zobitz
et al., 2011, 2014).
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1.3

Objectives

The following scientific questions were explored during this study: 1) To what
extent can key eco-hydrological parameters (in this case: carbon stock, carbon
uptake, and ET) be retrieved from the synthesis of multi-parameter remote sensing
using various models in order to improve the sustainable development of forest
ecosystems over cold and arid regions? 2) What are the functions of forests in
carbon/ET fluxes and what are the likely impacts of climate variability on
carbon/ET changes.
To estimate forest parameters, multi-parameter remote sensing data were combined.
These parameters were further utilized to combine with the time-series of remote
sensing products in order to perform simulations of the incorporated ecological
models (process-based and remote-sensing-based) and the ET model. Finally, the
interannual dynamics of forest carbon, ET and water use efficiency (WUE) were
analyzed.
The specific objectives of this study were, as follows:
(1) To determine an optimal method for estimating forest AGB using multiparameter remote sensing data.
The predictive power of multi-sensor satellite data (including Satellite Probatoire
d’Observation de la Terre-5 (SPOT-5) high resolution geometrical (HRG), multitemporal dual-polarization Advanced Land Observing Satellite (ALOS) Phased
Array type L-band Synthetic Aperture Radar (PALSAR), and airborne light
detection and ranging (LiDAR)) data for the retrieval of AGB was evaluated. This
evaluation was performed in an airborne campaign area using two methods,
parametric (stepwise multiple linear regression) and non-parametric (k-Nearest
Neighbour (k-NN)). To determine the appropriate method for estimating forest
AGB, the performance of the parametric and non-parametric methods was
compared.
(2) To investigate an effective strategy for routine estimations of forest AGB over
the Qilian Mountains.
To alleviate the impacts of terrain relief for estimating forest AGB, a notable terrain
radiometric correction method was employed for preprocessing spectral features.
Based on a refinement of performance for the foregoing methodology and for the
sake of improving efficiency for feature configuration constructions in order to
estimate forest AGB, the random forest (RF) was combined with k-NN and Support
Vector Regression (SVR).
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(3) To improve the dynamic modeling of forest AGB by integrating forest AGB
estimates and the corresponding annual forest carbon fluxes for the Qilian
Mountains.
One strategy for integrating the ecological process model’s (the BiomeBioGeochemical Cycles (Biome-BGC)) functions with those of the optimized
remote sensing model (the MODIS-MOD17 (MOD_17)) was proposed in order to
take advantage of their attributes. Driven by an accurate meteorological dataset
downscaled from Weather Research and Forecasting (WRF) model simulations and
a series of refined MODIS products (the leaf area index (LAI)) from Global LAnd
Surface Satellite (GLASS) products, a time series (from 2000 to 2012) of forest
carbon fluxes was simulated in order to explore the variability in forest productivity
(gross primary productivity (GPP), NPP, and net ecosystem exchange (NEE)).
Specific forest AGB estimates for one year (in this case 2009) were integrated with
interannual forest AGB increments (after 2009) or decrements (before 2009) in
order to obtain the forest AGB dynamics.
(4) To use forest structure information to improve ET estimates.
In the airborne campaign area, accurate forest structure parameters retrieved from
multi-source remote sensing data (SPOT-5 HRG and airborne LiDAR) were applied
within four models in order to test their feasibilities and performances for
estimating zero plane displacement height (d (m)) and aerodynamic roughness
length (z0m (m)). Based on the kB-1 model, the heat roughness length (z0h (m)) was
derived from z0m using the outperforming model to optimize the turbulent flux
parameterization scheme for the Surface Energy Balance System (SEBS). Dynamic
information for forest structural parameters (tree height, frontal area index (FAI)
and LAI) was also applied during this parameterization process.
In addition to a few original MODIS products (Normalized Difference Vegetation
Index (NDVI), and land surface temperature (LST)), additional refined MODIS
products (including Albedo, LAI) and meteorological datasets which were the same
as those used in the Biome-BGC and MOD_17 models were applied within SEBS
in order to reduce offsets resulting from the driving inputs. Thirteen year (from
2000-2012) simulations of SEBS were performed in order to determine forest ET
dynamics.
(5) To explore the impacts of climatic variations on forest carbon and ET dynamics
within the Qilian Mountains.
The impacts of climate variations (the precipitation, temperature, vapor pressure
deficit (VPD) and radiation) in growing seasons on forest carbon and ET dynamics
were analyzed. Dividing annual forest ET into annual forest AGB dynamics could
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provide implications for WUE corresponding to climate variations over the past 13
years.

1.4

Thesis Outline

Subsequent to this introduction, the following seven chapters are organized
according to the objectives defined in Section 1.3.
The specific structure of this thesis is as follows:
Chapter 1 introduces the scientific background and provides a statement of the
problem, a description of the study area and the related scientific questions; and
defines the research objectives then presents the thesis outline.
Chapter 2 evaluates the performance of the parametric and non-parametric
methods employed for estimating forest AGB based on multi-parameter remote
sensing data, including airborne LiDAR, and spaceborne ALOS PALSAR and
SPOT-5 HRG data, within a small watershed where an intensive airborne campaign
was conducted.
Chapter 3 explores an alternative way to accurately estimate regional forest AGB
over montane areas using the non-parametric method. The Landsat Thematic
Mapper 5 (TM) and the Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER) Global Digital Elevation Model (GDEM) products presented
are expected to provide implications for the routine monitoring of forest AGB using
free remote sensing data.
Chapter 4 proposes a strategy for incorporating the non-parametric models
(incorporating the random forest (RF) with k-NN, and with SVR) to improve the
efficiency of estimating the forest AGB map in 2009 over the QMs using highdimensional remote sensing information, and proposes another strategy for
incorporating the remote-sensing-based ecological model with the process-based
model to improve spatiotemporal estimates of forest carbon fluxes (including GPP,
NPP, and NEE). The results are then combined to improve the forest AGB
dynamics by linking the forest AGB in 2009 with the interannual forest AGB
increments (from 2000 to 2012) which were originally converted from interannual
NPP estimates.
Chapter 5 parameterizes four notable remote-sensing-based models for
aerodynamic roughness factors using multi-parameter remote sensing data
including airborne LiDAR and spaceborne SPOT HRG, and evaluates the
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performances of these four models using Eddy Covariance (EC) measurements. The
outperforming model is shown to be ready for application over the QMs.
Comprehensive Remote Sensing Experiment
(Watershed Allied Telemetry Experimental
Research) and Auxiliary Forest Inventories

Determination of Optimal Method for
Estimating Forest Above-ground Biomass
(AGB) in Airborne Campaign Area (ACA)

Evaluation of the Performances of Four
Aerodynamic Roughness Length Models
in ACA

Investigating Effective Strategy for
Routine Estimation of Forest AGB Over
Qilian Mountains (QMs)

Long-term Parameterization for Surface
Energy Balance System and Simulation of
Forest Evapotranspiration (ET) over QMs

(Chapter 2)

(Chapter 3)

Refined
Auxiliary
Data/Products

(Chapter 5)

(Chapter 6)

Forest ET Dynamics From 2000 to 2012

(Chapter 6)

Interannual Forest Carbon Fluxes
Estimated by Incorporation of RemoteSensing-based with Process-based Models

(Chapter 4)

Forest Carbon Dynamics From 2000 to
2012
(Chapter 4)

Impacts of Climatic Variation on
Forest Carbon, ET Dynamics and
thus Water Use Efficiency

(Chapter 7)

Fig. 1-2 Framework of this thesis.

Chapter 6 parameterizes the Surface Energy Balance System (SEBS) for the
calculation of ET for forests over the QMs using remote sensing data. Specifically,
the dynamics of two forest physical parameters (tree height and FAI) are linked to
interannual forest AGB estimated from Chapter 4 and applied in order to
parameterize decadal roughness lengths for SEBS. Estimates of forest ET over the
QMs result from the parameterized SEBS: a refined dataset that includes regional
meteorological inputs and MODIS products applied to perform ET simulations over
QMs forests for 13 years (from 2000 to 2012).
Chapter 7 analyzes the impacts of climate variations on the above mentioned
forest’s ANPP, ET and, thus, WUE and presents the major results, a discussion, and
conclusions. Specific limitations and an outlook for relevant future work are also
provided.
The framework of this study is shown in Fig. 1-2.
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Evaluation of Parametric and Non-parametric Methods to
Estimate Forest Above-Ground Biomass in The Qilian
Mountains Using Multi-Parameter Remote Sensing Data *

*

This chapter is based on:
Tian, X., Su, Z. B., Chen, E. X., Li, Z. Y., van der Tol, C., Guo, J. P., & He, Q. S.
(2012). Estimation of forest above-ground biomass using multi-parameter remote
sensing data over a cold and arid area. International Journal of Applied Earth
Observation and Geoinformation, 14, 160-168. DOI: 10.1016/j.jag.2011.09.01.
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Abstract
Remote sensing is a valuable tool for estimating forest biomass in remote areas.
This chapter explores retrieval of forest above-ground biomass (AGB) in an
airborne campaign area located at the Qilian Mountains (QMs), using two different
methods (non-parametric and parametric), field data, and three different remote
sensing data: a Satellite Probatoire d’Observation de la Terre-5 (SPOT-5) high
resolution geometrical (HRG) image, multi-temporal dual-polarization Advanced
Land Observing Satellite (ALOS) Phased Array type L-band Synthetic Aperture
Radar (PALSAR) and airborne light detection and ranging (LiDAR) data. The nonparametric method was applied in 300 different configurations, varying both the
mathematical formulations and the data inputs (SPOT-5 and ALOS PALSAR), and
the quality of the performance of each configuration was evaluated by leave-oneout (LOO) cross-validation against ground measurements. For the parametric
method (the multiple linear regression), the same remote sensing data were used,
but in one additional configuration the airborne LiDAR data were used for stepwise
multiple linear regression (SMLR). The result of the best performing nonparametric configuration was satisfactory (R = 0.69 and root mean square error
(RMSE) = 20.70 tonnes ha-1). The results for the parametric methods were
notoriously inaccurate, except for the case where airborne LiDAR data were
included. The regression method with airborne low-density LiDAR point cloud data
was the best of all tested methods (R = 0.84 and RMSE = 15.2 tonnes ha-1). A cross
comparison of the two best results showed that the non-parametric method performs
nearly as well as the parametric method with LiDAR data, except for some areas
where forests have a very heterogeneous structure. It is concluded that the nonparametric method with SPOT data is able to map forest AGB operatively over the
cold and arid region as an alternative to the more expensive airborne LiDAR data.
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2.1

Introduction

Describing and quantifying forest above-ground biomass (AGB) has become of
importance to many scientific and societal tasks such as sustainable forest
management, timber management, forest ecosystem productivity estimation, carbon
sink evaluation, and studies of the role of forest in the global carbon cycle, and links
between hydrology and ecology, etc. (Houghton et al., 1999, 2001; Foody, 2003;
Zheng et al., 2004; Houghton, 2005; Palacios-Orueta et al., 2005; Lu, 2006). In
conventional techniques on basis of statistical assessment (i.e., tree species, vertical
structure, stand height, and stand density), the forest AGB information comes from
expensive and time consuming field surveys by the high sampling intensity
(Schroeder et al., 1997; Nelson et al., 1999; Parresol, 1999; Brown, 2002; Fournier
et al., 2003; Woodbury et al., 2007). As an alternative, multi-parameter remote
sensing techniques have been applied, in which remotely sensed data are used as
proxy for quantitative forest AGB at various scales (Nelson et al., 1988; Le Toan et
al., 1992; Ranson and Sun, 1994; Roy and Ravan, 1996; Ranson et al., 1997; Santos
et al., 2002, 2003; De Jong et al., 2003; Coops et al., 2004; Luther et al., 2005;
Thenkabail et al., 2004; Labrecque et al., 2006; Lu et al., 2005; Patenaude et al.,
2005; Leboeuf et al., 2007; Tan et al., 2007; Lucas et al., 2008; Gonzalez et al.,
2010).
However, the application of remote sensing data for the forest AGB estimation is
complicated in heterogeneous forests, where the tree species, stand density, canopy
closure and crown over-lap are variable. All these variables affect AGB, but it is
difficult to differentiate them with remote sensing. In addition, topographic
irregularities and various environmental conditions also affect the remote sensing
signatures of the observed surfaces (Danson and Curran, 1993; Nelson et al., 2000a;
Steininger, 2000; Foody et al., 2001; Saatchi et al., 2007). Both passive and active
remote sensing measurements have been used for the estimation of forest AGB,
each having different advantages and disadvantages.
Some passive remote sensing techniques make use of the sensitivity of the
reflectance of forests to parameters like canopy cover, crown closure, leaf area
index, which are in turn correlated with AGB. Many studies have investigated the
relationship between forest AGB and satellite spectral values expressed as digital
numbers, radiance, reflectance, or vegetation indices. Sensors with intermediate
spatial resolution like Satellite Probatoire d’Observation de la Terre (SPOT),
Landsat Thematic Mapper and Enhanced Thematic Mapper Plus data are commonly
used for this purpose. Various correlations between forest AGB and the reflectance
or vegetation indices were found and reported (Sader et al., 1989; Roy and Ravan,
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1996; Nelson et al., 2000b; Steininger, 2000; Mutanga and Skidmore, 2004; Zheng
et al., 2004; Hall et al., 2006; Labrecque et al., 2006; Rahman et al., 2008; Powell et
al., 2008; Soenen et al., 2010).
Some active remote sensing techniques make use of the relation between Synthetic
Aperture Radar (SAR) backscatter and forest AGB (Dobson et al., 1992; Le Toan et
al., 1992; Ranson and Sun, 1994; Ranson et al., 1997; Luckman et al., 1997;
Kasischke et al., 1997; Kurvonen et al., 1999; Kuplich et al., 2000; Yrjo, 2005). The
advantage of SAR is that the signal is less prone to saturation with AGB than
optical reflectance. Not all SAR bands are equally suitable: SAR backscatter in the
P and L bands has a much stronger correlation with forest AGB than the C and X
bands. The L-band has proven particularly valuable for AGB estimation (Lu, 2006).
Some studies (Moghaddam et al., 2002; Amini and Sumantyo, 2009; Chen et al.,
2009) found that the accuracy of forest AGB estimation improved when optical
reflectance data were added to the SAR data as an additional source of information.
The single most promising technique in active remote sensing is airborne laser
scanning (ALS). ALS has recently led to a revolution in remote sensing of forest
structure (Lefsky et al., 2002b; Popescu and Wynne, 2004; Maltamo et al., 2004;
Reutebuch et al., 2005; Koukoulas and Blackburn, 2005; Salas et al., 2010), due to
its unique ability to measure three-dimensional information (Nelson et al., 1988;
Lefsky et al., 2002a; Lim and Treitz, 2004; Patenaude et al., 2004; Næsset, 2007;
Lucas et al., 2008; Næsset and Gobakken, 2008; García et al., 2010).
In summary, there are several options for estimating forest AGB among the multiparameter remote sensing data, differing in cost, spatial resolution, applicability and
continuity. Optical remote sensing data is sensitive to the forest AGB, but the
spectral signature saturates at a lower biomass level than the SAR data. SAR data
are free of weather disturbance, but largely affected by topography and the quality
depends on the waveform length (Sun et al., 2002). Airborne LiDAR is the most
efficient technique to estimate forest AGB. It is also the most expensive technique,
which makes it unsuited for routine applications.
Two methods exist for establishing (calibrating) the relation between remote
sensing data and forest AGB with ancillary data: parametric and non-parametric.
The parametric method employs multiple regressions, assuming that each forest
attribute affects remote sensing signals at each wavelength in a unique and
uncorrelated way (Lawrence and Ripple, 1998; Maselli and Chiesi, 2006; Rahman
et al., 2008). The method is conceptually simple, but the success largely depends on
the statistical robustness of the relationships. In reality a change in AGB rarely
directly results in a change of remote sensing signatures. Consequently, the
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conventional parametric method applied to remote sensing data usually fails to map
forest AGB satisfactorily (Maselli and Chiesi, 2006), independent on the univariate
or multivariate type of regression that is used.
The non-parametric k-Nearest Neighbour (k-NN) method is based on more flexible
assumptions than the parametric method, and does not suffer from the same
limitations. In the non-parametric method the AGB of a pixel is associated with that
of the k ‘nearest’ pixels in terms of remote sensing observations for which field data
of AGB are available. A training set of pixels for which both field measured AGB
and remote sensing data are available is established first. This training set is further
used to estimate the AGB of all other pixels by linking them to pixels with similar
remote sensing data in the training set. A distance measure is defined for the
differences between the remote sensing data of a pixel and the data in the training
set. The k elements in the training set with the smallest values of d are used to
compute AGB of that pixel as a weighted average. The method requires a
representative set of ground data, covering the complete range of values for AGB,
and remote sensing signals in the study area. The advantage of this method is that
no assumptions are made about the nature of the relationship between AGB and
remote sensing. This makes the method more robust in complex environments, and
reasonable results can be achieved (Maselli et al., 2005). The k-NN method is an
attractive tool for multi-source forest inventory (Franco-Lopez et al., 2001; Katila
and Tomppo, 2001; Holmström and Fransson, 2003; Tomppo and Halme, 2004;
Tomppo et al., 2009), and it has been operationally applied for various scale forest
inventories in many countries (Fazakas et al., 1999; Holmström et al., 2001).
However, most applications of k-NN used medium resolution remote sensing data
such as Landsat images (Franco- Lopez et al., 2001; Katila and Tomppo, 2001;
Finley et al., 2006). Only few studies have used fine resolution imagery such as
Quickbird, aerial photographs (Muinonen et al., 2001; Tuominen and Pekkarinen,
2005; Fuchs et al., 2009) and airborne SAR data (Holmström and Fransson, 2003).
Since SPOT-5 data, with intermediate spatial resolution, is widely available, it is
interesting to investigate the applicability of SPOT-5 with combination of current
operative L-band ALOS PALSAR data for mapping forest AGB by k-NN
algorithm.
This chapter investigates the performances of parametric and non-parametric
methods for forest AGB by use of multi-parameter remote sensing data over a
complex forest area in the Qilian Mountains (QMs), the upper reaches of Heihe
River Basin (HRB), a cold and arid region, where only limited forest inventory data
are available. The objectives of this chapter are (1) to evaluate the predictive power
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of reflectance (SPOT-5) and SAR backscatter intensity (ALOS PALSAR) for the
retrieval of forest AGB, (2) to evaluate different configurations of the nonparametric algorithm at pixel level, (3) to compare the parametric versus the nonparametric method, and (4) to identify the best k-NN algorithm for routine
application of forest AGB mapping in a heterogeneous forest over a cold and arid
region. For these objectives supporting ground data and data of an airborne LiDAR
system have been used.
This chapter is organized as follows. After describing the test area, the data and
models were presented. This is followed by a description of the optimization
procedure for various k-NN configurations by leave-one-out (LOO) cross-validation
and the assessments of pixel level estimation accuracy for both k-NN and regression
models. The best results from k-NN and regression model were compared, and the
results were presented and discussed.

2.2

The Study Area and Data

This chapter uses data collected in the framework of the Watershed Allied
Telemetry Experimental Research (WATER) carried out at the HRB in Northwest
China, in 2008 (Li et al., 2009a, 2011b). HRB, the second largest inland river basin
in China, is located between 97˚24′-102˚10′ E and 37˚41′-42˚42′ N, with an area of
about 130,000 km2. It consists of three major geomorphic units: the southern QMs,
the middle Hexi Corridor, and the northern Alxa Highland and accordingly, the
landscapes are various, including glacier, frozen soil, alpine meadows, forests,
irrigated crops, riparian ecosystem and desert (Gobi) (Fig. 1-1). Aiming to improve
the understanding of physical processes of the land surface-atmosphere interaction
at arid regions, the WATER project was composed of simultaneous airborne,
satellite-borne remote sensing observations and ground based measurements.
The study area, the QMs, spans an area of 10,400 km2 and consists of 72% alp,
27% fluvial area, and 1% oasis. The elevation varies from 1500 m to 6000 m above
sea level (see Fig. 2-1). The QMs have a temperate continental mountainous
climate. During winter, atmospheric circulation is controlled by the Mongolian
anticyclone and conditions are cold and dry with little precipitation. When the
atmospheric circulation is controlled by a continental cyclone during summer, the
diurnal difference in temperature is dramatic. The difference in precipitation
between summer and winter is large, and most of the year’s precipitation falls
during the summer with the annual rainfall being between 350 mm and 495 mm.
Influenced by the climate and the terrain, prevalent vegetation types in the area are
mountainous pastures, shrubs, and forests. The forest, consisting of Picea crassifolia
mixed with a fairly small fraction of Sabina przewalsk trees, only survives on shady
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slopes (between 2500 m and 3300 m in altitude), while sparse grass inhabits sunlit
slopes. Vegetation density varies with terrain, soil, water, and climate factors. Due
to a variety of environmental factors, the site is often used as a field laboratory for
the development of remote-sensing biophysical parameter models.

Fig. 2-1 The location and terrain conditions of the QMs within the upper reach of the
HRB.

In June 2008, a campaign of airborne LiDAR (LiteMapper 5600 system, Riegl
LMS-Q560 scanner) with the CCD (DigiCAM-H/22 camera) load together was
carried out over the forest hydrology experimental area of WATER project, the
Pailugou and Dayekou watersheds in QMs. The flight height was about 800 m
above the local topography, and imaging coverage was about 10 km × 6 km. With
the wavelength of 1550 nm, a pulse of 3.5 ns at 50 kHz, an overall cloud point
density of about 1.88 hits m-2 was acquired with this LiDAR system. After the
campaign, a scene of SPOT-5 HRG image was acquired on 10 August 2008. Three
dual-polarization (HH/HV) ALOS PALSAR images (level 1.1) (10 August 2007,
12 May and 27 June 2008) were acquired from Japan Aerospace Exploration
Agency (JAXA).
Since the beginning of the campaign, an inventory survey on the forests has been
carried out at 85 forest plots with two sizes (20 m × 20 m and 25 m × 25 m). The
measurements include tree height (H, m), diameter breast height (DBH) (cm),
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crown width at two orthotropic directions, first branch height and stand density.
Trees with their DBH below 3 cm were not included in the survey. A set of total 75
forest plots was selected from the measurement database by following criteria:
prevalence of forest plots dominated by Picea crassifolia; forest plots with
independency with one another to avoid the spatial autocorrelation.

2.3

Methodology

2.3.1

The k-NN Algorithm

The k-NN method is one of the most widely known and routinely utilized nonparametric estimation methods for updating different scale forest inventories, even
in complex landscapes (Maselli et al., 2005; Maselli and Chiesi, 2006). The
attractiveness of the method is that it does not depend on the assumptions on the
nature of the relationships linking ground reference forest plot measurement to the
spectral data. Using the forest inventory data, parameters such as total wood
volume, biomass, and age can be calculated for every pixel within the forest area.
The estimated forest parameter value for a specified pixel (Vp) is calculated as a
weighted mean value of the parameter’s measurements of the ith reference pixel (pi)
(Vpi,p) at the k nearest samples in spectral space {i1(p), . . ., ik(p)}:
k

V p = ∑ W pi , pV pi , p

(2-1)

i =1

where Wpi,p are the weights assigned to each of the k samples proportional to the
inverse squared distance (dpi,p) between the pixel to be estimated and the reference:

W pi , p =

1 d pi2 , p

∑ (1 d )
k

(2-2)

2
pj , p

j =1

and dpi,p is multidimensional distance between target and reference pixel.
2.3.2

Multidimensional Distance Measures

The multidimensional distance can be derived in different ways. In this chapter,
three forms of distance measures were used. The first one was Euclidean Distance
(ED), the most used and simplest distance, defined as
d pi , p=
( ED)

T

∑ (x
t =1

pit

− x pt ) 2

(2-3)

where xpit and xpt are the value of the tth feature space variable for pixel p and for
reference plot respectively.
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The second distance was Mahalanobis Distance (MD). Contrary to ED, MD takes
correlations between variables and variances of the variables into account, and
is scale-invariant. The variance-covariance matrix of the feature space variables, C,
is used to correct the factor of the multicollinearity of the feature space variables:
d pi , p ( MD) =
( x pi − x p ) ' C −1 ( x pi − x p )
(2-4)
where xpi and xp are the feature space vector for target and reference pixels
respectively.
The third distance, Fuzzy Distance (FD), enhances the importance of the most
informative bands for the specific parameters to be estimated, which is the
modification of MD where the variance–covariance matrix is computed in a fuzzy
way (Maselli, 2001; Chirici et al., 2008).
d pi , p ( FD) =
( x pi − x p ) ' C *−1 ( x pi − x p )
(2-5)
where C* is the fuzzy variance–covariance matrix,
N

C* =

∑ Fz ( X
j =1

j

j

− M * )( X j − M * ) '
N

∑ Fz j

(2-6)

j =1

where N is number of training pixels, Xj is spectral vector of training pixel j and M*
is fuzzy mean spectral vector of all training pixels,
N

*

M =

∑ Fz
j =1
N

j

Xj

(2-7)

∑ Fz j
j =1

and Fzj is membership grade of each reference pixel j,
Fz j = (2π ) −1/ 2 Dz−1e −1/ 2( Zi − M z )

2

/ Dz

(2-8)

where Zi is value of the parameter at training pixel j, Mz is mean value of the
parameter and Dz is the standard deviation of the parameter.
2.3.3

The Regression Methods

Parametric estimation by multiple linear regression method was also conducted to
some feature types based on SPOT-5, ALOS PAL-SAR data and ancillary inputs.
Considering that there were 21 possible independent variables for the regression
based against LiDAR data (see Section 2.3.5), stepwise multiple linear regression
(SMLR) method was used alternatively to select most significant variables
(probability of F-to-enter = 0.05; probability of F-to-remove = 0.1).
The conventional multivariate regression model can be expressed as follows:
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Yˆ = X 0 + a1 X 1 + ... + ai X i

(2-9)

where Ŷ is the dependent parameter to be predicted, X0 is the intercept, i is the
number of independent variables, a1…i and X1…i are the regression coefficients and
values of independent variables.
In this chapter, Ŷ referred to the forest AGB, X1…i were the remote sensing feature
space variables such as spectral signatures or indices from SPOT-5 HRG,
backscattering coefficients of multi-temporal HH/HV polarization ALOS PALSAR
data and forest structure estimates (i.e., mean tree height, tree height quantiles and
fractional canopy coverage (fc)) from airborne low-density LiDAR data.
2.3.4

Forest AGB Calculation Based on Growth Equations

As the overwhelming tree species is Picea crassifolia in the study area, the
following Picea crassifolia growth equations from Wang et al. (1998b), calibrated
for the study area, were applied to calculate the individual tree AGB.
γ stock = 0.0478 × ( DBH 2 × H )0.8665
(2-10)

γ branch =0.0061× ( DBH 2 × H )0.8905

(2-11)

γ leaf = 0.2650 × ( DBH × H )

(2-12)

2

0.4701

γ fruit = 0.0342 × ( DBH 2 × H )0.5779

(2-13)

Where γstock, γbranch, γleaf, γfruit, are biomass of stock, branch, leaf and fruit (kg),
respectively.
Therefore, the forest plot AGB dataset for training or testing models was obtained
by summing up the total tree AGB in the plot.
2.3.5

LiDAR Data Processing

The low-density LiDAR used in this chapter was processed to generate the digital
elevation model (DEM) and to retrieve the forest structure parameters which were
thereafter submitted to calibrate the SMLR with the forest plot AGB calculated
from the inventories and Eqs. (2-10) ~ (2-13). Firstly, the outliers of LiDAR pulses
(below the nominal ground surface or above the expected canopy height) were
eliminated. After that, the remaining pulses were classified into ground points and
vegetation points. The ground points were removed on basis of iterative slope
analyses by Terrascan and MicroStation software and the vegetation points were
normalized by considering different local terrain conditions. In order to reduce the
influence of the low shrubs, a threshold of 1.3 m was defined to remove normalized
points below it. At the mean time, DEM from ground points and the digital surface
model (DSM) from vegetation points were acquired with 0.5 m resolution, which
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were then used to compute the vegetation height as the difference between the DSM
and DEM. In addition, the 0.5 m DEM was resampled to 20 m for geo-coding
SPOT-5 HRG, ALOS PALSAR data, in order to make it consistent with the other
remote sensing pixel sizes and forest plot sizes.
As AGB estimation is most sensitive to the tree height, the major independent
variables for SMLR in this chapter were the mean height and height quantiles from
LiDAR points (Magnussen and Boudewyn, 1998; Næsset, 2004; Lim and Treitz,
2004). The quantile describes the distribution and location of the sample, expressed
as
P( X ≤ θ p ) =
p
(2-14)
where P(X ≤ θp) is the cumulative distribution function, X is the population, θp is the
quantile of population X at p (0<p<1).
A total of 19 vegetation height quantiles was calculated by sorting the vegetation
points in ascending order at each plot and classifying into classes from p = 5% to p
= 95% (5% interval).
Another independent variable for establishing SMLR was the fractional vegetation
cover fc. All ground and vegetation points (higher than 1.3 m) were interpolated to
generate the raster image. The fractional cover fc was calculated as the ratio of the
number of forest canopy grid cells Gveg (number of vegetation points) over the total
number of grid cells in the raster image Gtol (overall points):
f c = Gveg / Gtol
(2-15)
2.3.6

SPOT-5 Data Processing

The resampled DEM was used to carry out the geo-coded terrain correction (GTC)
process for SPOT-5 HRG image with assistance of the airborne digital camera CCD
image. The geographical error in terms of root mean square error (RMSE) was less
than one pixel size. After GTC process, the original 10 m resolution SPOT-5 HRG
data was resampled to 20 m. Next, topographic normalization was carried out by the
sun-canopy-sensor plus C (SCS+C) method (Soenen et al., 2005) and finally
atmospheric correction was carried out by the FLAASH module in ENVI software.
2.3.7

ALOS PALSAR Data Processing

As the level 1.1 ALOS PALSAR data is single look complex (SLC) product, the
general pre-processing methods such as Radiometric Calibration, Multi-looking,
GTC and terrain radiometric correction (TRC) were performed on these three
temporal datasets. Similar to the procedure described in Section 2.3.6, the
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resampled DEM was applied in the GTC and TRC processes for these SAR datasets
with 20m × 20m resolution. In this chapter, only the HV polarization was used in
the forest AGB estimation, because the HV polarization of 27 June image showed
to have the highest correlation with AGB.
It should be mentioned that only a small part of the SPOT-5 and ALOS PALSAR
images were processed in this chapter, notably the part that was covered with the
airborne LiDAR.
2.3.8

Ancillary Data Preparation

The training data for the k-NN analyses and the regression was stored in a table
with 75 rows (one for each forest plot) and columns containing geographic location,
the field estimates of forest plot AGB, and individual tree inventories. A forest type
map was generated from the airborne CCD image and for the DEM used in k-NN
feature types, the 20 m LiDAR product was used.
2.3.9

Optimization of k-NN

A comprehensive test of various configurations was performed by the LOO crossvalidation procedure, to investigate the effects of the k-NN configuration on forest
AGB estimation accuracy. In these configurations, both the input data (‘feature
types’) and mathematical setup (k value and distance measure) of the algorithm
were varied. All combinations of different input and distance measures were
evaluated, resulting in a total of 300 configurations (Table 2-1). In this way the
most valuable data source and the most suitable setup could be identified.
Table 2-1 k-NN configurations used in this chapter.
k
Distance
Feature Type
Value Measures
ED, MD,
1-10
(1) 4 SPOT-5 HRG bands
FD
(2) 4 SPOT-5 HRG bands, IRI, DEM
(3) 2 PC bands, IRI, DEM
(4) 2 PC bands, IRI, DEM, single
ALOS PALSAR HV
(5) Multi-temporal ALOS PALSAR
HV, DEM

Feature Extraction
Method
Pixel-wise, 3 × 3

The feature types that were varied included different original spectral or
backscattering information, derived indices and ancillary information composition.
Five different compositions were used: (1) the full original SPOT-5 HRG spectrum,
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(2) feature type (1) plus the most sensitive ancillary information: the Infrared Index
(IRI) and DEM, which was determined by SMLR process from all the ancillary
information (including IRI, Normalized Difference Infrared Index, DEM and
slope), (3) the most significant principle components (PC) and ancillary
information, (4) feature type (3) plus the most sensitive ALOS PALSAR
polarization, (5) multi-temporal ALOS PALSAR HV polarizations and DEM. The
first two PC of the SPOT-5 HRG image were selected because they can describe
97.3% of the original spectral variance. Only HV polarization of ALOS PALSAR
was used, because the HV polarization showed much more sensitive to forest AGB
estimation than HH polarization.

2.4 Results and Discussion
2.4.1 Evaluation of k-NN Configurations

0.8

35

0.7

32

RMSE (ton/ha)

Correlation (R)

The comparison of configurations of mathematical setup showed that the pixel-wise
extraction method performed consistently worse than the 3 × 3 window extractions.
For this reason, the results presented hereon concern 3 × 3 window extractions only.
All results of the 3 × 3 window extraction method are shown in Fig. 2-2, together
with the results of LOO tests. All factors (feature types, multidimensional distance
measures, number of k nearest neighbours, and the extraction methods) affected the
performance of k-NN estimates. The optimal k-NN configuration was decided by
the Pearson correlation index (R) and root mean square error (RMSE) between kNN estimates and measured forest AGB values calculated on the basis of LOO
procedure. The optimal k-NN configuration for each feature type is shown in Table
2-2.
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Fig. 2-2 Correlation R (left) and RMSE (right) of LOO tests on the k-NN configurations.

The best configuration was that one with k = 5, the MD measure, the feature type
(3) using the first two principal components and IRI from original 4 SPOT-5 HRG
bands augmented with the DEM information. This configuration generated the most
accurate estimates with R = 0.69 and RMSE = 20.70 tonnes ha-1.
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The mathematical setup was analysed further by averaging the results per distance
measure and per value of k. Fig. 2-3 plots the performance of the distance measures
versus k. It was clear that until k = 5, the RMSE consistently decreased with
increasing k. The estimations with MD measure were better than the others, except
when k = 1. The MD and FD configurations converge for higher values of k, while
ED performed consistently worse than the other two for all values of k > 1.
Between k = 1 and k = 5, the differences in the accuracy of three distance measures
was high, up to 0.12 for R and 2.1 (tonnes ha-1) for RMSE.
Additional test (not shown here), indicated that topographically and atmospherically
correction of the satellite images was necessary, as uncorrected inputs produced
significantly poorer results.
Table 2-2 Results of optimal k-NN estimations assessed by LOO procedure.
Feature
k
Distance
R
RMSE
Type
Value
Measures
(tonnes ha-1)
(1)
3
ED
0.53
24.06
(2)
3
MD
0.59
22.83
(3)
5
MD
0.69
20.70
(4)
4
FD
0.60
22.90
(5)
6
MD
0.45
24.80
ED

MD
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Fig. 2-3 Correlation R (left) and RMSE (right) of the best performance for each
distance measure.
2.4.2 Estimations of Regression Models
Six tests were carried out for all feature types, and mean height, height quantiles,
and fc from LiDAR points. For the first five regressions, the total reference data
from 75 plots was divided into training (38 plots) and test set (37 plots) by nearly
half and half by stratified sampling according to the forest AGB grades. For the last
regression, based on the estimates from airborne LiDAR data, 2/3 of reference data
was used for training and the remainder for validation by stratified sampling as
well. For feature type (1), the fitting model was:
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=
Yˆ 268.777-2430.849 × r1 +491.658 × r2 - 655.479 × r3 + 61.646 × r4

(2-16)

-1

with R = 0.48 and RMSE = 39.6 tonnes ha reported by validation process (r1~r4
are the reflectance of SPOT-5 HRG band1-band 4 respectively).
For feature type (2), the resulting regression model was:
=
Yˆ 117.996 + 201.006 × r1 − 598.644 × r2 − 2160.15 × r3 + 2582.402 × r4 + 513.733 × iri
− 0.026 × dem

(2-17)

with R = 0.52 and RMSE = 39.1 tonnes ha-1 (iri is IRI information from SPOT-5
HRG and dem is elevation).
For feature type (3), the resulting regression model was:
=
Yˆ 506.247 − 642.741× pc1 − 1859.338 × pc2 − 302.520 × iri − 0.078 × dem (2-18)

with R = 0.56 and RMSE = 37.4 tonnes ha-1 (pc1 and pc2 are PCS 1 and 2
respectively).
Based on feature type (4), the regression model was derived as:
Yˆ =418.08 − 619.837 × pc − 436.592 × pc − 264.164 × iri − 0.042 × dem − 118.892 × σ
1

2

hv

(2-19)
with R = 0.49 and RMSE = 28.3 tonnes ha-1 (σhv is the most sensitive HV
polarization of the three temporal ALOS PALSAR intensity data).
For feature type (5), the resulting regression model was:
=
Yˆ 318.641 − 33.216 × σ − 26.175 × σ +65.021× σ
hv1

-1

hv2

hv3

− 0.043 × dem (2-20)

with R = 0.43 and RMSE = 40.8 tonnes ha (σhv1, hv2, hv3 are HV polarization of the
three temporal ALOS PALSAR intensity data).
On the basis of LiDAR’ estimates of mean height, height quantiles and fc, the
following regression model was found:
(2-21)
Yˆ =
−9.013 + 10.812 × H mean +25.105 × f c
with R = 0.84 and RMSE = 15.24 tonnes ha-1 (Hmean is the mean tree height).

The regression that included the airborne LiDAR clearly outperformed all others,
and showed a high correlation coefficient of 0.84 and low RMSE of 15.20 tonnes
ha-1.
2.4.3

Comparison of Results from The Best k-NN Configuration and LiDAR

The promising result of the regression including the LiDAR data was further
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compared to the best result of the k-NN analyses (in which no LiDAR data were
used). This enabled this chapter to evaluate the applicability of the k-NN approach
with SPOT-5 data further than possible with the 75 field sites only. Now, a pixelby-pixel comparison can be carried out, thus fully exploiting the information of the
LiDAR data.

Fig. 2-4 Relative difference map between the best k-NN and LiDAR estimations of
forest AGB (in tonnes ha-1).

Fig. 2-5 Histogram and accumulative probability distribution of the relative difference
map.
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The pixel-wise difference between the two methods (regression with LiDAR and kNN without LiDAR) is shown both spatially (as a map) and statistically (as a
histogram) in Fig. 2-4 and Fig. 2-5. The non-parametric k-NN estimation was close
to the retrieval from LiDAR data with only a few exceptions. These exceptions
were found in valley and ridge areas where the forests are very sparse and it is
usually mixed with shrubs and grass. In these highly heterogeneous areas, the k-NN
tended to largely overestimate the forest AGB using the SPOT-5 HRG image,
causing high relative differences between SPOT-5’s and LiDAR’s retrievals (with a
maximum of about 4). It was, however, also possible that the deviations were
caused by the LiDAR data.

2.5

Discussion

Two kinds of advantages of the k-NN method used in this chapter need to be
mentioned. The first advantage is that the non-parametric k-NN maps the forest
AGB with sufficient accuracy to assist the forest inventory. To obtain the inventory
in the cold and arid HRB, it is extremely labour intensive. The second advantage is
that the LOO optimization procedure to determine the best k-NN configuration
makes the estimation robust and largely reduced the random discrepancies normally
produced by training and test dataset separation from reference data. The procedure
does not require the separation of the data into a training and a validation data set,
the choice of which usually affects the validation evaluation result.
The results showed that the inclusion of more informative variables did not
necessarily make the estimation better. On the contrary, the feature type with
SPOT-5’s compact principle components augmented by IRI and DEM
outperformed the synthesis of SPOT-5’s PC and ALOS PALSAR HV polarization
combined with IRI and DEM. This has several reasons. First, the regression
analyses showed that forest AGB was less sensitive to the HV polarization than to
other features. Second, the terrain correction for SAR data could only reduce, but
not eliminate the influence of the topography in this area. As mentioned in Section
2.2, the forests mainly exist in the shadow slopes which are also the shadows for
ALOS PALSAR data.
It is necessary to restate that there are two kinds of forest plot with 20m × 20m and
25m × 25m size respectively, measured during the campaign, and as general, the
plot geographic boundary may overlay several pixel grids. This explains why the 3
× 3 window extraction method performed better than the pixel-by-pixel comparison
with ground data.
For k > 5, there seems no clear relationship between the value for k and estimation
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performance. Higher values of k imply averaging over a larger number of ground
measurements. This results in values for AGB that move away from the extreme
values in the ground dataset (in this chapter, the minimum value was 18 tonnes ha-1
and the maximum 175 tonnes ha-1). This averaging effect becomes smaller with
increasing k.
The comparison of distance measures showed that MD and FD outperformed the
simplest ED measure (for k>1). As previous studies mentioned (Maselli, 2001;
Chirici et al., 2008), small modification of the variance-covariance matrix normally
could enhance the importance of the most informative input variables without
hindering the stability of the response variables. However, when the information
content of the feature space variables is relatively uniform, the improvement
becomes marginal. In this work, large differences between FD and MD occurred for
values of k between 2 and 5, suggesting that the information content of the feature
space was inhomogeneous.
Although the regression estimation is easier to perform than k-NN, it requires that a
statistical relationship between the measurements and feature space variables exists.
This chapter made it clear that the relationship of the forest AGB measurements and
remote sensing observation was rather variable, resulting in poor results for the
regression.
As airborne LiDAR has the unique advantage in deriving the tree height which is
most sensitive to the forest AGB in most cases, it is always expected to derive the
best forest AGB results among various remote sensing data sources. In this chapter,
the best result was achieved from LiDAR data by SMLR based on the estimates of
mean height, height quantiles and fc, without exception. The regression procedure
indicated that the significant independent variables were the mean tree height and
fc.
This chapter suggests that, when more accurate forest AGB is required, the use of
high-density airborne LiDAR cloud points or full wave form LiDAR observations
are highly valuable due to their precision. In that way, sufficient information on
individual trees could be derived, which would be more robust than statistical
analyses as performed in this chapter.

2.6 Conclusion
This chapter estimated above ground forest biomass (AGB) from SPOT-5 data,
using a non-parametric method trained with field data for a remote forested area
with satisfactory accuracy (R = 0.69, RMSE = 20.70 tonnes ha-1). The results did
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not improve when ALOS PALSAR HV information was added, but declined. The
terrain influence hindered the predictable ability of the ALOS PALSAR data,
independent of the method that was chosen to include the data.
A comparison of the results of the non-parametric method with estimates based on
airborne LiDAR, showed that the accumulative distribution probabilities for the
relative difference of 0.3 and 1.0 are below of 50% and 85% respectively (Fig. 2-5),
which casts a promising light on the application of k-NN method for forest
inventory in this cold and arid area.
The non-parametric method used in this chapter might be more applicable to areas
where forests are more homogenous. Even though the forests in the study area
consist of only one dominant tree species, they are still heterogeneous and
fragmented because of the cold and arid environment. The non-parametric forest
AGB results obtained in this area encourage further interests to investigate other
forest attributes (i.e., basal area and LAI) with this method.
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Abstract
In this chapter, the results of above-ground biomass (AGB) estimates from Landsat
Thematic Mapper 5 (TM) images and field data from the fragmented landscape of
the upper reaches of the Heihe River Basin (HRB), located in the Qilian Mountains
(QMs), are presented. Estimates of AGB are relevant for sustainable forest
management, monitoring global change, and carbon accounting. This is particularly
true for the QMs, which are a water resource protection zone. This chapter
combines forest inventory data from 133 plots with TM images and Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) global digital
elevation model (GDEM) V2 products (GDEM) in order to analyse the influence of
the sun-canopy-sensor plus C (SCS+C) topographic correction on estimations of
forest AGB using the stepwise multiple linear regression (SMLR) and k-Nearest
Neighbour (k-NN) methods. For both methods, the results indicated that the SCS+C
correction was necessary for getting more reliable forest AGB estimates within this
complex terrain. Remotely sensed AGB estimates were validated against forest
inventory data using the leave-one-out (LOO) method. An optimized k-NN method
was designed by varying both mathematical formulation of the algorithm and
remote sensing data input, which resulted in 3000 different model configurations.
Following topographic correction, performance of the optimized k-NN method was
compared to that of the regression method. The optimized k-NN method (R2 =
0.59, root mean square error (RMSE) = 24.92 tonnes ha–1) was found to perform
much better than the regression method (R2 = 0.42, RMSE = 29.74 tonnes ha–1) for
forest AGB retrieval over this montane area. The results indicate that the optimized
k-NN method is capable of operational application to forest AGB estimates in
regions where few inventory data are available.
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3.1

Introduction

In Chapter 2, forest measurements were integrated with multi-parameter remotesensing data from the Satellite Probatoire d’Observation de la Terre-5 (SPOT-5)
high resolution geometrical (HRG) and also L-band advanced land observation
satellite (ALOS) phased array type L-band synthetic aperture radar (PALSAR) data,
to investigate the feasibility of parametric and non-parametric methods for
estimating forest AGB. This work was conducted within an airborne campaign area,
in the small watershed of the Heihe River Basin (HRB) in northwest China.
In fact, for both parametric and non-parametric methods, a well-known drawback is
that predictions outside the range of reference data inherently result in large
uncertainties (McRoberts, 2009; Magnussen et al., 2010; Baffetta et al., 2012;
Breidenbach et al., 2012). Therefore, that the range of variability in forest AGB in
the region under study is represented in the reference data (i.e. in the forest
inventory data used to train the algorithm) is often considered to be important. As a
result, relationships between forest measurements and remotely sensed
representations should be established for a large population of forest inventory data.
Such a prerequisite is particularly problematic for parametric methods. If simple
linear or nonlinear regression formulae are built on a few field measurements
located within a large area and if the independent variables are measured with error,
the range of AGB will be suppressed and the variation underestimated. Since
multispectral signals saturate at low forest AGB levels, the fitted results will be
worse when applying multispectral remote-sensing data. All of this is less of a
problem for non-parametric models. For the non-parametric k-Nearest Neighbour
(k-NN) algorithm, the k ‘nearest’ pixels within the training set and the smallest
values of spectral distance measured, d, are used to compute the AGB of the
remote-sensing pixel as a weighted average, which, to some extent, may alleviate
the impact of the small range of variability.
One of the main reasons for performing the work of this chapter is that the forests in
the upper reaches of the HRB are essential for soil and water conservation, water
resource protection, and hydrology regulation. The HRB serves as the ‘water tower’
for downstream urban areas and agriculture in an otherwise extremely dry region.
Since the 1990s, the HRB has been used as a scientific study region for integrated
watershed and land-atmosphere studies. Comprehensive experiments such as the
Heihe Basin Field Experiment (HEIFE) (Hu et al., 1994), Watershed Allied
Telemetry Experimental Research (WATER) (Li et al., 2009a), and Heihe
Watershed Allied Telemetry Experimental Research (HiWATER) (Li et al., 2013b)
have been conducted. However, a forest resource monitoring study for the entire
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Qilian Mountain region has not yet been conducted. In Chapter 2, SPOT-5 HRG
data only covered a portion of the area. In an attempt to extend the approach to a
larger area, this chapter considered that the Landsat Thematic Mapper (TM)
provides more useful spectral information for estimating forest structure than SPOT
HRV, albeit with a poorer spatial resolution (Cohen and Spies, 1992; Labrecque et
al., 2006). Therefore, for the task of routinely monitoring forest resources, TM
imagery may be a useful alternative to expensive SPOT-5 images. Here, this
chapter examines forest AGB using free and long-time-continuity TM imagery of
the complex montane region of the upper HRB. Since data sets of field
measurements are still relatively small, the leave-one-out (LOO) method is used for
assessing prediction errors. Since it is almost unbiased, LOO is frequently used as a
statistical estimator for the performance of a learning algorithm (Lachenbruch, 1967;
Arlot and Celisse, 2010; Meijer and Goeman, 2013).
The goals of this chapter were to: (i) introduce an effective radiometric terrain
correction in order to alleviate the impacts of topographical environments on
quantifying the montane forest AGB; (ii) apply regression and k-NN methods to
TM images for mapping the regional forest AGB; and (iii) test the estimation
abilities of regression methods and different configurations of the k-NN algorithm
with and without radiometric terrain rectification. The performance of the
regression and k-NN methods was systematically compared and evaluated using the
LOO. Finally, the optimal k-NN configurations were conducted for estimating the
regional forest AGB.

3.2

Ground and Remote Sensing Data

Apart from the forest inventory conducted within the airborne campaign area
(introduced in Section 2.2), another measurement for 58 circular forest plots (with
diameters ranging from 10 m to 28 m) were used in this chapter. Using the
following criteria, a total of 133 forest plots were selected from the measurement
database: (1) the prevalence of forest plots dominated by Picea crassifolia and (2)
forest plots with geographic independency with one another required to avoid
spatial autocorrelation. Picea crassifolia is the most prevalent tree species within the
study area. According to the inventory records, it occupies 99.39% of total
measured trees (8667 trees), and therefore, the Picea crassifolia growth equations
from Wang et al. (1998b), calibrated for the study area, were applied for calculating
the forest plot AGB.
For remote-sensing data, four scenes of TM images with ortho-rectification (L1T
products on 17 July 2009 17 July 2009, and two on 11 August 2009) that fully
spanned the QMs were acquired from the United States Geological Survey (USGS)
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(http://glovis.usgs.gov). Corresponding Advanced Spaceborne Thermal Emission
and Reflection Radiometer (ASTER) global digital elevation model (GDEM) V2
(GDEM, 30 m) products were obtained from the Japan Aerospace Exploration
Agency (JAXA) (http://gdem.ersdac.jspacesystems.or.jp). Altitude information was
used as an auxiliary for estimating forest AGB. To alleviate terrain impacts on
forest AGB retrieval, GDEM products were also used to obtain the sun-canopysensor plus C (SCS+C) topographic correction (Soenen et al., 2005). TM images
were further processed using radiometric and atmospheric correction (FLAASH
model) (Adler-Golden et al., 1999), radiometric terrain correction, and
normalization processes in preparation of forest discrimination and forest AGB
retrieval.

3.3

Methodology

3.3.1

The SCS+C Radiometric Terrain Correction

Determining topographic effects on classification, image interpretation, and
parameter estimation requires quantitative information from satellite imagery and is
still problematic. This problem can be very serious in mountainous areas due to
large variations in the sun incident angle relative to the ground slope (Ghasemi et al.,
2013).
In this chapter, the Sun-Canopy-Sensor Plus C (SCS+C) correction model (Soenen
et al., 2005), a modification of the SCS model (Gu and Gillespie, 1998), was
employed. For this model, the parameter Cτ (defined in Eq. (3-3) below) was added
to the C-correction method. The topographically corrected radiance (TCR), ρH, was
then calculated using the following equations:
ρ (cos θ P cos θ Z + Cτ )
(3-1)
ρH = T
(cos γ i + Cτ )
where ρT is the radiance of the uncorrected pixel, θP is the terrain slope of the pixel,
θZ is the solar zenith angle, γi is the incidence angle, and a linear relationship exists
between the ρT and the cosγi of the following form:
(3-2)
ρT = aτ + bτ cos γ i
The parameter Cτ is a function of the regression slope (bτ) and the intercept (aτ), as
follows:
Cτ =

aτ
bτ

cos γ i = c os θ P cos θ Z + sin θ P sin θ Z cos(ω )

(3-3)
(3-4)
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where ω is the difference between the solar azimuth angle (θa) and the surface
aspect of the slope angle (θS).
The values of θP, θZ, γi, and θa can be obtained from the metadata or header file of
the remote sensing image (in this case: the TM image) and θS can be derived from
digital elevation model (DEM) information (in this case: the GDEM).
Cτ was used to better characterize diffuse sky irradiance (the downwelling spectral
irradiance at the surface due to scattered solar flux in the atmosphere). As a result,
this treatment can reduce the overcorrection of faintly illuminated pixels (Soenen et
al., 2005; Dimitrov and Roumenina, 2013). In this chapter, the constant, Cτ was
only added for coniferous forests (Picea crassifolia). Approximately 14,000 pixels
randomly selected from four scenes (roughly 3 500 pixels for each) were used, and,
for each pixel, the radiances in the six bands and the cosγi were extracted. Finally, a
separate value for Cτ was determined for each spectral band.
3.3.2

Forest Discrimination

To reduce the influence of the other vegetation types (i.e. pastures, shrubs) on
estimations of forest AGB, the generation of a forest/non-forest map is necessary
for identifying target pixels in TM images. Due to the complex terrain and the
fragmentized landscape, this chapter opted for a decision-tree classifier for
discriminating between forest and non-forest by integrating TM images with
GDEM information. Classification of vegetated and non-vegetated areas was
performed using the ratio of TM bands 4 and 3. Due to strong absorption by
chlorophyll in the red band and strong reflection by mesophyll tissue in the near
infrared band, the ratio of the reflectance in the near infrared band to that in the red
band is high for vegetation; in other words, the ratio vegetation index (RVI) is high
and is clearly different from that in non-vegetated areas. Generally, the RVI is
higher than 2.0 in vegetated areas and lower than 2.0 in non-vegetated areas. As a
result of comparative analyses, the mean texture information of the fourth band was
helpful for further distinguishing forests (≤2.5) from the other vegetation types
(>2.5). Moreover, as mentioned previously, niches of Picea crassifolia only exist
between 2500 m and 3300 m. Using GDEM information, forest/non-forest
categories can finally be determined (see Fig. 3-1). A total of 133 forest plots and
43 polygons (with sizes of about 100–600 pixels each) were chosen from highresolution images in Google Earth for the validation. The criteria for selecting the
test polygons were based on visual interpretation of the aerial photographs (the
CCD images in Section 2.2) and archive forest compartment map (2003–2007). The
overall accuracy of the forest/non-forest map (see Fig. 3-2) was 90.88%, with the
value of the kappa coefficient being 0.81 (Table 3-1).
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Fig. 3-1 The decision tree for the forest and non-forest classification (RVI is the ratio
vegetation index; M4 is the mean texture of band 4 of TM image).
Table 3-1 Confusion matrix for the forest/non-forest map.
Producer`s
Forest Non-forest Total
Class
Accuracy (%)
6017
613
6630
91.68
Forest
546
5538
6084
88.99
Non-forest
6563
6151
12714
Total
0.81
Kappa Coefficient

User`s
Accuracy (%)
89.80
91.03
90.88
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Fig. 3-2 The forest/non-forest map of the study area.

3.3.3

Regression Method

Stepwise multiple linear regression (SMLR) is a classical parametric method. For
this chapter, the remote-sensing signals and the indices were the independent
variables and the forest AGB was the dependent variable. The goal of retrieving
AGB in this way was to be able to compare the results with and without a
radiometric terrain correction, and the results of k-NN estimates with those of a
conventional parametric method.
Multicollinearity commonly exists between different types of remote-sensing
information and tends to degenerate the quality of parameter retrievals. In order to
estimate vegetation parameters, a large number of vegetation indices, geographic
details, and texture information should be included in the regression. To address
this issue, Tasseled Cap transformation and principal component (PC) processes
were conducted, and multiple vegetation indices such as the infrared index (IRI),
the normalized difference vegetation index (NDVI), the RVI, and others, were
calculated. Some important texture information (i.e. mean, variance, homogeneity,
contrast, dissimilarity, entropy, second moment, and correlation) for each band
within the TM image were extracted using the co-occurrence module in the ENVI
software (Exelis Visual Information Solutions, Inc., Boulder, CO, USA). In
addition, some terrain details (i.e. aspect, slope, and altitude) were extracted from
the GDEM. By selecting the most significant variables (the probability of F-to-enter
= 0.05; the probability of F-to-remove = 0.1), a total of 88 feature variables were
collected and the SMLR was executed in order to establish the regression
relationship between these variables and the forest AGB.
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3.3.4

The k-NN Method

The k-NN technique is a non-parametric, multivariate approach for processing
observations or combinations of observations from sampling units for obtaining
estimations or mapping units (McRoberts et al., 2007; McRoberts, 2012;
Gilichinsky et al., 2012). The attractiveness of the method is that it is distribution
free in that it does not rely on any underlying probability distribution for
estimations, but on forest conditions (Mattioli et al., 2012). When there is good
representation of ground sample plots, the method has performed well for biomass
estimations. As a result of this performance, the technique is widely used
(Labrecque et al., 2006). The detailed expressions of k-NN and the related
multidimensional distance measures were given in Section 2.3.1 and Section 2.3.2.
3.3.5

Construction of An Optimal k-NN

Similar optimization of k-NN as that in Section 2.3.9 was performed except for the
inputting feature space variables. Regarding feature space variables, 10 different
compositions were composed by comparing the sensitivities of 88 feature variables
to the forest AGB. These 10 combinations of feature space variables were used in
combination with the three types of distance measure same as those in Section 2.3.9;
k varied from 1 to 25 and the window sizes from 1 × 1 to 7 × 7 (pixels), resulting in
a total of 3000 configurations (Table 3-2) that were tested.
Table 3-2 The k-NN configurations used in this chapter.
k
Value
1-5

Distance
Measures
ED, MD,
FD

Feature Type
(1)Altitude, M4, W, B5, B7

Feature Extraction
Method
Pixel-wise; 3 × 3, 5
×5 and 7 × 7 window

(2) Altitude, IRI, NDVI, PC1–PC3
(3) W, ARVI, IRI, B3, B4, B5
(4) IRI, NDVI, PC1–PC3
(5) Altitude, W, S5, E7
(6) Altitude, M4, W, PC3s
(7) Altitude, IRI, W, M4, E7, B4/B7
(8) Altitude, IRI, ARVI, B2/B7, B4/B7, M5
(9) Altitude, IRI, B2, B5, B7
(10) Altitude, PC1–PC3, M4, B2/B7

Since they can describe 95.6% of the original spectral variance, the first three PCs
of the TM images were selected. The optimal k-NN configuration was determined
with pixel-wise accuracy of the estimates with the highest Pearson correlation index
(R) and the lowest root mean square error (RMSE). Finally, the best-performing k-
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NN configuration (out of the 3000 judged based on LOO performance) was selected
for estimating and assessing AGB over QMs.

3.4

Results

3.4.1

The Regression Estimation

The consideration of 88 possible independent variables from the TM and GDEM
data, and from the SMLR with strict control parameters (probability of F-to-enter =
0.05; probability of F-to-remove = 0.1), was done in order to determine sensitive
variables for fitting the regression of forest AGB. To analyse the influence of the
terrain on quantitative retrieval, two regressions were established using feature
variables from the uncorrected and corrected (processed by SCS+C) TM data. With
respect to this process, the range of variability in the measured forest AGB should
correspondingly represent both training and test set. Therefore, the complete
reference data set from the 133 plots was divided into a training set (88 plots) and a
test set (45 plots) – representing, therefore, nearly two-third and one-third of the
plots, respectively – using a stratified sampling method based on forest AGB grades.
As the forest AGB range was 18.85 tonnes ha-1 to 220.65 tonnes ha-1, the reference
data was separated into five subclasses (50 tonnes ha-1 per stratum): 0–50 tonnes ha1
, 51–100 tonnes ha-1, 101–150 tonnes ha-1, 151–200 tonnes ha-1, and 201–250
tonnes ha-1. Within each subclass, the reference data were randomly assigned to
either the training or test data set in the ratio of approximately 2:1.
Without SCS+C, the fitting model was, as follows:
Yˆ = 652.685 - 0.195 × DEM +62.662 × S7 +0.772 × SP

(3-5)
which had a modeling accuracy corresponding to of a coefficient of determination,
R2, equal to 0.50 and an RMSE of 26.74 tonnes ha-1. (DEM and S indicate the
altitude and the slope derived from the GDEM, respectively; and S7 is the texture of
the second moment in TM band 7).
In contrast, using SCS+C, the following regression model was derived:
Yˆ = 4235.235 - 0.199 × DEM - 81.107 × M5 - 41.238 × S7

(3-6)
For this model, R = 0.53 and RMSE = 25.99 tonnes ha . (Here, M5 is the mean
texture of TM band 5.)
The two regressions above were validated at the pixel level using the selected test
set. It could be seen that the model that incorporated variables from the SCS+Ccorrected TM textures (with R2 = 0.33 and RMSE = 26.44 tonnes ha-1) performed
better than the uncorrected model (with R2 = 0.15 and RMSE = 29.73 tonnes ha-1)
(see Fig. 3-3). The mean percentage errors (MPEs) for these two models were
24.15% and 26.32%, respectively. Following the SCS+C process, the independent
2
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variable changed from ‘S’ to ‘M5’ by regression model implying that slope impacts
on the estimation may be alleviated.

a

b

Fig. 3-3 The fitted results of the measured and predicted value based on a stepwise
multiple linear regression (the dashed line is a 1:1 fit; (a) Without the SCS+C
correction; (b) with the SCS+C correction).

As expected, the estimated accuracy of the parametric method was, in all cases,
quite low due to limitations linked to radiometric deviations in the remote-sensing
data. Moreover, the complexity of the relationships between forest features and
relevant TM reflectance or induced indices affected the performance of the
parametric model (Maselli and Chiesi, 2006). As with other regions of northwest
China, due to biophysical controlling factors (soil fertility, soil water, topography,
and altitude), the forest features in the Qilian Mountains (QMs) tend to vary
significantly over a very small area. As seen in Fig. 3-3, the deviations of the model
output from the field data were large.
Although a radiometric terrain correction was performed and the results improved
as compared to the uncorrected model, routine monitoring of the forest AGB using
this parametric method is not an option.
3.4.2

The k-NN Estimation

Considerable variation was found in the quality of the k-NN model output,
depending on the mathematical set-up and the selected feature space variables.
Concerning the mathematical framework, the 5 × 5 window extraction clearly
outperformed all of the other sampling methods (not shown). For this reason,
presentation of the results here is limited only to the 5 × 5 window sampling size.
The results of the testing using the LOO procedure, for the 5 × 5 window sampling
size, are shown in Fig. 3-4. As mentioned, the accuracy of the various k-NN
configurations varied a lot. Feature type 8 consistently outperformed all the others,
while the prediction accuracy of feature type 4 was always inferior to that of the
others.
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Fig. 3-4 The R2 and RMSE of the different k-NN configurations.

For each feature type listed in Table 3-2, the optimal k-NN configuration and the
results were compared (Table 3-3). The values of k between 10 and 14 for features
(3), (4), and (9); and the value of k neighbours between 4 and 7 for the other
features were determined using the optimized process. The best configuration was
as follows: k = 4; distance measure MD; feature (8) using the IRI; the
atmospherically resistant vegetation index (ARVI); ratios of band 2 to band 7 and
band 4 to band 7; and the mean texture of band 5 augmented with DEM information
from the GDEM. This configuration generated the best estimates, with R2 = 0.59,
RMSE = 24.92 tonnes ha-1, and MPE = 20.75%. In contrast, the optimized
configuration with k = 12, the MD measure, and feature (4) composed of the IRI,
the NDVI, and the first three PCs produced the poorest estimates for forest AGB,
with R2 = 0.28 and RMSE = 33.40 tonnes ha-1. The difference in the accuracy of the
two configurations above is high – 0.31 for R2 and 8.48 tonnes ha-1 for RMSE. All
of the features were mathematically optimized using the MD measure, with the
exception of feature (3), which performed a little better than the worst ‘optimal’
configuration. Additional configurations differed marginally with values of R2
between 0.42 to 0.45 and the RMSE varying from 29.67 to 29.08 tonnes ha-1.
Table 3-3 The results of optimal k-NN estimations assessed using the LOO crossvalidation procedure for each feature vector (feature type).
Feature type k value Distance measure R2
RESM (tonnes ha-1)
(1)
5
MD
0.45
29.11
(2)
5
MD
0.43
29.59
(3)
10
MD
0.33
31.99
(4)
12
MD
0.28
33.40
(5)
4
MD
0.45
29.17
(6)
7
MD
0.45
29.08
(7)
4
MD
0.43
29.50
(8)
4
MD
0.59
24.92
(9)
14
MD
0.43
29.57
(10)
7
MD
0.42
29.67
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(a)

(b)

(c)

(d)

Fig. 3-5 The R2 ((a) and (b)) and RMSE ((c) and (d)) of the three distance estimations
based on uncorrected and corrected Feature (8) in Table 3-1 (where ED is the Euclidean
Distance, MD is the Mahalanobis Distance, FD is the Fuzzy Distance, (a) and (c) are
provided without the SCS+C correction, and (b) and (d) with the SCS+C terrain
correction).

The mathematical set-up was analysed further by comparing the results for the
different distance measures used and different values of k. In order to analyse the
influence of the SCS+C correction on forest AGB estimations, the model
performance was plotted against the value of k for the different distance measures
for both terrain- corrected and uncorrected feature (8). The results are shown in Fig.
3-5, illustrated in terms of both R2 and the RMSE. Clearly for the MD and FD, the
terrain-corrected feature vector consistently outperformed the uncorrected feature.
Interestingly, it was determined that for one case, the terrain-corrected variant
performed worse than the uncorrected variant (lower R2 and higher RMSE) for the
case of the ED measure. The overall accuracies when using the ED for both feature
vectors were much lower than when the other two distance measures were used.
For all of the distance measures, R2 initially increased and the RMSE decreased
with increasing k, until a particular value of k was reached. For example, the MD
performed best at k = 5 for the uncorrected feature input, and at k = 4 for the
corrected feature input. The performance of the ED changed for corrected and
uncorrected feature vectors in the similar manner. FD was inferior to MD for the
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corrected feature vector, but slightly better than MD when k >9.

Fig. 3-6 The grade distribution of forest AGB over the QMs.

The best optimized k-NN algorithm out of 3000 configurations was applied in order
to derive forest AGB over the QMs. As shown in Fig. 3-6, AGB decreased with
increasing altitude and latitude, and increased with increasing longitude. The
pattern is similar to that reported by Peng et al. (2011). Validated by the LOO
method on the basis of 133 forest plot measurements (see Fig. 3-7), the overall
accuracy of forest AGB retrievals was satisfactory. The slope of the graph plotting
the field AGB against the remotely sensed AGB was approximately 1, and the
offset was 25.04 tonnes ha-1. Differences between the two estimates were much
smaller than those estimated by the other configurations.
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Fig. 3-7 The cross-validation of the optimum k-NN estimation using the SCS+C process
(the dashed line represents a 1:1 fit).

Fig. 3-8 The cross-validation of the optimum k-NN estimation without a SCS+C process
(the dashed line represents a 1:1 fit).

To illustrate the influence of SCS+C correction on the montane forest AGB for the
k-NN model, validation for the uncorrected feature (8) was also conducted (Fig. 38).With a larger deviation (MPE = 21.67%), the overall accuracy of this feature
vector (R2 = 0.52 and RMSE = 27.08 tonnes ha-1) was a little lower than for the
corrected one. This indicates that the SCS+C process had a positive influence on
forest AGB estimations using the TM data.
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3.4.3

A Comparison of The Performance of The Two Methods

Based on terrain compensatory feature variables, the results of applying the
optimized k-NN configuration (with feature (8)) were also compared to those
produced using the SMLR method. To compare the results of the two methods, the
LOO was also applied to validate the SMLR results. As expected, the performance
of the SMLR was worse than that of the k-NN, with R2 = 0.42, RMSE = 29.74
tonnes ha-1, and MPE = 26.20% (Fig. 3-9). In particular, the k-NN method better
reproduced the lowest and highest values of the forest AGB than the SMRL method.
This was most obviously the case in highly heterogeneous areas such as valleys and
ridges where the forests were very sparse and usually mixed with shrubs and grass.
In these places, large divergence between the SMRL method and field data occurred.
The k-NN method performed better for these areas, although the problem was not
completely resolved.

Fig. 3-9 The cross-validation results of the stepwise multiple linear regression (the
dashed line is a 1:1 fit).

3.5

Discussion

The most relevant issues to consider when estimating forest AGB over montane
areas are still practical problems (Dimitrov and Roumenina, 2013; Sarker et al.,
2012). One important practical issue for both parametric and non-parametric
methods is the requirement of having sufficient sample plots that represent forest
AGB grades and the requirement for precise geo-referencing within the study area
(Gilichinsky et al., 2012; Hill et al., 2013). As mentioned previously, making forest
inventories for the cold and arid areas of the QMs is extremely labour intensive.
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The fragmented landscape pattern and the relatively small patch size of many
mountain forests suggest the use of remote-sensing data as an appropriate
alternative at finer spatial resolution. However, this chapter concluded that
reference data that span the entire variation range of spectral space and forest
variable space for a given geographical region are still needed.
In Chapter 2, AGB for a small portion of the same study area using the highresolution geometric (HRG) sensor on board the SPOT-5 satellite (which has 10 m
resolution) was assessed. Comparing the results from Chapter 2 with the present
one indicated that SPOT-5 HRG data did not show an obvious advantage, with the
exception that it had a slightly lower RMSE (R2 = 0.48 and RMSE = 20.70 tonnes
ha-1) than the TM images used in this chapter for the entire upper reach of the HRB.
Besides that, other differences between the studies can possibly explain the reasons
for this difference.
In this chapter, more forest inventory data were used (75 plots were used in
Chapter 2) that spanned a wider range of AGB (18.85-220.65 tonnes ha-1 as
compared to the 18.85-175.27 tonnes ha-1 utilized in the earlier study), thanks to the
larger study area. More feature variables, including textures, terrain types, and
vegetation indices, were also derived than in the Chapter 2.
Apparently, a higher spatial resolution is not necessarily an advantage, as confirmed
by the fact that the 5 × 5 window (5 × 5 pixel average) yielded better results than
the pixel-by-pixel approach. The 5 × 5 window generally smoothes the
heterogeneity of the forest landscape to some extent. But, from another side, the 5 ×
5 window exaction might enhance the texture information of the target plot. It is
necessary to restate that there are two kinds of forest plots, rectangular forest plots
with two sizes (20 m × 20 m and 25 m × 25 m) and cycloidal forest plots (with
diameters ranging from 10 m to 28 m), measured during the campaign. Generally,
the plot geographic boundary may overlay several pixel grids or be mismatched
with the target plot due to the unavoidable geometric offset. This might explain why
the 5 × 5 window extraction method performed better than the pixel-by-pixel or
other methods.
A widely acknowledged problem hindering quantitative thematic information
extraction from remote sensing in mountainous areas is the difference in the
illumination of slopes with different steepness and azimuth angles (Kane et al.,
2008; Reese and Olsson, 2011; Yang et al., 2013). To reduce this difference and to
unmask the real reflection characteristics of forest attributes, this chapter introduced
the SCS+C model. The correction had a clear positive effect on the quality of the
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results for both SMLR and k-NN method (with MD and FD). For SMLR, the model
without SCS+C correction obviously underestimated forest AGB and the deviations
of its outputs were larger than those from the corrected model. As it accounts for
diffuse atmospheric and terrain radiance, this physically based correction can
preserve the sun-canopy-sensor geometry and prevent the overcorrection (Ghasemi
et al., 2013). It has been shown to provide improved corrections over a wide range
of terrain and forest structural conditions, particularly in steep terrains and for
slopes facing away from the sun (Soenen et al., 2005; Soenen et al., 2008, 2010).
Therefore, after correction, the SMLR compensated for the underestimation of
forest AGB to some extent (see Fig. 3-3). For k-NN, one exception was the k-NN
configuration that used the Euclidean distance, for which the results were poorer
after the topographic correction. Closer inspection of this unexpected deterioration
of the results after the topographic correction revealed that topographic correction
using linear regression caused an autocorrelation between some variables (slope and
reflectance). The simple ED distance measure does not take autocorrelation into
account; hence, the information content of the feature space appears inferior
following topographic correction. Introducing a variance–covariance matrix into the
multispectral distance calculations solves this problem and explains why results
using the MD and FD measures improved after the topographic correction. As
previous studies have indicated (Maselli, 2001; Chirici et al., 2008), the results are
sensitive to the covariance matrix if the information content of the feature vector is
heterogeneous. When the information content of the feature vectors is relatively
uniform, the improvement becomes marginal. In this chapter, the MD produced
better results than the FD until k was greater than 8, suggesting that the information
content of the feature vector was inhomogeneous.
The performance of the SMLR considerably improved following the SCS+C
topographic correction, indicating that topographic irregularities create non-linear
relationships between feature variables and the AGB. The parametric method is
unable to capture these relationships well because it is based on the assumption of
homogeneity between the relationships linking land surface and remote-sensing
signals (Maselli and Chiesi, 2006). Two significant advantages of the optimized kNN method are its ability to derive a reasonable forest AGB and its versatility,
which preserves the spatial patterns of homogeneity and heterogeneity (McRoberts
et al., 2007), and explains why, in this chapter, the k-NN method performed better
than the SMLR. Here, it is necessary to restate the advantage of the LOO method
over other calibration–validation procedures. The LOO approach removes the need
to separate forest measurements into a training and a validation set. Since the
mechanism for the separation of data into two categories may impact the results, the
LOO approach provides an advantage (Weiss, 1991; Fuchs et al., 2009). Moreover,
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by not splitting the data into two categories, optimum use of the available data was
obtained.

3.6

Conclusion

An optimum k-NN method determined using the LOO procedure was applied in
order to derive forest AGB, by integrating forest measurements from TM data as
well as GDEM and their relative indices. Satisfactory accuracy was accomplished
yielding a coefficient of determination (R2) of 0.59 and an RMSE of 24.92 tonnes
ha-1. Terrain influence hindering the prediction ability of remotely sensed data was
mitigated using the SCS+C procedure, independent of the SMLR or the optimum kNN method.
As evaluated by the LOO procedure, a comparison between the results obtained
using the SMLR method and the optimized k-NN configuration indicated that the
optimum k-NN configuration outperformed the SMLR (R2 = 0.42, RMSE = 29.74
tonnes ha-1) with a higher R2, a lower RMSE, and fewer outliers. With a slightly
higher RMSE but a much higher R2, the use of k-NN for estimating forest AGB
using 30 m-resolution TM data and a GDEM was not less accurate than the results
obtained using high-resolution (10 m) SPOT-5 HRG data and airborne LiDAR
DEM (R2 = 0.48 and RMSE = 20.70 tonnes ha-1), as applied in Chapter 2.
In this chapter, the radiometric terrain compensation method and the k-NN
optimization strategy amongst various k-NN configurations have been proven to
have positive effects to estimate of the montane forest AGB. Particularly, the two
methods exhibited advantages when applied to montane forest areas with limited
ground measurements and middle-to-high-resolution remote-sensing data.

51

Improvement of estimating forest above-ground biomass

52

Chapter 4
Modeling of Forest Above-Ground Biomass Dynamics Using
Multi-Source Remote Sensing Data and Incorporated Models *

*

This chapter is based on:
Tian, X., Yan, M., van der Tol, C., Li, Z. Y., Su., Z. B., Chen, E. X., Li, X., Li, L. H.,
Wang, X. F., Pan, X. D., Gao, L. S., Li, C. M., Fan, W. W., & Ling, F. L. Modeling of
forest above-ground biomass dynamics using multi-sourced remote sensing data and
incorporated models. Submitted to Remote Sensing of Environment
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Abstract
This chapter presents a strategy to obtain the dynamics of forest above-ground
biomass (AGB) at fine spatial and temporal resolution. Most techniques focus on
estimating either AGB or carbon fluxes, but the approach used in this chapter
estimated both AGB and carbon fluxes together. Forest AGB dynamics were
estimated by combining two types of models driven by field, remote sensing, and
ancillary data. The strategy was successfully applied to the Qilian Mountains
(QMs).
As a first step, this study improved the efficiency of existing non-parametric
methods for estimating forest AGB by applying the random forest (RF) model to
pre-select the most relevant RS features in Thematic Mapper 5 (TM) and ASTER
GDEM V2 products (GDEM). These features were further used to construct the
optimal configurations of the k-Nearest Neighbour (k-NN) and the Support Vector
Regression (SVR) models. Validation using forest measurements from 133 plots
and the leave-one-out (LOO) method showed that optimal k-NN configuration
performed slightly better (R2 = 0.62 and RMSE = 24.00 tonnes ha-1) than the SVR’s
(R2 = 0.56 and RMSE = 25.78 tonnes ha-1). Hence the k-NN configuration was used
to generate a regional forest AGB reference map for 2009.
As a second step, this study obtained two seasonal cycles (2009 and 2010) of
carbon fluxes with the MODIS MOD17 GPP (MOD_17) model that was driven by
meteorological inputs of the numerical weather prediction model (WRF), and
calibrated to Eddy Covariance (EC) flux tower data. The calibrated model predicted
gross primary productivity (GPP) well (R2 = 0.91 and RMSE = 5.19 gC m-2 8d-1).
As a third step, this study calibrated the ecological process model (BiomeBioGeochemical Cycles (Biome-BGC)) to these GPP estimates for 30 well-chosen,
representative forest plots. The Biome-BGC outputs of GPP and net ecosystem
exchange (NEE) were validated against EC data (for GPP: R2 = 0.79, RMSE = 1.31
gC m-2 d-1; for NEE: R2 = 0.68, RMSE = 3.09 gC m-2 d-1). This study finally used
Biome-BGC to produce longer time series of net primary productivity (NPP),
which, after conversion into AGB increments, were compared to
dendrochronological measurements (R2 = 0.72 and RMSE = 47.33 g m-2 year-1). The
calibrated Biome-BGC provided estimates of forest carbon fluxes which were
converted into the interannual AGB increments according to site-calibrated
coefficients. With combination of these interannual forest AGB increments with the
AGB map of 2009, the modeling of forest AGB dynamics was accomplished at fine
space and time scales.

54

Chapter 4

4.1

Introduction

Forest above-ground biomass (AGB) plays an important role in the carbon and
water cycles of the terrestrial biosphere. It affects gross (GPP) and net primary
production (NPP), the radiation balance, water interception, and even air quality
(Houghton et al., 2000; Sivrikaya et al., 2007; Stephens et al., 2007). Forest AGB,
in turn, is affected by these processes (Filella et al., 2004; Huang et al., 2010;
Vanderwel et al., 2013). The significance of the interactions between AGB and
climate can only be understood if spatial and temporally explicit knowledge of
forest AGB, as well as its dynamics, is available. Such knowledge is of great value
for understanding processes and for accomplishing scientific and practical tasks in
forest management.
Forest AGB dynamics can be described as continuous or gradual (i.e., growth) and
discontinuous or abrupt (i.e., disturbance) variations (Wulder et al., 2007; Potapov
et al., 2011), together resulting in variations in the productivity and the carbon
fluxes of the forest (Main-Knorn et al., 2013). Disturbances include, for example,
fires and other natural disasters, and tree felling or planting. These disturbances are
outside the scope of the present study.
Several techniques exist to study gradual changes in forest AGB. In the field, the
dynamics of forest AGB can be studied by analyzing changes in carbon storage, or
by analyzing carbon fluxes. The traditional way of detecting forest AGB dynamics
has been inventory-based forest sample surveys. However, for forest inventory to
provide reliable dynamic estimates with a satisfactory spatial and temporal
resolution, monitoring over large scales requires considerable investments in labour
and supplies (Muukkonen and Heiskanen, 2007; Chirici et al., 2008; Riemann et al.,
2010; Næsset et al., 2013). The Eddy Covariance (EC) technique provides estimates
of CO2, water, and energy fluxes between the biosphere and atmosphere that are
essential for characterizations and dynamic analyses of forest ecosystem processes
(Baldocchi and Bowling, 2003; Maselli, et al., 2009; Chiesi, et al., 2011). However,
EC techniques provide net CO2 flux measurements over footprint areas with sizes
and shapes that vary with site specific conditions such as EC tower height, canopy
physical characteristics, wind speed, terrain and atmospheric stability. As a result, it
is impossible to upscale the observations of fluxes to large areas (Osmond et al.,
2004; Brilli et al., 2013).
The remote sensing of biophysical variables has been a key component for the
quantification of forest structure, stem volume, AGB, physiology, and carbon fluxes
in forests (Tonolli et al., 2011; Yang et al., 2012; Neigh et al., 2013; Peregon and
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Yamagata, 2013; Solberg et al., 2013; Zarco-Tejada et al., 2013; Fu et al., 2014).
This is particularly the case for situations where a finer temporal-interval and a
spatial-resolution assessment of forest AGB and its dynamics are required for
ecological construction and environmental protection (Moreau et al., 2003; Neeff et
al., 2005; Wulder et al., 2007; Zhang and Kondragunta, 2008; Minchella et al.,
2009). Remote sensing methods are normally applied for estimating forest AGB
dynamics, again by means of either estimating AGB changes in carbon pools using
the repeat acquisition of remote sensing data (Wulder et al., 2007; Pflugmacher et
al., 2012; Huang et al., 2013; Main-Knorn et al., 2013; Næsset et al., 2013; Zheng
et al., 2013), or by an ecological model for the carbon fluxes driven by vegetation
indices (e.g. leaf area index (LAI), the fraction of photosynthetically active
radiation (fPAR), etc.) (Lufafa et al., 2008; Prince and Goward, 1995; Running et
al., 2000; Veroustraete et al., 2002, 2004; Maselli et al., 2006; Chiesi et al., 2007;
Potter et al., 2009). Although beneficial, the remotely sensed information is
insufficient to fully parameterize such models, and a priori information remains
necessary. Models solely driven by remote sensing data cannot explain the
responses of the forest ecological processes (transpiration, photosynthesis,
respiration, allocation, etc.) to climate variations.
The models for carbon fluxes range from relatively simple light use efficiency
models (Running et al., 1999; Turner et al., 2003; Running et al., 2004) to detailed
ecological process models containing vegetation functional mechanisms for gas
exchange, photosynthesis, and biomass allocation (Running and Hunt, 1993;
Thornton et al., 2002). An advantage of ecological process models is that they can
simulate forest responses to climate change (Braswell et al., 2005; Williams et al.,
2005; Euskirchen et al., 2006; Kimball et al., 2007; Keenan et al., 2012; Chen et al.,
2013a). However, exploiting the strength of these models is not easy, because the
models require a large number of input variables, and site specific calibration
(Running and Hunt, 1993; White et al., 2000; Chiesi, et al., 2007; Maselli, et al.,
2009; Song et al., 2013b).
In summary, individual methods such as inventory-based methods, remotely sensed
methods, EC-based methods, and process-model-based models, with their
limitations, may each contribute to analyzing the dynamics of AGB. Inventorybased and remotely sensed methods for forest AGB have strength in their abilities
to estimate forest AGB and its dynamics, but have deficiencies in describing the
processes that cause the dynamics. EC and process-based models for fluxes can be
used for an analysis of forest responses, but they do not provide information about
stocks. To understand changes and trends in terrestrial ecosystems and their
function as carbon sources and sinks, and to gauge the impact of variations on
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terrestrial ecosystems and climate change, ecological process models may be
helpful, but these require a large amount of input data. For a better understanding of
forest AGB dynamics, this study therefore required a consistent treatment of fluxes
and biomass, and a synergy of data sources.
This study proposes a methodology to obtain space-time series of modelling forest
AGB. All techniques discussed above have been used. They were connected as
schematically depicted in Fig. 4-1.
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Fig. 4-1 The overall flowchart of this study.

The methodology is composed of three steps. First, forest inventory data were used
to optimize models for the remote sensing of AGB. Two different models were
applied: Support Vector Regression (SVR) and k-Nearest Neighbour (k-NN), and
the better performing one was applied to obtain a base map of AGB for the year
2009. This study added an additional component to these techniques: before
applying the k-NN and SVR models, a random forest (RF) model was applied to
select features from various types of remotely sensed information. This step
improved the efficiency of the k-NN and SVR models. The selected feature vectors
were then used to design optimal configurations for the other non-parametric
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models, the SVR and k-NN. Their performance for estimating forest AGB was
evaluated. The better performing retrieval for regional forest AGB between the
results from k-NN and SVR was used as the basis for modeling forest AGB
dynamics.
Second, a remote sensing model for GPP, the MODIS MOD17 GPP model
(MOD_17) (Running et al., 1999), was optimized at the EC site in the study area.
The optimized MOD 17 time series of GPP of 30 carefully selected, representative
plots were used to calibrate the process-based ecological model (BiomeBioGeochemical Cycle (Biome-BGC)) (Running and Hunt, 1993; Thornton et al.,
2002). Lastly, the calibrated Biome-BGC was applied spatially to obtain reliable
simulations of regional carbon fluxes. The GPP and the net ecosystem exchange
(NEE) produced by Biome-BGC were validated against EC data. Finally,
interannual forest AGB increments were calculated from the fluxes of net primary
productivity (NPP), as estimated by Biome-BGC. The AGB increments were
compared to dendrochronogical (tree ring) data, and were combined with the earlier
derived AGB values for 2009 in order to model the forest AGB dynamics from
2000 to 2012.

4.2

The Observations and Study Data

The Watershed Allied Telemetry Experimental Research (WATER) that began in
2007 and ended in 2011 (Li et al., 2009a, 2011b), established a network of
automatic weather stations (AWS) and EC stations. Only observations from the
mountainous forest site (Guantan, 100°15′E, 38°32′N, 2,835 m) were used. The
forest EC system consisted of a 3-dimensional sonic anemometer (CSAT-3,
Campbell, Inc., USA), a CO2 and H2O gas analyzer (LI-7500, LI-COR, Inc., USA),
a heat flux plate (HFP01, Campbell, Inc., USA), a four-component radiometer
(CM3 and CG3, Kipp and Zonen, USA), a temperature and relative humidity probe
(HMP45C, Vaisala, Inc., Finland), a wind speed sensor (014A and 034B, Met One
Instruments, Inc., USA), and a data logger (CR5000, Campbell, Inc., USA).
To obtain half-hour flux data, data quality control processes were applied to raw 10
Hz EC data (Zhang et al. 2010b). Processing steps included despiking, coordinate
rotation, time lag correction, frequency response correction, WPL correction, and
gap filling (Wang et al., 2014). Due to low data quality and too many gaps,
measurements from 2008 and 2009 could not be utilized for this study.
Measurements obtained from 2010 and 2011, at the mountainous forest site, were
used to optimize and validate the MOD_17 and Biome-BGC models.
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Same forest inventory measurements, Landsat Thematic Mapper 5 (TM) and
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
global digital elevation model (GDEM) V2 products (GDEM) as those in Section
3.2 were used to estimate regional forest AGB.
To validate the interannual forest AGB increment, an additional forest inventory
consisting of collecting dendrochronological measurements, was conducted for 22
forest plots during May of 2014. Measurements of tree core, diameter breast height
(DBH) (cm), and tree height (m) were included. Coring was performed at breast
height (1.30 m) in two perpendicular directions for trees with a DBH > 5 cm, and
three tree core samples were collected for each DBH grade (six DBH grades for
each plot, as follows: 5-10 cm, 10-15 cm, 15-20 cm, 20-25 cm, 26-30 cm, and >30
cm). Well-protected core samples were returned to the laboratory, where they were
mounted and finely sanded for cross-dating and annual ring width measurements.
Following surface treatment of the samples, the ring width of each core was
measured at an accuracy of 0.001 mm using the Lintab5 measuring system. A
geometric method developed by Duncan (1989) was used for estimating the pith
location when a partial core passed close to the pith. Possible measurement errors
and/or dating were checked using the COFECHA program (Holmes 1983). Annual
forest AGB increments were then determined using the DBH. Heights were
determined using the growth equation as proposed by Wang et al. (1998b).
Forcing data for the MOD_17 model included the vapor pressure deficit (VPD), the
daily minimum air temperature (Tmin), and the absorbed photosynthetically active
radiation (APAR, MJ day-1). The employed VPD and Tmin were obtained from
downscaled (to 1 km), long-term (2000-2012) weather research and forecasting
(WRF) model simulations (Pan and Li, 2011; Pan et al., 2012) that included
maximum and minimum temperatures (Tmax and Tmin, precipitation, relative
humidity, and solar radiation). LAI products from time-series (2000-2012) MODIS
data obtained using general regression neural networks (GRNNs) (Xiao et al., 2014)
(http://glass-product.bnu.edu.cn) were applied in order to derive fPAR for the
initiation of the optimizing MOD_17 model. MODIS GPP products (MOD17,
eight-day products, 1 km) (http://ladsweb.nascom.nasa.gov) were obtained from the
USGS for comparisons with the optimized estimations.
Major input variables for the Biome-BGC model included meteorological data,
vegetation eco-physiological parameters, and site condition parameters.
Meteorological inputs were also obtained from downscaled WRF simulations.
Default eco-physiological parameters for the needle tree (Picea crassifolia) as
found in the Biome-BGC lookup table were first applied then calibrated using GPP
59

Modeling of Forest Above-Ground Biomass Dynamics

estimates obtained from the optimized MOD_17. The soil map was reclassified
based on the 1:1,000,000 scale soil map of China and 8,595 soil profiles from the
Second National Soil Survey (Shangguan et al., 2012).

4.3 Description of Models
4.3.1 Random Forest
The non-parametric regression tree method of RF is a popular and widely used
ensemble approach to feature selections for “small n, large p problems” (Li et al.,
2011a) where n is the samples and p is the inputting features. It was designed to
generate robust predications without over-fitting the data while being insensitive to
outliers and noise in comparison to single classifiers. RF has roots in classification
and regression trees (CART) and consists of a collection of tree-structured
classifiers that dictate how input is related to a predictor variable. It uses a treebased classifier multiple times and aggregates the results, expressed as follows:
(4-1)
{ f (x , R k ), k = 1, . . .}
where Rk are independent, identically distributed random vectors. Each tree casts a
weighted vote for the most similar class at input x (Breiman, 2001).
To construct an ensemble of decision trees with a defined variance, the “bagging”
or “bootstrap aggregating” idea and the random selection of features were
embedded within the RF algorithm. Using a different subset, each tree was typically
guided using a training set (“bagging” or “bootstrap aggregating”) to improve the
generalization ability of the classifier (Mahapatra 2014). Following training, for a
decision tree, predictions for the targets could be generated by taking the majority
(or average) vote. Votes were determined using a binary test with user-defined
thresholds placed at each internal tree node from the root to each leaf. RF is able to
address over-fitting problems and the robustness of reliable data, and unbiased
predictions can be obtained using “bagging” or “bootstrap aggregating” replicates.
The procedure has been proven to be an efficient predictor (or classifier), especially
when the number of descriptors is very large (Svetnik et al. 2003; Latifi and Koch,
2012). It has been applied for estimating forest attributes (i.e., forest succession,
forest AGB, and timber volume) from remote sensing data (Latifi et al., 2010;
Powell et al., 2010; Main-Knorn et al., 2011; Neumann et al., 2012; Avitabile et al.,
2012).
However, due to noisy or unbalanced inputs existing amongst trees, RF suffers from
instability and it may not remove certain variables contained in multiple trees (Li et
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al., 2011a). Moreover, the black box prediction is vague and difficult to interpret in
terms of the underlying features (Song et al., 2013).
4.3.2

k-Nearest Neighbour

The specific descriptions and expressions of k-NN and the related multidimensional
distance measures were given in Section 2.3.1 and Section 2.3.2.
4.3.3

Support Vector Regression

The Support Vector Machine (SVM) is a supervised, non-parametric, statistical
learning technique (Vapnik, 1995). As a regression version of SVM, SVR performs
a linear regression in a high dimensional feature space and returns a non-linear
regression (Drucker et al., 1997). To separate groups of input data with similar
responses in order to predict a response variable, the process identifies optimum
hyperplanes using kernel functions. SVR arrives at an optimum solution by
iteratively adjusting hyperplanes based on the errors associated with them.
Here, a concise description of the SVR algorithm is provided. Details can be found
in Smola and Schölkopf (2004). Based on the ε-insensitive loss function, SVR
explores the results to find a smooth function, �f (x), with deviations from the
targets of yi (I = 1,…, N; where N is the number of training samples) no larger than
ɛ for all of the training data. For this purpose, the original m-dimensional input
domain is mapped into a higher dimensionality feature space, where the function
underlying the data has an increased flatness (ideally, linear). Thus, it is
approximated in a linear way, as follows:
�f (x)= w ∗ Φ (x) + b

(4-2)

where w is the weight vector in the feature space, Φ(x) is the kernel function
transforming the inputs into the higher dimensional feature space, and b is the bias.
A linear model is then fitted to the data in the feature space using a convex (easy to
handle) optimization problem, as follows:
N
1
Ψ (w, ξ ) = w + C ∑ (ξi + ξi* )
(4-3)
2
i =1
and it is subject to the following constraints:
 yi − �f ( xi ) ≤ ε + xi

*
�
1, 2,..., N
(4-4)
 f ( xi ) − yi ≤ ε + xi i =

*
i, i ≥ 0
xx
where ξi and ξi* are slack variables and measure the deviation of the training
samples outside the ε-insensitive tube. C is the penalty factor and allows one to tune
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the trade-off between the complexity of the function �f (x) and the tolerance of
deviations larger than ε. If C is too large or small, it may cause overfitting or
underfitting, respectively. The ε-insensitive loss function |ξ|ε is defined as follows:
if δ ≤ e

0

ξe =

(4-5)
otherwise
 δ − e
where δ is the deviation of the desired target. Differences between the targets and
the estimated values are controlled within the ε tube for a certain tolerance, while a
linear penalty is assigned for estimates lying outside the ε-insensitive tube.
The aforementioned constrained optimization issue can be reformulated using a
Lagrange function, leading to a solution that is a function of the data expressed in
the original m-dimensional feature space, as follows:
�f (x) =(a − a* ) k ( x , x) + b
(4-6)

∑

i

i∈N

i

i

where k(xi, x) is a kernel function defined, as follows:
k ( xi , x ) = Φ (xi ) ∗ Φ (x)

(4-7)

thus,
�f (x)
=

∑ (a
i∈N

i

− ai* ) Φ (xi ) * Φ (x) + b

(4-8)

where αi and αi* represent the nonzero Lagrange multiplier solution of the quadratic
problem. The kernel function must satisfy Mercer’s theorem such that it can be
associated with some type of inner product within the highly dimensional feature
space. Lagrange multipliers weight each training sample according to its importance
in determining a solution. Therefore, they lead to the important concept of sparsity
which means that the solution should be expressed as a function of only the most
critical training samples in the support vectors (SVs) (Camps-Valls and Bruzzone,
2005).
Recently, due to remotely sensed data, SVR has become popular for estimating the
geo- and bio-physical, and bio-chemical variables of soils (Pasolli et al., 2011,
2012;), forests (Monnet et al., 2011; Gleason and Im, 2012; Shataee, 2013; Li et al.,
2014; Zhang et al., 2014b), open water (Camps-Valls et al., 2006; Sun et al., 2014),
and etc.. SVR has attractive properties such as applicability, intrinsic generalization
capability, the capability to handle high dimensional input spaces (including
features arising from different sources), and robustness to the limited availability of
training samples.
Despite the desirable performance offered SVR has some deficiencies. For
example, the hyper parameters (C and ε), as well as the kernel parameter (γ), must
be tuned, in general, using cross-validation methods that result in time consuming
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tasks. Sparsity is not always achieved and a high number of SVs are, thus, obtained
(Camps-Valls et al., 2006). Such deficiencies frequently occur when feature vectors
are high dimensional. The reduction of feature vectors generally improves SVR
performance (Monnet et al., 2011).
4.3.4

The MOD_17 Model

The MOD_17 model is based on the radiation conversion efficiency concept of
light use efficiency (LUE) (Monteith, 1972). A detailed description can be found in
Running et al. (1999; 2004). In the MOD_17 model, GPP is calculated, as follows
(Running et al., 2000):
GPP = ε max × f (VPD ) × f (Tm ) × PAR × fPAR
(4-9)
where εmax is the maximum LUE, f(VPD) is the scalar of daily VPD, and f(Tm) is the
scalar of daily Tmax and Tmin. Both scaling factors range from 0 (representing total
inhibition) to 1 (indicating no inhibition), and are used to reduce εmax due to
environmental constraints (cold temperature, high VPD, both of which reduce
photosynthesis) in order to downscale εmax to its actual value, as follows:
VPD ≥ VPDmax
0

 VPDmax -VPD
f (VPD ) = 
VPDmin < VPD ≤ VPDmax
(4-10)
VPDmax -VPDmin
1
VPD ≤ VPDmin
0

 T -T
f (Tm ) =  m min
 Tmax - Tmin
1


Tm ≤ Tmin
Tmin < Tm ≤ Tmax

(4-11)

Tm ≥ Tmax

fPAR is calculated as follows:
fPAR = 1 − e − k *× LAI

(4-12)

*

where k is the light extinction coefficient.
The MOD_17 GPP model requires forcing data from the following three sources: 1)
biome specific parameters such as εmax, 2) meteorological data (i.e., incoming
radiation, air temperature, relative humidity), and 3) fPAR. Therefore, MODIS GPP
products have been generated using data from MODIS surface reflectance that
contain information regarding vegetation phenology, the canopy absorbance of
fPAR, and climate data from the NASA Data Assimilation Office (DAO) climate
model. Specifically, to estimate GPP, biome specific parameters (εmax) are assigned
based on an eight class MODIS land cover classification products (with a 1 km
resolution) and the associated Biome Parameter Look Up Table (BPLUT) (Hansen
et al., 2000; Running et al., 2004; Nightingale et al., 2007; Coops et al., 2007).
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Using scalars (0–1) for Tm and VPD, εmax is then modified. Afterward, GPP is the
product of fPAR and LUE (Turner et al., 2006).
MODIS GPP products have been evaluated for different ecosystems over various
study areas (Reeves et al., 2005; Gebremichael and Barros, 2006; Zhang et al.,
2008; Propastin et al., 2012; Jin et al., 2013; Sjostrom et al., 2013). Briefly, in
addition to some deficiencies of the model, there are three potential sources for
uncertainties for the MOD_17 model, as follows: 1) meteorology inputs, 2)
radiometry inputs, and 3) biophysical inputs (Heinsch et al., 2006). Specifically,
meteorological errors arise from the coarse scale meteorology of the DAO, errors in
radiometry can cause miscalculations in the fPAR algorithm, and biophysical
misclassifications can lead to land cover classification problems (Coops et al.,
2007).
4.3.5

The Biome-BGC Model

As a process-based model, the Biome-BGC model combines scaled-up
representations of basic plant biology and geochemistry with ecosystem dynamics
and functions in order to simulate processes including the fluxes of carbon, water,
and nitrogen on broader temporal and spatial scales (White et al., 2000; Thornton et
al., 2002; Su et al., 2007b). Since its original development was based on the
FOREST-BGC model (Running and Coughlan, 1988; Running and Gower,1991;
Running and Hunt, 1993), the Biome-BGC model has been applied with success to
a variety of forest ecosystem types in different regions (Churkina et al., 1999; White
et al., 1999; Churkina et al., 2003; Chiesi et al., 2007, 2013; Maselli et al., 2009;
Ueyama et al., 2010; Li et al., 2013a).
Biome-BGC embeds major physical, biogeochemical, and physiological processes
and water, carbon, and nitrogen fluxes which can be simulated throughout various
pools of vegetation, litter, and soil. Forcing data for the Biome-BGC model include
daily meteorological data (temperature, precipitation, humidity, radiation, and
daylength), site descriptive parameters (the physical characteristics of a site), and
vegetation eco-physiological parameters (the leaf C:N ratio, maximum stomatal
conductance, fire and non-fire mortality frequencies, and allocation ratios)
characterized by specific site and environmental conditions. Therefore, the model
can theoretically be used to assess the effects of climate change or the management
of vegetation growth, soil carbon sequestration, and trace gas emissions. The
simulation begins from quasi-climax equilibrium, reached using a forward spin-up
phase with local eco-climate conditions. The spin-up simulation spans thousands of
years (default: 6000 years) until the ecosystem reaches a steady state with respect to
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soil carbon fluxes. Once C and N reach a steady state, further simulations for
ecosystem changes are performed over time.
Biome-BGC version 4.2 was used in this study. Version 4.2 includes seven
parameter settings for seven main biomes (evergreen needle leaf, evergreen
broadleaf, deciduous needle leaf, deciduous broadleaf, shrub, C3 grass, and C4
grass). For adaptation to the QMs forest ecosystem that is cold and arid, for this
study, the biomes had to be modified. Normally, EC measurements can be used to
calibrate these parameters. An added technical issue was how to calibrate the
parameters for a large area.

4.4 Methodology
4.4.1

Incorporating Random Forest with The k-Nearest Neighbour and The
Support Vector Regression

For prediction models using multi-parameter remote sensing data, one key issue to
avoid for over-fitting or for complex models is the selection of sensitive feature
types from various types of remotely sensed information. In general, feature types
are determined using experiences or simple sensitivity analyses with regression
analyses (Tian et al., 2012, 2014). RF is a tool that can provide a variable ranking
mechanism and can, therefore, be used to select important variables. However, RF
typically generates black box predictions that are vague and difficult to interpret
(Song et al., 2013a). Therefore, to clarify variable importance, predictor variables
were predetermined rather than applied within the CART of the RF method.
In contrast, k-NN and SVR are highly interpretable. For example, for k-NN, the
determined combination of feature types, k, the distance measures, and the feature
extraction are explicable. For SVR, the regularization coefficient (C), the width of
the insensitive tube (ε), and the kernel types and parameters are describable and can
be used to predict a target pixel or the probability of a target pixel. However, since
forward feature selection normally brings out information redundancy or
deficiency, feature combination prior to the configuration construction comes at an
unacceptably high cost.
Therefore, a critical issue is how to develop methods that can optimally combine
features to obtain high accuracy. Such is especially the case for high dimensional
datasets (in this case: multi-parameter remote sensing information). The novel idea
of incorporating RF with k-NN and SVR is motivated by the strength of these
methods. To our knowledge, few studies have used remote sensing data and
integrated RF with k-NN or SVR in order to estimate forest AGB. In this study, the
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RF was first used to select the composition of optimum feature types. Then,
selected feature types were input into the k-NN and SVR in order to construct the
optimal configuration. For example, for k-NN, the varying mathematical setup
included the k value, the distance measure, and the extracting window size. For
SVR, the optimum hyperplane and the corresponding kernel function were
determined. The performance of each k-NN and SVR configuration was evaluated
using leave-one-out (LOO) cross-validation. Optimal k-NN and SVR values were
determined using the highest Pearson correlation index (R) and lowest root mean
square error (RMSE) principle for pixel-wise accuracy. Finally, the outperforming
configuration for these two methods was applied in order to estimate forest AGB
over the study area.
In this study, the wrapper-based RF was applied to select the features (Breiman,
2001) (http://www.csie.ntu.edu.tw/~cjlin/libsvm). The same feature types (a total of
88 feature types) and training dataset (forest AGB from 133 plots) as those applied
in Chapter 3 were inputted into the RF to perform feature type selection. According
to the previous studies (Kohavi and John, 1997; Breiman 2001; Fayad et al., 2014)
and the dataset used in this study, the wrapper-based feature selection with
parameters of 10 trees, 100 nodes, and tenfold were used for the RF.
SVR was implemented using LIBSVM (http://www.csie.ntu.edu.tw/~cjlin/libsvm/)
(version 2.9.1). A grid search parameter optimization using a standalone tool, the
Weka package (version 3.7.2), was performed and four typical kernel functions (the
linear, polynomial, radius basis, and sigmoid functions) were tested.
4.4.2

Incorporating MOD_17 with Biome-BGC

The integration of MOD_17 and Biome-BGC was motivated by the specific
advantages and disadvantages of the two models. MOD_17, the remote-sensingbased model, takes advantage of time-series remote sensing data, ensuring that the
model is applicable for the space-continuity domain within certain time intervals
(i.e., eight days for MODIS). However, MOD_17 relies on the applicability (i.e.,
data without the contamination of cloudy and rainy conditions) and explicability
(i.e., the accuracies of the remote sensing parameters) of remotely sensed data. The
model also relies on empirical relationships/constants (i.e., LUE), and looses some
of the intrinsic characteristics of ecological processes, resulting in vague depictions
for time-continuity ecosystem variations and corresponding environmental causes.
The process-based model, Biome-BGC, on the other hand, has strength based on its
state-of-the-art knowledge of major ecological, biophysical, biochemical, and
hydrological processes. As a result, Biome-BGC can precisely represent the time66
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continuity characteristics of the aforementioned processes but suffers from high
complexity, difficult calibrations, and great computational intensity. The model is
also prone to good performance at site scale after elaborate calibrations but dubious
results for space-continuity applications over large areas.
Previous studies yielding reliable results have indicated the possibility of
incorporating remote-sensing-based model (the C-Fix) with process-based models
(the Biome-BGC) to simulate the carbon flux over Mediterranean forest ecosystems
(Chiesi et al., 2007, 2011; Maselli et al., 2008). However, the feasibility of this
integration strategy is not understood for water-limited forest ecosystems located
within arid and cold regions.
In this study, EC measurements, refined time-series downscaled WRF
meteorological data, and MODIS fPAR products from GLASS LAI were used to
optimize the MOD_17 model. Integration of the MOD_17 and Biome-BGC models
was performed by calibrating the Biome-BGC using GPP simulations from the
MOD_17 model. Prior to the calibration, to effectively determine the optimal
configurations for the Biome-BGC model over the forest ecosystem, a sensitivity
analysis (not shown here) was performed. Under conditions of cold and arid
climates, the growing season for local forests is dry and it has a critical impact on
the photosynthesis and evapotranspiration (ET). As a result, some parameters were
found to be sensitive factors (Table 4-1). In general, these factors control the
responses by regulating the water loss of forests against summer drought (Chiesi et
al., 2007). Different configurations of the Biome-BGC model were performed
against GPP simulations from the optimized MOD_17 GPP model. To this aim, 30
plots for the local monotonous tree (Picea crassifolia) were selected with
considerations of various stand conditions such as slope and aspects of the terrain;
the age, height, and AGB levels of trees; locations near other wet (reservoir, river)
or dry (bare soil, shrubs, or pasture) land cover types; and climatic conditions
(rainfall, temperature, VPD, etc.). Eight-day GPP estimates over two years (20102011) were computed for all of the conditions by applying the optimized MOD_17
model, which was used as a reference for calibrating the Biome-BGC
configurations. A total of 2,760 (30 plots × 46 layers/plot/year × 2 years) GPP
values from the Biome-BGC were plotted against those reference values from
MOD_17 model. After obtaining a best fit, the optimal configuration of the BiomeBGC was established.
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4.4.3

Simulations of Carbon Fluxes and Conversion of NPP Estimates to
Forest AGB Increments

Following the calibration process, climate, vegetation eco-physiological parameters,
and site condition parameters were applied in order to run the improved BiomeBGC model for the Picea crassifolia forest ecosystem over the QMs. Resolution of
the model grid was set to 1 km, the same as for the forest AGB reference map and
GPP outputs from the MOD_17 model. Following a spin-up simulation for 6000
years, the Biome-BGC began to simulate daily forest fluxes over 13 years (from
2000 to 2012). Daily NPP simulations were then aggregated into the annual NPP
sums. The annual sums were further divided into annual below-ground NPP
(BNPP) and above-ground NPP (ANPP) according to the carbon allocation ratio of
Picea crassifolia (6.05% and 93.95% of total NPP, respectively) as concluded from
field measurements (Wang et al., 2000).
According to study of Wang et al. (2000), the ratio of litter fall to the total carbon
sequestration approximates to 39.39%, and as it indicated by Zhong and Yin (2008),
the mortality was set to 3%, annually. Therefore, multiplying the annual ANPP to
the ratios of (1-39.39%) and (1-3%) gave the amount of carbon fixation for the
annual AGB increment. Finally, the annual forest AGB increment can be easily
obtained by dividing the carbon content factor (ratio between biomass and carbon
storage) of Picea crassifolia (= 0.5243) into the carbon amount of the annual AGB
increment (Wang et al., 2000).

4.5

Results

4.5.1

Determination of The Optimal Configurations for The k-Nearest
Neighbour and Support Vector Regression

Eight most relevant feature types were determined by RF, as follows: DEM, PC3s,
S4, M5, IRI, and ARVI. DEM is the altitude from the GDEM product, and PC3s,
S4, M5, IRI, and ARVI are the first three principal components, the second moment
texture, the mean texture, the infrared index, and the atmospherically resistant
vegetation index of the TM image, respectively. Remotely sensed feature types
were then inputted into the k-NN and SVR algorithms. By varying the configurable
parameters (k neighbors, distance measures, and feature extractions for k-NN; and
the regularization coefficient (C), the width of the insensitive tube (ε), and the
kernel types and parameters for SVR) for k-NN and SVR, various configurations of
the two models were constructed then the performance of each configuration was
evaluated using the LOO method. Optimal configurations for these two methods
were determined according to the error minimization criterion (the highest R2 and
the lowest RMSE). For k-NN, the optimal configuration was k = 3, MD measure,
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and a 5 × 5 window sampling size. For SVR, the best configuration was a radius
basis function (RBF) with the free parameters of C = 1024, ε = 64, and γ = 1.0.
4.5.2

The Forest Above-Ground Biomass Estimation

Validated by forest measurements from 133 plots using the LOO method, optimal
configurations (with the feature types selected by RF) of k-NN and SVR generated
reliable forest AGB estimates. Estimates for these two algorithms against ground
measurements are shown in Fig. 4-2. The AGB at all of the eight plots with an AGB
lower than 50 tonnes ha-1 were overestimated using both algorithms. For the eight
plots, larger deviations were produced with SVR than those obtained by k-NN. On
the contrary, underestimations for high-level AGB plots were found during the
performance of both models. For example, several plots with an AGB higher than
200 tonnes ha-1 were underestimated. Again, larger deviations were produced with
SVR as compared to those obtained with k-NN. Overall, the optimal k-NN
configuration performed slightly better than that of the optimal SVR (with a R2 =
0.62 and a RMSE = 24.00 tonnes ha-1 of k-NN versus a R2 = 0.56 and a RMSE =
25.78 tonnes ha-1 of SVR). Therefore, the optimal k-NN configuration was applied
in order to estimate regional forest AGB over the QMs of 2009. The AGB map was
used as the background for forest AGB dynamic analyses from 2000 to 2012.
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Fig. 4-2 Cross-validation for optimum SVR and k-NN estimations ((a) is from SVR; (b)
is from k-NN).
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Fig. 4-3 The upscaled grade distribution of forest AGB over the study area (1 km
resolution).

The basic forest AGB map was upscaled to 1 km to keep the same resolution as the
grids for both the MOD_17 GPP and Biome-BGC models (Fig. 4-3).
4.5.3

Incorporation of The MOD_17 GPP Model with The Biome-BGC Model

In advance of using GPPs from the MOD_17 model to calibrate the Biome-BGC
model, this study evaluated the performance of the optimized MOD_17 model. To
analyze the effect of inputting parameters collected from three sources (biomespecific, meteorological, and fPAR parameters) on model behavior, this study
compared the original MODIS GPP products and the GPPs obtained from the
optimized MOD_17 model using the calibrated maximum LUE (εmax), the
downscaled WRF outputs, and the fPAR from GLASS LAI.
To determine the achieved improvement, the GPPs available from two years of EC
measurements were used (Fig. 4-4). Obviously, the results of the optimized
MOD_17 model (a R2 = 0.91 and a RMSE = 5.19 gC m-2 8d-1) were much better
than the original MODIS GPP products (a R2 = 0.47 and a RMSE = 20.27 gC m-2
8d-1). MODIS GPP products were significantly lower than EC measurements. Such
highly underestimated performance was also reported by Zhang et al. (2008) and
Wang et al. (2013c).
Using site-calibrated εmax for Picea crassifolia, refined WRF outputs and fPAR, the
MOD_17 model agreed with the EC measurements with the exception of a slight
underestimation during the spring and winter of 2010 and an overestimation during
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the spring of 2011.

Fig. 4-4 Comparisons and validations of the GPPs from the original MODIS products
and from the optimized MOD_17 GPP model.

The optimized behavior of the MOD_17 model gave the confidence for calibrating
the Biome-BGC using MOD_17 GPP outputs over the QMs. By fitting the GPPs
from various parameterization schemes for Biome-BGC against the GPPs from the
optimized MOD_17 model, the Biome-BGC was calibrated according to the best fit
between them (a R2 = 0.77 and a RMSE = 8.46 gC m-2 8d-1) (Fig. 4-5). For example,
the calibrated sensitive parameters for model performance during 2010 and 2011
are provided in
Table 4-1.
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Fig. 4-5 The best fit relationship between the GPPs from the Biome-BGC and MOD_17
models eight day outputs (P<0.001).
Table 4-1 The calibrated parameter settings for the optimal configuration of the BiomeBGC model.
Parameters
Value
Unit
Fine root C:leaf C
2.0
ratio
C:N of leaves
40
kgC/kgN
C:N of fine roots
90
kgC/kgN
Fraction of leaf in rubisco
0.08
DIM
Maximum stomatal conductance
0.0022
m/s
Cuticular conductance
0.000022 m/s
Boundary layer conductance
0.09
m/s
Leaf water potential: Start of conductance reduction
-0.5
MPa
Leaf water potential: Complete conductance reduction
-8
MPa
Vapor pressure deficit: Start of conductance reduction
600
Pa
Vapor pressure deficit: Complete conductance reduction
3900
Pa

In a similar manner as for the overall tendency in Fig. 4-4, this study also found
great improvements in GPP and NEE estimations using the calibrated Biome-BGC
as compared with the Biome-BGC using the default driven parameters as (Fig. 4-6
~ Fig. 4-7).
The default model highly underestimated GPP and NEE throughout the EC
measurements. Before calibration R2 = 0.67 and RMSE = 5.82 gC m-2 d-1 for GPP
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and R2 = 0.47 and RMSE = 5.30 gC m-2 d-1 for NEE, and after calibration R2 = 0.79
and RMSE = 1.31 gC m-2 d-1 for GPP and R2 = 0.68 and RMSE = 3.09 gC m-2 d-1
for NEE. It is noteworthy that only GPP (not NEE) of Biome-BGC was calibrated.
In general, the GPPs and NEEs from the calibrated Biome-BGC agreed very well
with EC measurements with two exceptions. There is a slight underestimation of
both GPP and NEE during the spring of 2010 and 2011, and an underestimate of
NEE during autumn, especially for 2011. The performance of the calibrated BiomeBGC led this study to apply it to regional forest carbon flux simulations for the
years 2000 to 2012 on finer time scales (one day resolution).

Fig. 4-6 Comparisons and validations of the GPPs from the default and calibrated
Biome-BGC.
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Fig. 4-7 Comparisons and validations of the NEEs from the default and calibrated
Biome-BGC.

4.5.4

Simulations of Annual Forest Carbon Flux and Dynamic Analyses of
Forest AGB

The time-series (13 years) annual AGB increments were validated using
calculations from tree ring data. As shown in Fig. 4-8, simulated annual AGB
increments were largely consistent with the measurements and a very high accuracy
of R2 = 0.72, and RMSE = 47.33 gC m-2 year-1 was achieved.
In addition to the upscaled forest AGB map for 2009, regional annual forest AGB
increments are provided in Fig. 4-9. Using the high-accuracy forest AGB map as
the reference, forest AGB dynamic information was obtained by progressively
adding (after 2009) or subtracting (before 2009) the interannual forest AGB value.
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Fig. 4-8 Validation of thirteen-years of annual forest AGB increments converted from
the ANPPs of the calibrated Biome-BGC using calculations from tree ring data.

The variations of internnual NPP, ANPP fluxes, AGB increments and total amounts
of forests over QMs are shown in Table 4-2. It can be found in Table 4-2, that the
lowest NPP and ANPP (thus AGB increment) estimates were in 2009 and the
highest values in 2003. As the annual ANPP did not compensate the AGB loss due
to tree mortality, the forest AGB increment of 2009 was negative.
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Fig. 4-9 The upscaled forest AGB reference map (1 km) in 2009 and the annual forest
AGB increments from 2000 to 2012.
Table 4-2 Statistics of interannual average NPP, ANPP fluxes, and total amounts AGB
of forests over the QMs from 2000 to 2012.
Year
Forest Fluxes (gC m-2 year-1)
Forest AGB (103 tonnes year-1)
NPP
ANPP
Increments
Total Amounts
2000
207
206
107
6466
2001
261
260
85
6551
2002
289
287
206
6757
2003
302
301
223
6980
2004
256
255
155
7135
2005
264
263
165
7300
2006
170
169
25
7325
2007
228
227
108
7432
2008
207
206
74
7506
2009
131
131
-37
7469
2010
177
176
30
7499
2011
190
190
48
7547
2012
241
240
119
7666

4.6

Discussion

Using multi-sourced and remotely sensed data, non-parametric methods have
indicated superiority for estimating forest attributes as compared to habitual
statistical methods such as stepwise multiple linear regression (SMLR). When using
various types of remotely sensed information, the critical issue is how to construct
optimal configurations for non-parametric methods. The inputting of remotely
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sensed feature types, model parameters and operators, and training data have
serious impacts on model performance. The determination of an optimal
configuration for such models depends on previous experience and excessive
processing time. For example, selecting eight feature types out from 88 features (for
the case presented) will result in numerous combinations of feature vectors then
result in exhaustive comparisons for these combinations.
Most studies rely on stepwise variable selection (Næsset, 2002; Heurich and
Thoma, 2008) or sensitivity analyses (Tian et al., 2012). However, they were based
on statistical assumptions of regressions (linear or nonlinear) that may not be
suitable for non-parametric methods which normally contain flexible assumptions,
especially for the spectral signatures with spatial variability. Plentiful feature types
and small training samples pose (for this case 133 plots) the problem of curse of
dimensionality (ill-posed problems). As a result, the risk of over-fitting the training
sample would increase for the parametric methods.
Non-parametric methods (for this case RF, SVR, and k-NN) may be less prone to
overfit training samples when bootstrap or LOO sampling methods are utilized
(Powell et al., 2010; Mountrakis et al., 2011; Gleason and Im, 2012). To alleviate
this problem and to enhance numeric and algorithmic stability, feature selection
must be performed prior to the quantitative application of highly dimensional
remotely sensed data. However, determination of the best feature composition is
time-consuming, scenario-dependent, and sometimes requires a priori knowledge
(Camps-Valls and Bruzzone, 2005).
In this study, due to its black box process, an RF was utilized for selecting feature
types rather than for estimating forest AGB. Using the selected feature types, both
SVR and k-NN overestimated plots with the lowest biomass (<50 tonnes ha-1) and
underestimated plots with the highest biomass (>200 tonnes ha-1). Both of the
estimation deviations for k-NN were less than those for SVR. The possible
explanation is that, in spite of good performance for SVR as shown in previous
studies, a main problem still exists. The SVR embeds a fixed-cost function that
implicitly assumes a specific density model for errors (or residuals), independent of
their statistical nature. Such a scenario will lead to instability when remotely sensed
data containing uncertainty and noise is present (Camps-Valls, 2006). For the QMs
that contain extremely heterogeneous topographic and landscape conditions, data
noise could be a problem. Moreover, if C is too large (small) and if the hyperplane
is not optimized, overfitting (underfitting) problems may occur (Xie et al., 2008).
Since the result depends on simply weighted relationships between k nearest
spectral distances, k-NN does not suffer from this assumption. Although the forest
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inventory data used in this study spanned a wide range of AGB levels (18.85220.65 tonnes ha-1), most were concentrated at the AGB level of 75-150 tonnes ha-1.
Another widely acknowledged issue for non-parametric methods is a requirement
for sufficient sample plots that represent forest AGB grades (Gilichinsky et al.,
2012; Hill et al., 2013). Without sufficient sample plots, obvious biased estimations
are apt to arise for AGB levels. Here, it is necessary to emphasize that terrain
hinders AGB estimations obtained from remote sensing within the QMs, as
validated in the Chapter 2 and 3. In this study, the performances of selected
features with and without a SCS+C correction were very different. Without terrain
relief for remotely sensed features, SVR and k-NN generated estimates with a R2 =
0.35 and a RMSE =33.21 tonnes ha-1 and a R2 = 0.45 and a RMSE = 29.36 tonnes
ha-1, respectively (not provided here). Obviously, both performed in an inferior
manner as compared to models embedding terrain corrected features.
The incorporation of remotely-sensed-based models with process-based models
exploits the powers of both models for simulating forest carbon fluxes. Such
integration has been determined to be valid for Mediterranean forests; however, no
existing experiments regarding feasibility for cold and arid forests have been
performed. Different from previous studies (Chiesi et al., 2007; Maselli et al.,
2008), this study integrated the MOD_17 and Biome-BGC models. As compared to
original MODIS GPP products, GPPs generated by the optimized MOD_17 model
agreed much better with EC measurements. Improvement was obtained with three
sources of refinement for the input parameters. The first was the calibrated εmax for
Picea crassifolia obtained using site measurements. The second was climate driven
forces (VPDmax, VPDmin, Tmax, Tmin) downscaled from WRF simulations, and the last
was fPAR generated from the GLASS LAI product using the Beer Law approach
(Jarvis and Leverenz, 1983). The latter types of estimates (WRF and GLASS) have
been determined to be reliable (Pan and Li, 2011; Pan et al., 2012; Xiao et al.,
2014). In particular, GLASS LAI products displayed much better descriptions for
the seasonal viabilities of Picea crassifolia than the original MODIS LAIs applied
to generate original MODIS GPP products (not provided here). Although the
optimized MOD_17 GPP model performed very well, it could not depict critical
ecological processes within the forest. Ecological processes (i.e., transpiration,
respiration, allocation, etc.), with their time-continuity characteristics, are extremely
important for exploring climate, environmental, and forest stand condition impacts
on forest dynamics (changes in forest ecology, forest hydrology, and forest
attributes). Understanding these processes definitely requires more complex
simulations for forest eco-physiology and forest eco-hydrology using process-based
models.
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Due to the extreme fluctuation of meteorological and various environmental
conditions for forests over the QMs, calibrations of process-based models should
fully consider the spatial variability of the ecosystem. In general, site measurements
can fix variability within the calibration process, but they are difficult to
extraplolate to other areas. Based on space-continuity representations of ecosystem
characteristics, the optimized MOD_17 GPP model, fulfilling the premise of good
performance for simulating forest carbon fluxes (in this case GPPs), was coupled
with the Biome-BGC model in order to adopt an innovative calibration strategy for
producing reliable carbon fluxes within the space-time continuum. The adoption of
this calibration strategycircumvented the current data scarcity for ground truth data
in describing forest carbon fluxes. Such integration could also provide reliability for
simulating other terrestrial ecosystems whose processes are normally simpler than
forest ecosystems.
On the whole, the carbon fluxes (including GPPs, NEEs) simulated using the
calibrated Biome-BGC were consistent with EC measurements. Nevertheless, as
compared to EC measurements, NEEs during the autumn of 2011 were largely
underestimated. The most likely reason may be that soil respiration was highly
overestimated. Further exploration should focus on improvements of soil respiration
simulations, a pervasive issue for process-based models. Within this study area,
dense moss is distributed under the forest canopy and may have irregularly
impacted soil respiration over a large area.
The dendrochronological measurements used in this study were first tested for their
ability to validate annual forest AGB increments that were originally converted
from the NPP generated by the calibrated Biome-BGC. The measurement provided
an authentic alternative to the EC for validating forest carbon fluxes on an annual
scale. However, it is worth noting that the conversion coefficients for biomass
allocation (above/below ground), the carbon content factor and the mortality were
not strictly consistent with the ‘true’ values for natural forests. As we know, the
former two coefficients should vary according to the status of the forests (i.e., forest
age, forest AGB, forest stand density (SD) (trees ha-1)), although this set of
parameters relies on ‘harvest’ measurements that are rigidly prohibited. For the
mortality ratio, due to the self thinning adaption, the matured or over-matured
forests would definitely change the SD in order to keep the ecosystem balance,
resulting in decreasing forest AGB until the equilibrium of the ecosystem is
obtained. It is well known that the forest AGB variations should obey a parabolic
relationship with age, due to mortality which can be normally established on the
basis of measured forest AGB values against measured forest ages. In this study, an
empirical constant of 3% from the previous study (Zhong and Yin, 2008) was used
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which would bias the interannual forest AGB increments. The calibrated mortality
model based on the local forest AGB and ages’ maps can be expected to control this
biased behavior by providing stand-calibrated mortality ratios of forests.
The dendrochronological measurements collected from the field work took the
spatial variability (various climate, environmental, and stand conditions) of the
forests into account, and did a fairly good job of representing the overall
characteristics of the ecosystem. Good agreement for carbon fluxes validated using
EC measurements with a fine time resolution and dendrochronological
measurements with sophisticated considerations for the spatial variability of forest
processes made the incorporated strategy credible and replicable.
The methodology used in the present study for the dynamic modeling of forest
AGB information represents a sophisticated and innovative use of data and models
that, to our knowledge, has not been proposed in previous studies. The highaccuracy forest AGB map in 2009 was used as the reference then combined with
interannual forest AGB increments based on process-based simulations in order to
obtain interannual forest AGB dynamics. Forest changes such as afforestation and
deforestation, however, were not considered in this study. Afforestation and
deforestation for the locations studied have not been recorded or quantitatively
reported. However, within the conserved forest ecosystem, these activities have not
been carried out intensively because forest managers understand the need to balance
water demands for tree growth. Therefore, this type of anthropogenic activity poses
some, but not a large effect, on local forest processes. With the exception of a few
occasions of small natural disturbance (tree mortality caused by wind, land collapse,
and water scarcity), deforestation has less influence. Interannual forest AGB
dynamic information can also be utilized as a support for the routine analysis of
climate and environmental variations on forest ecosystem processes.

4.7

Conclusion

Feature type selection using RF opens the possibility of effectively constructing
optimal configurations for both SVR and k-NN for estimating forest AGB. When
working with a small training sample and high-dimensional remotely sensed
information, optimal configurations for the latter two non-parametric methods were
capable of embedding the selected feature types by generating reliable estimates
and reducing the risk of the overfitting problem. The substantial comparability of
forest AGB estimates obtained using these two methods indicated that sufficient
reference plots representing AGB grades were also important in addition to
parameters related to configurations. In the context of modeling for forest AGB
dynamics, the slightly outperforming k-NN configuration was applied in order to
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produce a regional forest AGB map. The map was then used as the basis for the
starting point for the 2000 to 2012 time-series analyses for forest AGB dynamics.
Three refined input sources were determined to largely improve GPP simulations
for the MOD_17 model as compared with original MODIS GPP products driven by
default parameters. The capacity of the optimized MOD_17 GPP model to precisely
represent the space-continuity GPP characteristics of the forests were incorporated
using the Biome-BGC model in order to depict time-continuity and critical
processes within the forest, after using the GPPs from former models to calibrate
the latter model over forests with various conditions (various climate,
environmental, and stand conditions). Due to extreme heterogeneity within the
QMs, the selection of forest plots that represents local conditions may be
suboptimal for the calibration phase.
In fact, such incorporation can make the Biome-BGC model more resistant to the
impacts of environmental variability, and forest stand diversity, which would bias
the simulations. Such an incorporation strategy can also alleviate the ‘ill-simulation’
problem associated with process-based models, where errors from calibration
phases are likely to be propagated to the end of the simulation. Validated by EC and
dendrochronological measurements in terms of GPP, NEE, and the annual forest
AGB increment primarily converted from NPP, the calibrated Biome-BGC
generated reliable forest carbon fluxes for the space-time-continuum. By combining
interannual forest AGB increments indirectly from the Biome-BGC with the basic
status of forest AGB of 2009, interannual forest AGB dynamic information can be
easily obtained. The dynamic modeling of forest AGB can capture detailed
characteristics of additional forest processes (transpiration, photosynthesis,
respirations, allocations, etc.) on finer space and time scales, and provide a
sophisticated understanding of these processes. Beyond this chapter, the impacts of
climatic variations on these processes can be analyzed using the meteorological
driving data. This comprehensive knowledge is vital for sustainable forest
management.
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Chapter 5
Estimating Zero-Plane Displacement Height and Aerodynamic
Roughness Length Using Synthesis of LiDAR and SPOT-5
Data *

*

This chapter is based on:
Tian, X., Li, Z. Y., van der Tol, C., Su, Z., Li, X., He, Q. S., Bao, Y. F., Chen, E. X., &
Li, L. H. (2011). Estimating zero-plane displacement height and aerodynamic roughness
length using synthesis of LiDAR and SPOT-5 data. Remote Sensing of Environment,
115, 2330-2341. DOI:10.1016/j.rse.2011.04.033.
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Abstract
In this chapter, a combination of low and high-density airborne light detection and
ranging (LiDAR) and Satellite Probatoire d’Observation de la Terre-5 (SPOT-5)
high resolution geometrical (HRG) data were used in conjunction with ground
measurements of forest structure to parameterize four models for zero-plane
displacement height d (m) and aerodynamic roughness length z0m (m), over the
forests in the airborne campaign area. The forest structural parameters including
tree height (Ht) (m), first branch height (FBH) (m), crown width (CW) (m) and
stand density (SD) (trees ha−1) were derived by stepwise multiple linear regressions
(SMLR) of ground-based forest measurements and height quantiles and fractional
canopy cover (fc) derived from the low-density LiDAR data. The high-density
LiDAR data, which covered a much smaller area than the low-density LiDAR data,
were used to relate SPOT-5's reflectance to the effective plant area index (PAIe) of
the forest. This was done by linear spectrum decomposition and Li–Strahler
geometric–optical models. The result of the SPOT-5 spectrum decomposition was
applied to the whole area to calculate PAIe (and leaf area index LAI). Then, four
roughness models were applied to the study area with these vegetation data derived
from the LiDAR and SPOT-5 as input. For validation, measurements at an Eddy
Covariance (EC) site in the study area were used. Finally, the four models were
compared by plotting histograms of the accumulative distribution of modeled d and
z0m in the study area. The results showed that the model using by frontal area index
(FAI) produced best d estimate, and the model using both LAI and FAI generated
the best z0m. Furthermore, all models performed much better when the
representative tree height was Lorey's mean height instead of using an arithmetic
mean.
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5.1

Introduction

The Monin–Obukhov Similarity (MOS) theory (Monin and Obukhov, 1954; Foken,
2006) has been frequently used in atmospheric models for numerical weather
prediction and climate research (Su et al., 2001). Two parameters play a central role
in MOS theory, notably the zero-plane displacement d and the roughness height z0m
(Garratt, 1994; Yang and Friedl, 2003). These two parameters significantly
influence the momentum exchange between the atmosphere and land surface, and
yet they are difficult to estimate in practice. Therefore, studies on d and z0m can
improve the understanding of the mechanism of momentum transport (Brutsaert,
1999; Krishnan and Kunhikrishnan, 2002; Koloskov et al., 2007).
Many methods exist to estimate d and z0m. These methods can be classified as either
experimental or remote sensing based. Experimental methods are based on
measurements of the vertical wind profile in and above the canopy. A disadvantage
of experimental methods is that the results are only locally valid, and scaling to the
grid cell of a climate or land surface model is difficult (Schaudt and Dickinson,
2000). As a consequence, most these models employ general expressions for d and
z0m as a function of the vegetation height h, for example d/h = 2/3 and z0m/h = 1/8
(Garratt, 1994), or use a look-up table based on the land cover types (Dorman and
Sellers, 1989; Wieringa 1986). Neither of these techniques can capture variations of
the density of roughness elements. Alternatives that make the inclusion of these
variations in density possible are remote sensing based methods. Robust scaling of
d and z0m to regional applications using remote sensing data may result in
representative values for grid cells in models (Nakai et al., 2008; Su, 2002; Verhoef
et al., 1997; Wang et al., 1998a; Wieringa, 1993).
In past decades, several models have been developed for d and z0m as functions of
(remotely sensed) vegetation physical structural parameters, such as leaf area index
(LAI) (Choudhury and Monteith, 1988), frontal area index (FAI) (Raupach, 1994;
Schaudt and Dickinson 2000), stand density (SD) and stem-branch-leaf
distributions (Nakai et al., 2008). Once these parameters and vegetation height can
be retrieved from remote sensing data with sufficient accuracy, they can be easily
integrated into these models to estimate regional d and z0m values.
Nevertheless, theoretical and practical problems have limited the retrieval of the
vegetation parameters from remote sensing data (Braswell et al., 2003; Hu et al.,
2004; Olthof and Fraser, 2007). The optical spectrum is insensitive to some of the
parameters of interest (for example, vegetation height). To some other parameters it
is only sensitive up to a limit above which the signal saturates (for example, LAI).
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In addition, retrieval techniques usually suffer from ill-posedness, especially in
sparsely vegetated areas with the fragmental landscape. Therefore, application of
estimating biophysical characteristics from remote sensing should be more
reasonable when it is based on physical algorithms, such as Geometric–Optical and
Radiative Transfer (GORT) model, rather than direct inference from spectral
indices (Hall et al., 1995; Song and Woodcock, 2002).
Airborne laser scanning (ALS) has recently led to a revolution in remote sensing
technology for characterizing the canopy structure, due to its ability to measure
three-dimensional information (Koukoulas and Blackburn, 2005; Maltamo et al.,
2004). The airborne light detection and ranging (LiDAR) sensor provides multiple
echoes per laser pulse. It has been applied successfully for measuring and
monitoring vegetation structural data across the landscape (Popescu and Wynne,
2004; Reutebuch et al., 2005; Salas et al., 2010).
This chapter used a combination of forest inventories, airborne LiDAR and a
satellite SPOT-5 HRG image as input for four existing models for d and z0m. The
four models were validated against d and z0m derived from Eddy Covariance (EC)
and wind profile measurements in a needle forest located in the study area. The four
tested models are those of Choudhury and Monteith (1988), Raupach (1994),
Schaudt and Dickinson (2000) and Nakai et al. (2008) (hereafter, CM88, RA94,
SD00, NA08 respectively).
First, by means of stepwise multiple linear regression models (SMLR), low-density
airborne LiDAR data was used to derive the forest structural parameters needed to
drive the four roughness models. Moreover, for models’ requests, the LAI input was
calculated based on the experimental adjustment coefficient and the effective plant
area index (PAIe) which was derived from the synthesis of high-density LiDAR and
SPOT-5 HRG data. Second, these parameters were validated against field
measurements obtained in the study area. Then, the validities of the four models
were compared by using forest structural measurements and forest structural
retrievals from remote sensing data respectively. Finally, the four resulting maps
(generated with the four models) of d and z0m were used for further statistical
analyses.

5.2

Site Observation

In this study, the EC measurements in June and August 2008 were used when the
airborne LiDAR data and SPOT-5 image were acquired, respectively. The
descriptions of the EC site, instruments and data processing have been given in
Section 4.2. Only the EC data under the neutral conditions during these months
90

Chapter 5

(June-August) were applied to Eqs. (5-1) and (5-2). Moreover, to avoid the effect of
the EC tower’s shadow, only a few wind speed measurements within a limited
range of the wind directions were used (Nakai et al., 2008). As azimuth angle of the
sonic anemometer (CSAT-3) is about 75˚ (clockwise from north), the range was
chosen as from 45˚ (equal to 75˚ － 30˚) to 105˚ (and to 75˚ ＋ 30˚). The
representative d and z0m were obtained by averaging the d and z0m calculations from
u1, u2 and the friction velocity u*, under the neutral conditions within this range.
To calculate d and z0m at forest site, under neutral conditions (|z/L| < 0.05, where L
is the Obukhov length), based on EC measurements: friction velocity (m s-1) at
heights z1 (20 m) and two wind speeds μ1, μ2 (m s-1) at heights z1 and z2 (24 m), the
following equations were used (Rooney, 2001; Nakai et al., 2008),
d=

z2 exp(ku1 / u * ) / exp(ku2 / u * ) − z1
exp(ku1 / u * ) / exp(ku2 / u * ) − 1

(5-1)

z1 − d
exp(ku1 / u * )

(5-2)

z0 m =

Within the airborne campaign areas, the PAIe of some forest plots were also
measured with LAI-2000 (LI-COR, Inc., USA).

5.3

Methodology

5.3.1

Remote Sensing Models for Estimating d and z0m

Four models were used to calculate d and z0m from forest structural parameters in
this chapter, and Table 5-1 lists the required input for each of the four models. The
estimation of the forest structural parameters from LiDAR and SPOT was described
in Section 5.3.3.
Table 5-1 Required inputs for the four tested roughness models.
Model
LAI
Ht
CW
FBH
CM88
*
*
RA94
*
*
*
SD00
*
*
*
*
NA08
*
*

SD
*
*
*

The first model is that of Choudhury and Monteith (1988). They used the secondorder closure model results of Shaw and Pereira (1982) to estimate d and z0m as
follows:
d = h ln(1 + X 1/ 6 ) + 0.03ln(1 + X 6 ) 

(5-3)
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1/ 2
 z +0.28hX
z0 m =  0s
0.3h(1 - d / h)

for 0 ≤ X ≤ 0.2
for 0.2 < X ≤ 2

(5-4)

where X = 0.2LAI, h is the height of the vegetation, and z0s is the soil surface
roughness, generally taken as 0.01m or 0.1 of the height of the vegetation
understory, for raw and vegetated substrates respectively (Shuttleworth and
Wallace, 1985; Yang and Friedl, 2003).
The second model, Raupach (1994), used observation data to fit the estimation of
normalized displacement height d/h and roughness length z0m/h, related to FAI (λ):
1.0 − exp(− a1λ )
d
= 1.0 −
h
a1λ

z0 m
z
=
a2 exp(−b2 λ c2 )λ d2 + 00
h
h

(5-5)

(λ ≤ 0.152)

(5-6)

z0 m
a
= d33 1.0 − exp(−b3 λ c3 )  + f 2
(λ > 0.152)
(5-7)
h
λ
where a1 = 15.0, a2 = 5.86, b2 = 10.9, c2 = 1.12, d2 = 1.33, a3 = 0.0537, b3 = 10.9, c3
= 0.874, d3 = 0.510 and f2 = 0.00368 and z00/h = 0.00086.

Frontal area index is calculated from the frontal area, Af, of each individual needle
tree as:
1
=
Af hs * ws + hc * wc
2

(5-8)
where hs is the FBH, ws is DBH, hc is the height of the crown (i.e. Ht-FBH), wc is
the CW. Then the FAI (λ) is calculated by total Af divided by the total area of the
plot.
In this chapter, Eq. (5-8) was further simplified by assuming that the frontal area of
the stem is much smaller than the frontal area of the crown (Schaudt and Dickinson,
2000):
Af =

1
hc * wc
2

(5-9)
The third model is that of Schaudt and Dickinson (2000), who estimated z0m/h and
d/h over coniferous forest by following expressions:
0.3299 L p1.5 + 2.1713
fz =
for L p < 0.8775
(5-10)
f z = 1.6771exp(−0.1717 L p ) + 1.0
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=
Lp

fv
f
LAI − b Lb
fc
fc

fd =
1.0 − 0.3991exp(−0.1779 L p )

(5-12)
(5-13)

where Lp is the mean plant LAI, Lb is background LAI, fb is the fraction of the
understory vegetation ( fv = fc + fb). Multiplying fz to right hand side (RHS) of Eq.
(5-6) or Eq. (5-7) gives roughness length as a function of both LAI and FAI. The
d/h is quantified by multiplying Eq. (5-13) by Eq. (5-5).
The forth model is that of Nakai et al. (2008). They considered the effects of SD,
stems/branches and leaves on d/h, based on the following assumptions:
− The fundamental d/h is mainly determined by the SD.
− The seasonal variation depends on the LAI, and the degree of this variation is
decided by the SD.
− Total d/h is the collection of above components.
Therefore, the total effect of stems/branches and leaves on d/h was written as
follows:
1.0 − exp(−αρ s ) 1.0 − exp(− β A)
d
(5-14)
= 1.0 −
αρ s
βA
h
where ρs is SD and A is LAI. Nakai et al. (2008) obtained values of the coefficients
α and β of α = 0.000724 and β = 0.273 by fitting Eq. (5-14) to monthly averaged d/h
from the EC measurements in their five forest sites. Finally, z0m/h was
parameterized by linear regression between d/h and z0m/h as follows:
z0 m
d
0.264(1.0 − )
=
(5-15)
h
h
5.3.2

Model Sensitivity

In order to compare model sensitivities and their dependencies on the roughness
elements conditions, a sensitivity analysis for four models was performed. The
sensitivity (Sj) of the model to an input parameter (j) can be expressed as:
Y j − Yr
=
∗100
Sj
(5-16)
Yr
where Yj is the modeling result driven by testing variable j, Yr is the result predicted
by the reference variable r.
The sensitivity tests were conducted for Ht, LAI, FAI and SD variables which
directly and significantly affect the d and z0m computations in the four models, as
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presented in Eqs. (5-3) ~ (5-7) and Eqs. (5-10) ~ (5-16). The tree measurement at
the EC site was used as the reference data r and 0.25×r, 0.75×r, 1.25×r and 1.75×r
were used as the testing variables respectively, because this range of values can
represent the majority of local roughness element conditions in the study area. The
testing variables were then applied to the four models with reference values used for
all other inputs to derive the d and z0m values respectively.
As the variations in all model estimates of d and z0m were the same as the prescribed
tree height deviations (i.e. d and z0m respond linearly to h in all models), the result
of tree height sensitivity was not presented here. The sensitivity results of LAI, FAI
and SD are shown in Table 5-2. In general, the models are more sensitive to
variations in tree height than in other parameters, except for FAI in RA94 and
SD00: in these models Sj reaches values to +100% when FAI reduces by -75%. This
value exceeds the sensitivity to tree height in both models (-75%). As both RA94
and SD00 used the same expression to derive d and z0m by FAI, they are equally
sensitive to FAI. The sensitivity to FAI of the SD00 model also exceeds the
sensitivity to LAI. In NA08, SD deviation generated higher discrepancy in both d
and z0m estimates than that LAI produced. It is also found that the sensitivity to LAI,
FAI and SD, is asymmetric: decreases engender higher Sj than increases. This
suggests that at higher values, the response of the models to these variables
saturates. The only exception is LAI is for CM88: when LAI is decreased by 75%,
then the error (Sj = +15.7%) is smaller than when it is increased by 75% (Sj = 25.5%). This is a particular case, caused by the alternative expression for LAI used
for values of LAI smaller than 1 in this model (see Eq. (5-4)).
Table 5-2 Sensitivities of the four models with different input parameter variations, as
fractions of their reference values.
Parameters
Models*
Deviation
CM88-d
CM88-z0m
RA94-d
RA94-z0m
SD00-d
SD00-z0m
NA08-d
NA08-z0m

LAI

FAI

0.25 0.75 1.25 1.75
Sj(%)
-16.3 -3.8 3.8 12.8
15.7 7.6 -7.6 -25.5
-16.1 -4.6 3.9 10.2
26.8 7.7 -6.6 17.2
-25.2 -7.2 6.2 16.4
37.4 10.7 -9.3 -24.3

0.25 0.75
Sj(%)
-22.6 -4.0
100 15.8
-22.6 -4.0
100 15.8
-

SD
1.25 1.75

0.25 0.75 1.25 1.75
Sj(%)
2.8 6.6
-10.1 -24.8 2.8 6.6
-10.1 -24.8 -28.2 -7.9 6.7 17.5
41.8 11.7 -10.0 -26.0

*-d and -z0m are d and z0m models in CM88, RA94, SD00 and NA08, respectively.

The sensitivities of these four models presented here are local sensitivities that
somewhat depend on the selection of the reference values. In this chapter, only one
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EC station in forested area is available. A more detailed sensitivity analysis with
other reference values is not very useful for this study, because the choice of
reference values would be rather subjective.
5.3.3

Forest Structural Parameters Estimated by Remote Sensing Data

The airborne LiDAR data was used to retrieve the fc, Ht, CW, FBH, SD and PAIe of
the forest. Specifically, the PAIe was derived by integration of linear spectrum
decomposition model with Li-Strahler’s geometric-optical model. In this way,
SPOT-5 and LiDAR data were combined, and uncertainties brought about by mixed
pixels could be reduced (Section 5.3.3.2).
5.3.3.1 LiDAR data process

Both low and high-density LiDAR data were processed. The low-density LiDAR
points were used to extract the digital surface model (DSM) and the digital
elevation model (DEM). First, the ground and vegetation points were identified
from the overall airborne LiDAR points using Terrasolid software. Then, the DEM
with 0.5 m resolution was generated based on the ground points and DSM from the
vegetation points. The normalized point (vegetation height) was defined as the
height difference between the DSM and the DEM. In order to reduce the influence
of the low shrubs, a threshold of 1.3 m was defined to remove normalized points
below it in order to refine the vegetation points (He, 2010). The fractional
vegetation cover fc was defined as the complementary of the fraction of laser beam
pulses that reached the ground:
fc = 1 −

P
P0

(5-17)

where P0 is the emitted laser beam and P is the penetrated beam.
The other relevant structural parameters were obtained by regression analyses
against field measurements in plots with a size of 20 by 20 m. This spatial
resolution was chosen in order to be consistent with the measured plot scale. SMLR
between two LiDAR parameters, notably the height quantiles (Magnussen, 1998;
Næsset, 2004; Lim and Treitz, 2004) and fc, and forest measurements of Ht, CW,
FBH, and SD were carried out.
The quantile describes the distribution and location of the sample, expressed as:
P( X ≤ θ p ) =
p
(5-18)
where P(X ≤ θp) is the cumulative distribution function, X is the population, θp is the
quantile of population X at p (0<p<1).
According to their heights, at each plot, the vegetation points were sorted by
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ascending order, from p = 5% to p = 95% (5% interval), resulting in 19 quantiles
(H05…H95, respectively).
Table 5-3 Stepwise multiple linear regressions for the forest structural parameters used
in this chapter.
Forest
Significant Regression Models
Correlation
Parameters Statistics
(R2)
Havg
H05
YHavg = 3.525+1.025*XH05
0.70
HL
H90, H35
YHL = 1.944+0.533*XH90+0.386*XH35 0.83
FBH
H05
YFBH = -0.145+0.581*XH05
0.67
CW
H65, fc
YCW = 1.643+0.136*H65+0.805*fc
0.36
SD
H95
YSD = 3467.4-137.41*XH95
0.40
* Havg is the arithmetical average tree height, fc is the fractional canopy cover and H05,
H35, H65, and H95 are the height quantiles of 5%, 35%, 65% and 95% respectively

As the stepwise multiple regressions were performed on basis of above 20 statistics
(19 quantiles, and fc, about 75% of measured forest plots (65 out of 85, by stratified
sampling)) were used to establish the relationships between above statistics and the
forest parameters needed in the four remote sensing roughness models. The optimal
regressions were found with SPSS statistical software (see Table 5-3).
For high-density LiDAR data covered area, fc was also calculated as the ratio of the
number of refined vegetation points over the total number of points.
5.3.3.2 Synthesis of LiDAR and SPOT-5 data

The high resolution DEM from the airborne LiDAR point cloud data was used to
geocode the aerial CCD image, thereafter both of them were applied to do the
ortho-rectification and topographic correction for the SPOT-5 image. The
atmospheric correction for SPOT-5 image was processed with the FLAASH model.
In Li-Strahler model, the average directional reflectance of a pixel can be expressed
as a linear combination of the following four components (Li and Strahler, 1985):
S = K sc Gsc + K sb Gsb + K dc Gdc + K db Gdb

(5-19)

where S is the mean reflectance from the target surface, Gsc, Gsb, Gdc and Gdb are the
reflected signals of sunlit crown, sunlit background, shadowed canopy and
shadowed background, respectively. K’s are the areal proportions of the four
components. Taking G0 as the overall reflectance of sc, dc and db and, Eq. (5-19)
can be simplified as:
(5-20)
=
S K sb Gsb + (1 − K sb )G0
and
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K sb =exp{−p m[sec θi ' + sec θ v ' − O(θi ,θ v , ϕ )]}

(5-21)

where θi and θv are solar and satellite zenith angle respectively, φ is the azimuth
angle between sun and satellite, O(θi, θv, φ) is an ‘overlap’ function, expressed as:
O(θi , θ v , ϕ ) =
(t − sin t cos t )(sec θi ' + sec θ v ' ) / π
(5-22)
cos t =

D=

h
b

D 2 + (tan θi ' tan θ v ' sin φ ) 2
sec θi ' + sec θ v '

tan 2 θi ' + tan 2 θi ' − 2 tan θi ' tan θ v ' cos φ
tan θ ' =

b
tan θ
r

(5-23)
(5-24)
(5-25)

where, h is tree height, b and r are major and minor radius of crown.
As the crucial parameter in Eq. (5-21), the treeness m connects the remote sensing
signal and forest structure. It is defined as：
m = r * r02

(5-26)

where ρ is the stand density, r0 is the average crown width.
Assuming the trees are distributed randomly in the plot, fc can be also expressed by
m (Li and Strahler, 1985),
f c = 1 − e −π m
(5-27)
According to Monsi and Saeki (2005), the light attenuated by the vegetation canopy
is related to vegetation structure and LAI, expressed as,
I = I 0 e − K ∗ LAI
(5-28)
where I and I0 are light radiation intensities below and above the canopy
respectively, k is extinction coefficient. Similarly, for penetrated laser beam of
LiDAR, it follows the relation with the emitted laser beam as:
P = P0 e − K ∗ LAI
(5-29)
Therefore Eq. (5-17) can be converted into:
1 − fc =
e − K ∗ LAI

(5-30)

As the laser echoes from the leaves were not separated from the overall return
points in this chapter, the derivation was PAIe rather than LAI. Assuming that the
leaf inclination angle complies with spherical-shape distribution, k equals to 0.5.
Considering that the airborne LiDAR data are taken from the nadir-looking
observation, PAIe can be estimated as (Bao, 2009):
(5-31)
PAIe ≈ −2 ln(1 − fc) =2π m
After accurate inversion of fc from dense LiDAR, parameter m was calculated with
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Eq. (5-26). This m was then used together with the geometric data of the SPOT-5
image to calculate Ksb with Eqs. (5-21) ~ (5-25). In this way a Ksb map for the area
of the high-density LiDAR campaign was generated. Based on the S samples of the
SPOT-5 image selected from this area, and substituting their Ksb into the linear
spectrum decomposition Eq. (5-20), the dimidiate end members Gsb and G0 were
obtained by factor analysis (Bao, 2009).
The values of Gsb and G0 found in this way were applied to the whole low-density
LiDAR campaign area, including to the part where dense LiDAR data were not
collected. Now the values for Gsb and G0 were used in the other direction, first to
generate the Ksb map for the processed SPOT-5 image (Eq. (5-20)), second to
calculate m by inversed Eq. (5-21) and Eqs. (5-22) ~ (5-25), and finally, to calculate
PAIe from m with Eq. (5-31).
As CM88, SD00 and RA08 use LAI as input rather than PAIe, the effects of tree
trunk, branch and foliage clumping on transforming PAIe to LAI should be taken
account into. The following formula developed by Chen and Cihlar (1996) was used
in this chapter,
(5-32)
LAI =
(1 − α ) * PAIe * γ e / Ωe
where α is the woody-to-total area ratio, γe is the needle-to-shoot area ratio and Ωe is
the element clumping index. In the study area, for Picea crassifolia, α, γe and Ωe
were found as 0.18, 1.23 and 0.88 respectively (Zou et al., 2009). These values in
Eq. (5-32) result in a ratio of LAI over PAIe of 1.15. One more point to be noted is
that, as only a small amount of understory mosses live on the forest floor, and the
points below 1.3 m have been separated from vegetation points, the LAI derived
from LiDAR and SPOT-5 was also used as a surrogate for Lp in Eqs. (5-10) ~ (513).

5.4

Results

5.4.1

Forest Structural Parameters Estimated from Airborne LiDAR and
SPOT-5 Data

The variables FBH, CW, SD and Ht (actually the Lorey's mean height (Lorey,
1878), discussed in Section 5.4.3, were derived at the plot scale by the relevant
height quantiles and fc from LiDAR vegetation points using regression expressions
listed in Table 5-3. Based on linear decomposition and Li-Strahler models, PAIe
and LAI were obtained by use of high-density LiDAR could point and SPOT-5
reflectance (Section 5.3.3.2).
For the Lorey's mean height (HL), FBH, CW and SD (see Fig. 5-1 (a) ~ (d)), the
stratified selection of 65 forest plots were used for training the regression models
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and the remaining 20 plots were used for validation. Actually, the original LAI2000 measurement was PAIe, therefore, instead of LAI, PAIe estimates were
validated directly using the measurements at 32 forest plots (see Fig. 5-1 (e)). On
the whole, the highest R2 among the retrievals was about 0.77 for HL (RMSE = 1.35
m), followed by PAIe with R2 = 0.75 (RMSE = 0.59), and the lowest R2 was about
0.47 for SD (RMSE = 534.52 trees), a little lower than FBH’s (R2 = 0.50, RMSE =
1.03 m) and CW’s (R2 = 0.59, RMSE = 0.68 m).

Fig. 5-1 Validation of HL (a), FBH (b), CW (c), SD (d) and PAIe (e) estimates from
LiDAR and SPOT-5 data. HL for Lorey’s mean height, FBH for first branch height,
CW for crown width, SD for stand density and PAIe for effective plant area index.
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5.4.2

The d and z0m Maps from Remote Sensing Models

Because the tree heights were available, the four maps of d and z0m, corresponding
to the four models, were generated (Fig. 5-2) rather than the fractional maps (d/h’s
and z0m/h’s in some previous studies). As input, HL and the LiDAR and SPOT-5
retrieved data were used.
Overall, the RA94 generated the highest d values with average of 10.61 but lowest
z0m values with average of 0.50. On the contrary, NA08 produced the lowest d
values with average of 6.82 but highest z0m values with average of 1.57. Both CM88
and SD00 derived the intermediate d and z0m maps with d average of 8.93 and 7.97,
and with average z0m of 1.16 and 1.03, respectively. When using the arithmetic
mean tree heights instead of HL, the mean d and z0m values were 6.59 and 0.42, 4.52
and 1.04, 5.91 and 0.77, 4.95 and 0.88, for RA94, NA08, CM88 and SD00,
respectively. The overall tendencies and patterns in the maps remained similar, but
averaged d and z0m values were lower for all four models than using the HL.
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Fig. 5-2 Area-wide d (left) and z0m (right) maps based on CM88 (a, b), RA94 (c, d),
SD00 (e, f) and NA08 (g, h) model (unit: meter). CM88, RA94, SD00 and NA08 are the
models of Choudhury and Monteith (1988), Raupach (1994), Schaudt and Dickinson
(2000) and Nakai et al. (2008), respectively.

5.4.3

Validation and Comparison of d and z0m Results

The results of the four methods for d and z0m estimates at the EC site are shown in
Table 5-5. As input, the forest inventory data, listed in Table 5-4 were used. It
turned out that for all methods, and both for d and z0m, it was better to use HL as
representative tree height than Havg. Indeed, the representative tree height of the plot
would be better expressed by weighting the tree heights of individual trees with the
basal areas than taking an arithmetic mean (Nakai et al., 2008). Furthermore, Nakai
et al. (2010) proposed that the cumulative basal area inflection (CuBI) height was
better index of aerodynamically-determined canopy height than HL, because HL
would be prone to a small value if there are a large number of low trees.
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But, the CuBI height seemed to be not applicable to some forest plots. For example,
in the EC site, only Logistic function and Beta growth function, Eq. (5-4) and Eq.
(5-10) in Nakai et al. (2010), can fit the plot of the measured cumulative basal area
against ascending tree height, and the other four functions were failed to produce
the fitting curve. However, the inflection points of these two fitting curves were
unrealistically high with 20.38 and 20.71 m respectively, which were higher than
the highest tree with 18.50 m.
Table 5-4 Input parameters based on tree measurements.
Forest parameter
Measurement LiDAR-SPOT-5 Estimation
Leaf area index
3.44
3.77
Frontal Area Index
1.38
1.48
Stand density
1440(trees ha-1) 1265(trees ha-1)
Arithmetical average tree height 9.50(m)
10.50(m)
Weighted average tree height
14.52(m)
14.33(m)
Table 5-5 Comparison of d and z0m from remote sensing models using the site
measurements as inputs with the EC measurements (unit: meter).
d with Havg
d with HL
z0m with HL
Method
z0m with Havg
CM88
6.32
9.66
0.95
1.46
RA94
7.43
11.36
0.44
0.67
SD00
5.82
8.90
0.84
1.28
NA08
5.67
8.67
1.01
1.54
EC
12.60
1.05

Table 5-5 shows that the RA94 produced the highest d but lowest z0m at this site,
and NA08 generated the lowest d but highest z0m. The other two models rendered
intermediate outcomes for both d and z0m. The RA94 was the closest to the EC
measurement of d, but underestimated z0m, whereas the SD00 was the closest to the
EC measurement of z0m, but underestimated d.
For these reasons, this chapter used HL for further analyses in this chapter:
N

Hl =

∑H
i =1

N

i

∗ Ai

∑ Ai

(5-33)

i =1

where Hi is single tree height, Ai is the tree basal area, N is the total of the trees.
In analogy to
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Table 5-5, Table 5-6 shows d and z0m for the EC site, now using retrievals from
LiDAR and SPOT-5 data as input. It should be noted that the site geographic
boundary contains some sub-pixels of remote sensing estimates. Therefore, inside
the site boundary, a zonal statistic analysis was performed to extract the average
values of input parameters needed in the d and z0m models. Comparing
Table 5-5 and Table 5-6 shows that the values for d and z0m derived with the two
input data sets are similar. It did not make a difference whether the LiDAR and
SPOT-5 or the field measurements were used as input for the four models. After all,
the remote sensing retrievals matched the measurements well (see Table 5-4). The
differences among the four models were higher than the differences caused by the
input data.
Table 5-6 Comparison of d and z0m from remote sensing models
SPOT-5 estimates as inputs with the EC measurements (unit: meter).
d with HL
Method
d with Havg
z0m with Havg
CM88
7.09
9.67
1.02
RA94
8.29
11.32
0.46
SD00
6.60
9.00
0.87
NA08
6.21
8.58
1.13
EC
12.60
1.05

using LiDAR and
z0m with HL
1.40
0.63
1.19
1.57

For further analyses, under the condition of only one validation point (the EC
station), the histogram and accumulative probability of the relative difference might
be the integrative illustration for the mutual area-wide maps’ comparison. Although
SD00 largely underestimated the d, it reproduced the EC measurement of z0m well.
Considering that most land surface models are more sensitive to z0m than to d, this
chapter used d and z0m values from SD00 as the references to calculate the relative
difference and to cross-compare the models,
S -S
S rd = v SD00
(5-34)
S SD00
where Srd is the relative difference of d or z0m, SSD00 is the SD00 modeled d or z0m
and Sv is the derived d or z0m from the other three models.
Then, the d and z0m values of each pixel in the maps of SD00 and other three
models were used to generate the d and z0m relative difference maps by Eq. (5-34).
The statistical information of these relative difference maps was shown by their
histograms and accumulative probability density curves (see Fig. 5-3).
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Fig. 5-3 Histograms (black column) and accumulative probability (blue line) of relative
difference of d (left) and z0m (right) from CM88 (a, b), RA94 (c, d) and NA08 (e, f) on
basis of SD00 estimates.

By analyses of these information, as a whole, for CM88, the relative difference of d
(drd) was moderate with mean (ū) = 0.13, standard deviation (σ) = 0.08, but the
relative difference of z0m (drz0m) (ū = 0.17 and σ = 1.08) was lowest among them.
Contrarily, NA08’s drd (ū = 0.14, σ = 0.09) was lowest but the drz0m (ū = 0.50, σ =
0.21) was similar to drz0m (ū = 0.51, σ = 0.06) of RA94 which generated the highest
drz0m (ū = 0.34, σ = 0.09). The accumulative probability density functions of the
differences drd and drz0m, showed that 95% of the area had values of drd and drz0m
below 26% and 36% for CM88, below 48% and 57% for RA94, and below 31%
and 77% for NA08.
104

Chapter 5

5.5

Discussion

In this chapter, the statistics of the cloud point of LiDAR measurements were used
to retrieve the vertical structure of the canopy. A more accurate alternative is to use
high-density airborne LiDAR cloud points or full waveform LiDAR observations.
In this way sufficient information on individual trees could be derived. The
disadvantage of this approach is that a single flight was insufficient: more
overpasses were needed.
As the remote sensing d and z0m models concerned, the LAI based model, CM88,
was originally designed for agriculture, thus it might be more applicable in low
vegetation area than in high canopy cover. For herbaceous plant or crop, CM88
could represent the roughness element density by LAI, but, for forest, there is no
clear relationship between roughness element density (here refers to SD) and LAI.
However, according to CM88, z0m/h will monotonically decrease with increasing
LAI. It has been well recognized that z0m widely varies (Shaw and Pereira, 1982;
Garratt, 1994). It would decline when the canopy aggregates and the high foliage
density opposes a resistance to the airflow, as the airflow exerts drag only near the
top of the canopy. Conversely, when the canopy becomes sparser, the drag would
reduce again. Therefore, z0m should peak at some intermediate value of the
roughness element density (Schaudt and Dickinson, 2000). Schaudt and Dickinson
(2000) illustrated this kind of z0m variation with LAI and fc in forest area and Zhou
et al. (2006) also figured out it in both experimental agriculture and forest sites.
For RA94, there is also the analogous problem to express the roughness element
density by FAI. The experiments of Raupach (1994) were mainly carried out on
dense vegetation or solid blocks, and might not be well suited for sparse roughness
element (Schaudt and Dickinson, 2000). For uniformly distributed forest with
homogeneous canopy shape, FAI might be proportional to the tree density. Due to
the complexity of the canopy shapes and overlaps of the crowns, it is hard to
determine the relationship between FAI and the density. Moreover, the site
dependent coefficients (i.e. a1-a3, b2, b3, c2, c3, d2, d3 in RA94) might be suitable at
the specific patches, but probably be invalid at elsewhere.
A generally applicable model would probably consider more factors affecting the d
and z0m, such as limiting infinite LAI by FAI (as in SD00), and inter-site difference
presented by SD and seasonal variations depicted by LAI (as in NA08). As NA08’s
z0m expression was established by linear fitting the observed d/h against z0m/h, the
site calibrated coefficient might be not appropriate to this site. SD00 also involves
site dependent coefficients, as it was developed on basis of RA94. Although, the
SD00 produced the most close z0m to the EC observation, but it underestimate the d
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to a large extent as well. It might be explained by that, as the EC tower is
surrounded by mountains which are close to (about several hundred meters) and
higher than the tower, the winds could be elevated by them.
It is necessary to stress that, although DSM and DEM from LiDAR were used to
retrieve the height quantiles, the effect of topography on d and z0m was not taken
into account in this chapter. For the models using FAI (RA94 and SD00), the
computation of FAI should consider the variation of the elevation. Moreover, the
shape of frontal surface perpendicular to the airflow depends on the wind direction
and then FAI will fairly vary. To analyze the topographic and wind directional
effects, the footprint of the EC tower should be determined firstly. For this purpose,
high-density LiDAR data covering the EC tower could be used, as this can provide
precise individual tree structural information. The local landscape and topography is
very complex, and therefore, a careful analysis of high-density LiDAR data would
be required. This is beyond the scope of this chapter. It could also be of interests if
the performances of geometrical models (i.e. RA94, SD00) and those of
computational fluid dynamics models are cross-compared.
Generally, a better model performance at the site scale does not mean a wider
applicability. For regional retrieval the crucial point is whether the model inputs can
be retrieved with sufficient accuracy from remote sensing. Once the robust relevant
vegetation structural parameters can be derived by remote sensing method, such as
applying interferometric Synthetic Aperture Radar (InSAR) and polarimetric
interferometric SAR (POLInSAR) techniques for satellite SAR data, analyzing
point cloud or waveform data from satellite vegetation canopy LiDAR, these kinds
of remote sensing d and z0m models can be practically applied at regional scale. In
advance to that, this chapter explored to take the advantages of LiDAR point cloud
in providing precise three-dimensional information and SPOT-5 imagery in high
spatial resolution and multi-spectral information to derive the area-wide d and z0m
maps.
Besides the bio-spatial maps including HL, FBH, CW, SD and LAI retrievals
needed by the land surface model, maps of d and z0m can improve eco-hydrological
process simulation for the local watersheds. In the study area, eco-hydrological
processes in Dayekou and Pailugou watersheds are much critical for the following
reaches supported by upper snow-melting water resource. Moreover, these high
resolution thematic maps are directly applicable for the d and z0m up-scaling study.
These in turn are very important for estimating the regional heat transfer when the
medium resolution satellite data (i.e. Landsat TM, ASTER, MODIS) are applied by
remote sensing energy balance models such as SEBS (Su, 2002).
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5.6

Conclusion

This chapter presented the first study to apply airborne LiDAR point cloud data and
satellite SPOT-5 image to estimate the d and z0m. Based on four models (CM88,
RA94, SD00, and NA08), the generated area-wide d and z0m maps are more
applicable than the normalized d/h and z0m/h maps which were normally retrieved
from satellite remote sensing data with absence of roughness element height
information.
At the forest site, using the inventoried forest structural data, it was tested by EC
measurements that, using HL, all models performed much better than using the
average tree height. Using representative roughness height, among all the model’s
performances, SD00 outperformed the others in estimating z0m, but it estimated d
much lower, and RA94 performed most closely to the measurement in retrieving d,
but it rendered the lowest outcome of z0m. The lowest d but largest z0m estimates
came from the NA08. CM88 it produced intermediate values of d and z0m.
Reasonable HL (R2 = 0.77), FBH (R2 = 0.50), CW (R2 = 0.59) and SD (R2 = 0.47)
estimates were derived by the regression models related to the height quantiles and
fc from low-density LiDAR point cloud data. Taking the effects of tree trunk,
branch and leaf cluster into account, LAI was calculated by multiplying
experimental adjustment coefficient (1.15) and inversed PAIe (R2 = 0.75) from
synthesis of high-density LiDAR (small area) and SPOT-5 data (large area) based
on linear spectrum decomposition and Li-Strahler models. Subsequently, using
these retrievals, the four remote sensing d and z0m models were applied to retrieve
the area-wide d and z0m maps. During this process, the tendency of each model
behaviour coincided to its former performance driven by forest measurements at the
site.
For the comparisons of their entire maps, histograms of relative deviation, using the
SD00 as a reference, were analyzed by their statistics information and accumulative
probability distributions. On the whole, the variances of other three models
compared with the SD00 maps complied with the tendencies as those from site
comparisons carried out by both measurement and remote sensing derived results.
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Simulation of Evapotranspiration Using Time-Series
Parameterization of The Surface Energy Balance System
(SEBS) Over Forests Within The Qilian Mountains *
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Abstract
Many remote sensing based land surface models resolve evapotranspiration (ET)
from land surface energy balance, using land surface temperature (LST) as the
primary input. These models are typically very sensitive to the surface roughness, a
parameter that is difficult to estimate, especially for forests. This chapter proposes a
long-term parameterization scheme for two critical roughness parameters, zeroplane displacement height (d) and aerodynamic roughness length (z0m), which this
study further uses in the Surface Energy Balance System (SEBS). First, regression
relationships between forest vertical parameters (Lorey height and the frontal area
index (FAI)) and measured forest above-ground biomass (AGB) were calibrated.
Next, interannual Lorey height and FAI values were derived from regression
models and corresponding forest AGB dynamics simulated from synergistic
simulations based on two ecological models (the MODIS MOD17 (MOD_17) GPP
and the Biome-BioGeochemical Cycles (Biome-BGC) models) and a forest basis
map for 2009 obtained from the Landsat Thematic Mapper 5 (TM). Using refined
eight-day Global LAnd Surface Satellite (GLASS) LAI products, these dynamic
forest vertical parameters were applied for estimating eight-day d and z0m values. d
and z0m values were further inputted into the kB-1 model in order to derive the heat
roughness length (z0h) values. With the incorporation of original MODIS products
(the Normalized Difference Vegetation Index (NDVI) and land surface temperature
(LST)), refined GLASS Albedo products, and downscaled meteorological estimates
obtained from the Weather Research and Forecasting (WRF) model, the SEBS
model was used to simulate long-term forest ET from 2000 to 2012 within the
Qilian Mountains (QMs). As compared with MODIS MOD16 ET (MOD16_ET)
products, ET estimates from the SEBS agreed much better with Eddy Covariance
(EC) measurements ( a R2 = 0.80 and a RMSE = 0.21 mm day-1). The results of
SEBS in estimating ET performs well if the variability of forest roughness
parameters is taken into account.
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6.1

Introduction

The hydrological cycle is critical for the function and sustainability of terrestrial
ecosystems (Bouwer et al., 2008). As the principle component of terrestrial
hydrology, evapotranspiration (ET) is affected by both biophysical and
environmental processes at the interface of soils, vegetation, and the atmosphere,
thereby linking hydrological, energy and carbon processes (Fisher et al., 2008; Jung
et al., 2010; Liu et al., 2013). Globally, ET returns approximately 60% of landbased precipitation to the atmosphere (Oki and Kanae, 2006; Trenberth et al., 2007)
and consumes more than 50% of the solar radiation absorbed by the land surface
(Trenberth et al., 2009). Through ET and photosynthesis, ET is dynamically
connected with water, energy and carbon processes. Therefore, within the
atmospheric surface layer, ET affects environmental conditions through the
turbulent exchange of momentum, heat, and moisture (Molders and Raabe, 1996;
Koster et al., 2004; Spracklen et al., 2012). In return, environmental variation
controls diverse physical and eco-physiological processes within terrestrial
ecosystems and, finally, alters the mass and energy exchange of land-atmosphere
interactions leading to direct climate impacts (Jung et al., 2010; Githui et al., 2012;
Campos et al., 2013; Keenan et al., 2013). Considering the importance of ET, the
characterization of its spatiotemporal variability is critical for better understanding
interactions between the land and atmosphere, the sustainable management of water
resources, and the response of terrestrial ecosystems under climate change (Wang et
al., 2009, 2013b; Yuan et al., 2010; Fisher et al., 2011; Zeng et al., 2012).
As one of the most important parts of the terrestrial ecosystem, global forests
account for approximately 45% of total terrestrial ET (Oki and Kanae, 2006). Under
conditions of global warming, forest ET has been considered to be an important
indicator of water availability in natural ecosystems as well as for human needs
(Jackson et al., 2001). In particular, the routine monitoring of the forest ET in the
headwaters of basins is critical, because these headwaters often provide water to
ecosystems downstream. Knowledge of the dynamics of the headwaters is therefore
relevant for the sustainable development of entire basins. The water supply in the
cold and arid Heihe River Basin (HRB) located in northwestern China is entirely
dependent on its headwaters, and water conflicts are severe and information
regarding forest processes is urgently needed.
In situ measurements using weighing lysimeters, Bowen ratios, sap flow meters,
Eddy Covariance (EC) and scintillometers are considered reliable for quantifying
ET individual sites or small footprints (Li et al., 2009b; Wang and Dickinson, 2012;
Liu et al., 2013). However, these types of measurements are unsuitable for large
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scales. An alternative approach is to use remote sensing information in order to
characterize spatiotemporal land surface information over large areas. With the
incorporation of meteorological and other auxiliary data, remote-sensing-based
methods can map various large-scale patterns of ET in a globally consistent and
economically feasible manner by linking surface parameters and energy balance
with ET (Kustas and Norman, 1996; Su, 2002; Ju et al., 2010; Yang et al., 2012). In
general, land surface parameters retrieved from remote sensing data such as the
Normalized Difference Vegetation Index (NDVI), the leaf area index (LAI),
Albedo, temperature and Emissivity have been used to drive ET models (Yuan et
al., 2010; Ryu et al., 2011).
The following four types of remote-sensing-based ET models having been
developed in the past few decades: 1) surface energy balance models (Bastiaanssen
et al., 1998; Su, 2002; Miralles et al., 2011; Anderson et al., 2012), 2) empirical
statistical models (Wang and Liang, 2008), 3) physical models (Mu et al., 2007;
Zhang et al., 2010a) and 4) water balance models (Rodell et al., 2011; Sahoo et al.,
2011). Although they have been applied over a number of study areas, uncertainties
related to the disadvantage of these models and their inputs, and parameterization
and scaling schemes still exist (Su et al., 2006; Fernández-Prieto et al., 2012; Jia et
al., 2012; Liu et al., 2013; Chen et al.,2013; Chen et al., 2014). As far as remote
sensing techniques are concerned, the availability of measurements or simulations
of land surface and atmospheric parameters has been increasing, and the
improvement of model performance through the integration of various techniques
and data sources has received renewed global interest.
As one of the most widely used and validated ET models, the Surface Energy
Balance System (SEBS) developed by Su (2002) estimates turbulent heat fluxes by
means of Moni-Obukhov Similarity (MOS) theory (Monin and Obukhov, 1954;
Foken, 2006). Several important parameters are a part of MOS and SEBS including
zero-plane displacement (d), roughness height (z0m), and heat roughness height
(z0h). The scalar z0h can be calculated from z0m using the kB-1 model that provides
excess resistance for heat transfer . For d and z0m, experimental methods based on
measurements of turbulent fluxes can provide estimates, but are only locally valid
and cannot be scaled to larger areas. Alternatively, remotely sensed methods have
been developed for these parameters using functions of vegetation structural
parameters (i.e., LAI, (Choudhury and Monteith, 1988), frontal area index (FAI)
(Raupach, 1994), both LAI and FAI (Schaudt and Dickinson 2000), stand density
(SD) (trees ha-1) and stem-branch-leaf distributions (Nakai et al., 2008)). For the kB1
model, some studies have improved its parameterization (Su et al. 2001; Yang et
al., 2002; Chen et al., 2013b). However, few have focused on forests.
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The previous study in Chapter 5 demonstrated the advantages and disadvantages
for four notable models for retrieving d and z0m values in forests located within the
Qilian Mountains (QMs), the headwater area of the HRB. A key parameter needed
for d and z0m estimates is forest height. Other vegetation structure parameters
further affect the ratios of d or z0m over forest height (d/h or z0m/h) to vegetation
structural parameters. In combination with forest measurements, remote sensing is
capable of providing reliable instantaneous retrievals of forest heights that can be
used to parameterize d and z0m models on certain time scales when forest structural
parameters (height, LAI, FAI, etc.) and thus d/h or z0m/h are assumed to be
unchanged. For long-term parameterization, LAI can easily be obtained from
moderate resolution remote sensing data (i.e., MODIS) within a fine time
resolution. However, the time-series retrieval for other parameters is a problem,
especially for young and immature forests. Normally, the structure (including
height and FAI) of young and immature forests greatly changes within a few years.
If constant structural information is used to parameterize the d, z0m and z0h, then
uncertainties will be propagated into ET due to the sensitivity of ET to these
parameters in models such as SEBS.
This chapter proposes a time-series parameterization scheme for d, z0m, and z0h
using a combination of forest AGB dynamics and remote sensing data. Specifically,
the use of regression relationships for forest vertical parameters (forest height,
actually the Lorey's mean height (Lorey, 1878), and FAI) versus forest AGB were
established based on measurements. Thus, interannual vertical parameters from
2000 to 2012 were connected with the corresponding forest AGB dynamics
obtained from the synergistic simulations in Chapter 4. The refined MODIS LAI
products from the Global Land Surface Satellite (GLASS), together with these
vertical parameters were applied in order to parameterize d, z0m, and, then, z0h using
the outperforming roughness model determined in Chapter 5 and the kB-1 model.
Afterward, the original MODIS products (NDVI and LST), the refined GLASS
Albedo products, and downscaled weather research and forecasting (WRF)
simulations were applied in order to drive the SEBS so that estimates for forest ET
over the QMs, from 2000 to 2012, were obtained. Finally, two-year (2010-2011)
comparisons amongst MODIS MOD16 ET (MOD16_ET) products, SEBS ET
outputs and EC measurements were conducted.

6.2 The Observations and Study Data
The EC and forest inventory measurements used in this chapter were the same as
those in Section 4.2. The major input variables for SEBS include meteorological
data (air temperature, wind speed, air and vapor pressures, and downwelling
shortwave and long-wave radiation), and land surface parameters (LAI, LST,
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Albedo and NDVI). Meteorological forcing data for the HRB downscaled from
estimates of the WRF model by using the meteorological model (MicroMet) (Liston
et al., 2006), were used in this study. Past experiments have determined that the
data is reliable (Pan and Li, 2011; Pan et al., 2012). Land surface parameters were
derived from MODIS data. Innovative MODIS products including LAI and Albedo
were obtained from GLASS (http://glass-product.bnu.edu.cn) (Liang et al., 2013),
and others including NDVI and LST were downloaded from the National
Aeronautics and Space Administration (NASA) (http://ladsweb.nascom.nasa.gov).
To perform multiple comparisons, 1 km, eight-day MOD16_ET products obtained
from 2000 to 2012 were downloaded from the Numerical Terradynamic Simulation
Group (NTSG) (http://www.ntsg.umt.edu/project/mod16) of the University of
Montana.

6.3 Methodology
6.3.1 The Surface Energy Balance System
SEBS is an advanced single source model developed by Su (2002) for estimating
turbulent heat fluxes based on energy balance (EB) and employs the evaporative
fraction (ETF) for estimating actual ET (AET) by accounting for water limiting
(wet-limit and dry-limit) cases (wetness and dryness). Briefly, SEBS consists of the
functions of land surface parameters derived from remote sensing data, a model of
dynamic roughness lengths with a reference to heat transfer, and the determination
of ETF.
Abiding by the theories of EB, bulk atmospheric similarity (BAS) (Brutsaert, 1999)
and MOS (Monin and Obukhov, 1954), based on a combination of physical land
surface parameters obtained from remote sensing data and meteorological forcing
data, SEBS has proven to be a reliable remote-sensing-based ET model in numerous
studies conducted over multiple ecosystems and under various climate and
landscape conditions (Su, et al., 2005; Pan et al., 2008; Sobrino et al., 2013;
Chirouze et al., 2014; Ma et al., 2014; Pardo et al., 2014). However, few studies
have focused on forests (Zhou et al., 2006; Ershadi et al., 2014; Zhuo et al., 2014),
especially those located in cold and arid regions.
A concise description of the SEBS algorithm is provided below. Details can be
found in Su (2002). Basically, the surface energy balance is expressed as follows:
Rn = G0 + H + λ E
(6-1)
where G0 is the soil heat flux; Rn is the net radiation; H is the sensible heat flux; and
λE is the latent heat flux (λ is the latent heat of vaporization (J g-1) and E is the
AET). Surface available energy (H+λE) is generally used to partition the energy
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exchange for heat and water vapor. The unit for Eq. (6-1) is watts per square meter
(Wm-2).
To derive sensible and latent heat fluxes, the theory of BAS (for the mixed layer of
the atmosphere) or MOS (for the atmospheric surface layer (ASL)) was employed.
In most cases, MOS relationships for profiles of mean wind speed, u (ms-1), and
mean temperature, θ0-θa, were applied in SEBS, and the integral form was written
as follows (Monin and Obukhov, 1956):
u=

θ s −θ a
=

 z−d
z 
z−d
) −Ψ m (
) + Ψ m ( 0m ) 
ln(
z0 m
L
L 


(6-2)

 z−d
z 
z−d
) −Ψ h (
) + Ψ h ( 0h ) 
ln(
ku* ρ c p 
z0h
L
L 

(6-3)

u*
k

H

where u* is the friction velocity (m s-1) calculated as (τ0 /ρ)1/2; τ0 is the surface shear
stress (kg m s-2); ρ is the air density (kg m-3); k = 0.41 is von Karman’s constant; z
is the height of the measurement; d is the zero displacement height (m); z0m is the
aerodynamic roughness length for momentum transfer; θ0 is the potential
temperature (K) at the surface; θa is the potential air temperature (K) at z; cp is the
specific heat capacity of air at constant pressure (J kg-1 K-1); z0h is the roughness
height for heat transfer (scalar); and Ψm and Ψh are the stability correction functions
for momentum and heat transfer. L is the Obukhov length (m) defined, as follows:
ρ c p u*3θ v
L= −
(6-4)
kgH
where g is the acceleration of gravity (m s-2) and θv is the atmospheric virtual
potential temperature (K).
Obviously, both the zero-plane displacement height (d) and the roughness lengths
(z0m and z0h) are critical parameters for determinations of momentum and heat
transfer between the land surface and the atmosphere. The kB-1 model linking z0m to
z0h is expressed as follows:
z0 h =

z0 m
exp(kB −1 )

(6-5)

where kB-1 is a scalar heat transfer coefficient called the inverse Stanton number.
In SEBS, Su (2002) proposed kB-1 as follows:
kB −1 =
f c2 kB −fc1 + 2 f c f s kB −fcfs1 + f s2 kB −fs1
(6-6)
−1
where fc is the fractional canopy coverage and fs is that of soil; kB fc represents the
−1
−1
canopy; kB fs represents bare soil; and kB fcfs represents mixed bare soil and canopy.
The energy balance of a limiting case at dryness and wetness are then used to

estimate the relative evaporative fraction ( Λ r ), as follows:
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Λr = 1 −

H − H wet
H dry − H wet

(6-7)

where Hwet is H at wetness and Hdry is dryness. Both were estimated as described in
Su (2002).
The evaporative fraction ( Λ ) is calculated as follows:
Λ r × λ Ewet
λE
=
Λ
=
(6-8)
R −G
R −G
n

0

n

0

where λEwet is λE at wetness.
Finally, λE is determined by the following equation:
λ E = Λ × ( Rn − G0 )

(6-9)
In practice, the remote sensing data used in SEBS represents instantaneous
information of the land surface. The evaporative coefficient is assumed to be
constant throughout the day, and, finally, daily evapotranspiration is expressed, as
follows:
Edaily
=

24



h=0



∑ Λ ×

( Rn − G0 ) 
R − G0
= 8.64 × 107 × Λ × n
lρ 
lρ

(6-10)

where Edaily is the daily ET (mm d-1) and Rn and G0 are the mean daily net
radiation (Wm-2) and mean daily soil heat fluxes that can be assumed to be
negligible for the entire day.
In brief, SEBS generally requires two sets of driving data, remotely sensed land
surface parameters (for example, Albedo, LST, LAI and NDVI) and meteorological
data (for example, air temperature, wind speed, air and vapor pressures, and
downwelling shortwave and long-wave radiation).
6.3.2

Roughness Length Models

Based on the aforementioned importance of d, z0m and z0h, the parameterization
scheme should first optimize d and z0m through use of the roughness model and z0h
through use of the kB-1 model. The process of estimating d and z0m was validated
using EC measurements in our previous study. The model of Schaudt and
Dickinson (2000) (SD00) indicated superiority for estimating z0m but was
compromised for d. Since ET estimates are more sensitive to z0m and z0m directly
affects the z0h value, the SD00 model was employed to parameterize d and z0m.
Three parameters, including forest height, LAI and FAI, are required for the SD00
model (see Section 5.3.1)
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6.3.3

Long-Term Parameterization for SEBS

For dynamic parameterization of d, z0m, and, thus, z0h, the long-term (from 2000 to
2012) eight-day GLASS LAI products were directly inputted into the SD00 model.
No remote sensing products for forest height and FAI are currently available
although these products could be retrieved from a combination of multi-temporal
remote sensing data and corresponding forest measurements with short time
intervals (at least several years intervals, i.e., 3-5 years). Due to the limited
accessibility of forest areas, comprehensive forest measurements over the QMs at
such short time intervals are impractical.
To derive long-term forest vertical parameters, forest Lorey height and FAI,
regression relationships were first established between these parameters and forest
AGB based on field survey measurements. As a result of these two regression
models (Lorey height versus AGB and FAI versus AGB), the interannual forest
Lorey height and the FAI were then regressed using interannual forest AGB
dynamics from the study in Chapter 4.

6.4

Results

6.4.1

The Parameterization of SEBS

Forest Lorey height was fitted against forest AGB based on both the DBH and tree
height measurements from 119 plots (out of the total 133 plots). FAI versus forest
AGB was based on tree height, FBH and crown width measurements from 70 plots
(Fig. 6-1).
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Fig. 6-1 The fitting regression of forest Lorey height (a) and FAI (b) against forest AGB
based on measurements.

For Lorey height, the fitting regression was:
=
YL 1.055 × X 0.544

with R2 = 0.52 and RMSE = 2.35 meters.
For FAI, the fitting regression was, as follows:
=
YFAI 0.133 × X 0.539
2

(6-11)

(6-12)

with R = 0.36 and RMSE = 0.35 (scalar).
Interannual forest Lorey height and FAI parameters were derived from Eqs. (6-11)
~ (6-12), and corresponding forest AGB dynamics. Afterwards, eight-day GLASS
LAI products were applied into SD00 model to estimate corresponding eight-day d
and z0m, d and they were further applied in order to estimate eight-day z0h values
using the kB-1 model.
6.4.2

A Comparison of ET Estimates between EC Measurements, SEBS
Simulations and MODIS MOD16 Products

By incorporating original eight-day MODIS products (NDVI, LST), eight-day
GLASS Albedo products, and the downscaled WRF estimates (air temperature,
wind speed, air and vapor pressure, and downwelling shortwave and long-wave
radiation), the parameterized SEBS was employed to simulate eight-day ET from
2000 to 2012. Comparisons amongst the eight-day average ET estimates during
2010 and 2011 from EC, SEBS and MODIS products are shown in Fig. 6-2.
Validated using EC measurements, the parameterized SEBS generated reliable
eight-day average ET with a R2 = 0.80 and a RMSE = 0.21 mm day-1. The
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MOD16_ET model biased the simulations with a R2 = 0.35 and a RMSE = 0.76 mm
day-1.

Fig. 6-2 Validation of the eight-day average SEBS simulated ET by EC measurements.

SEBS slightly underestimated ET during the forest growing seasons (summer and
autumn) during 2010 but overestimated ET for the growing seasons during 2011.
Clearly, the MOD16_ET model largely underestimated ET for the growing seasons
but significantly overestimated ET during the spring seasons when SEBS matched
well with EC measurements.
6.4.3 Interannual ET Simulations Using SEBS
Interannual annual ET averages QM forests are listed in Table 6-1. This table shows
that the highest annual average of forest ET (316.73 mm) occurred during 2003 and
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the lowest (201.60 mm) occurred during 2009. Corresponding forest ET dynamics
of from 2000 to 2012 are provided in Fig. 6-3.
Table 6-1 The statistics for interannual forest ET averages (ET) (unit: mm) simulated by
SEBS over the QMs from 2000 to 2012.
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Year

2000

2001

2002

2003

2004

2005

2006

ET

244.14

281.23

299.21

316.73

271.24

289.60

247.60

Year

2007

2008

2009

2010

2011

2012

ET

277.37

254.53

201.60

221.86

236.39

289.67
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Fig. 6-3 Interannual dynamics of forest ET simulated by SEBS over the QMs from 2000
to 2012.

6.5

Discussion

The zero-plane displacement height (d) and aerodynamic roughness length (z0m)
have been widely used in ET models that include MOS theory, such as the SEBS
model. As indicated by previous studies (Schaudt and Dickinson, 2000; Nakai et al.,
2008; Tian et al., 2011), vegetation vertical parameters (i.e., height and FAI) are
critical for estimates of d and z0m obtained via remote-sensing-based roughness
models (Raupach, 1994; Schaudt and Dickinson, 2000; Nakai et al., 2008).
However, few studies have focused on the long term parameterization scheme of
z0m and d while considering the variation of vertical vegetation information in time.
Vegetation height is commonly derived from vegetation indexes (i.e., NDVI, LAI)
using time-series remote sensing data, which may be suitable for low vegetation
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(for example, pastures, crops, shrubs, etc.). However, this is not possible for
growing forests. Vegetation indexes in the QM represent a mixture of the top
canopy and the understory in forest gaps. Therefore, NDVI and LAI cannot provide
vertical dynamic information for forests.
In this study, dynamic forest vertical information of height and FAI were obtained
from field calibrated regression models and interannual forest AGB variations. In
particular, instead of the arithmetical mean height, Lorey height was derived by
considering its better expression to forest stand status as well as to d and z0m (Nakai
et al., 2008; Tian et al., 2011). Considering the high heterogeneity of local forests,
regression relationships (forest Lorey height versus forest AGB and FAI versus
forest AGB) established on the basis of forest measurements were reasonable.
However, due to natural and anthropogenic disturbances as well as the self-adaption
of forests, Lorey height and FAI are apt to defy the regressions. For example, as a
result of self-thinning adaption, matured or over-matured forests would definitely
change SD (trees ha-1) in order to keep ecosystem balance, resulting in an increase
in forest height but a decrease in forest AGB. As it is well known, forest AGB
levels should obey a parabolic relationship between forest AGB and forest age. In
this study, regression models based on measurements without forest age
information would be biased. Because, in practice, different forest heights exist in
stands that have a similar forest AGB level but various stand densities. Further
exploration should take forest stand age and forest SD into account. Alternatively,
continuous national forest inventories with a five-year interval and upcoming active
spaceborne remote sensing (Synthetic Aperture Radar (SAR) and Light Detection
and Ranging (LiDAR)) with the ability to derive multi-temporal forest vertical
parameters could be helpful for calibrating the deviations for local forest vertical
information.
Further improvement of ET can be obtained from more accurate meteorological
inputs, although in this study meteorological inputs have been verified to be
reliable. Some improvement of wind speed and downwelling long-wave radiation
estimates are still possible (Pan et al., 2012). As indicated by the HiWATER team,
other improvements for long-term MODIS LST inputs can also be expected (Zhou
et al., 2014). Using unreliable meteorological inputs and MODIS LST products for
SEBS would result in deterioration for the agreement of both H and λE and, thus,
ET with EC measurements (Su et al., 2007a; Tang et al., 2011; Zhou et al., 2014).
The SEBS model has been proven to be reliable for multi-scale ET estimations.
However, only a few studies have hitherto focused on short term simulations within
forests (Zhou et al., 2012; Ershadi et al., 2014). Due to complicated heat transfer
mechanisms within forests and their surroundings, SEBS cannot consistently
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capture the ET process. For the cold and arid forests with high heterogeneity in this
study, climate and environmental factors were found to enhance the complexity of
the ET process. For example, melting snow in the canopy and underground possibly
has a large impact on the ET process. Some sharply increasing daily ET values were
found for EC measurements during the later spring and early summer indicate that
this is the case. Further improvements should be expected if soil moisture
simulations and snow melt monitoring modules are embedded into the SEBS
algorithm (Gökmen et al., 2012). Such additions could make SEBS more applicable
for multiple biomes and various climate and environmental conditions.

6.6

Conclusion

This study proposed a time-series parameterization scheme (for the years 2000 to
2012) for two critical parameters (d and z0m) using MOS theory which is the basic
mechanism for the SEBS. Two parameters (forest height and FAI) of the SD00
model were calibrated against forest measurements using regression models. In
Chapter 5, it was shown that the SD00 model outperformed other aerodynamic
roughness models (the SD00 model) in estimating z0m. The two regression
equations were linked to interannual forest AGB dynamics from Chapter 4. By
combining GLASS LAI products, forest height and FAI dynamics were applied in
order to derive d and z0m using the SD00 model. d and z0m were further employed in
order to derive z0h using the kB-1 model. These three parameters were applied to
parameterize the SEBS model from 2000 to 2012. With the incorporation of
original MODIS products (NDVI, LST), GLASS Albedo products and downscaled
WRF estimates, the parameterized SEBS was employed to simulate eight-day forest
ET over the QMs. As compared to MOD16_ET products, the SEBS estimates were
much better and agreed well with EC measurements with the exception of the
growing seasons for which SEBS underestimated forest ET during 2010 and
overestimated ET during 2011.
The dynamic parameterization scheme employed in this study is more realistic than
assuming ‘static’ conditions with constant d, z0m and z0h. The spatial distribution of
forest ET estimates provide valuable information for sustainable management of
forest and water resources, which are extremely important to the QMs and the entire
HRB river basin.
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7.1

Introduction

Forests form one of most important components of the terrestrial ecosystems, and
they play a multi-functional role in the biosphere. This role has been the subject of
many scientific studies. Forests dynamically regulate the water, energy, and
momentum fluxes occurring at the land surface through the processes of
photosynthesis and evapotranpiration (ET). The biggest terrestrial carbon pool is
forest (McKinley et al., 2011), and its carbon dynamics contribute significantly to
global carbon balance. Forests also extraordinarily affect the water balance through
hydrological processes such as rainfall interception, water uptake during
transpiration, water return to the atmosphere via ET affecting energy balance.
Furthermore, forests affect the radiation balance through radiation attenuation and
the atmospheric turbulence through surface roughness (Mendez-Barroso et al.,
2014).
Forest carbon stocks and fluxes are as dynamic as forest properties (i.e., the area of
forest land use), processes (i.e., ecological and hydrological) and changes with
natural and anthropogenic disturbances, climate constraints, and forest growth and
mortality. Due to the presence of continuous forest inventories, forest above-ground
biomass (AGB) dynamics can be quantified (Goodale et al., 2002). Although
reasonable results for such inventories can be obtained, they are time consuming
and require considerable investments in labour costs. The inventories are designed
to provide total forest AGB from averaged wood volume/biomass by multiplying
forest areas using administrative units. A complete forest inventory once at the
national scale of China takes 5 years. Thus, the method cannot provide forest AGB
distributions at fine spatiotemporal resolutions that are compatible with changes in
forest properties (Houghton 2005). The method also cannot provide information on
critical processes such as ecological and hydrological functions.
The Eddy Covariance (EC) technique has been proven to be a reliable ‘record’ of
fine time-resolution variations within forest ecosystems but only has validity within
a fairly small footprint area. Similar strengths and weaknesses as those of EC
measurements exist for process-based ecological models. These models can
simulate critical processes but, due to the complex set of parameters required
through measurements or calibrations, the scaling issue is also a problem. In
contrast, remote sensing techniques can provide spatial dynamic information for
forests, but are unable to capture the characteristics of processes.
Given the implications of global warming, understanding the dynamics and the
resulting carbon stocks and fluxes of forests has been the focus of substantial
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research (Gray et al., 2014). Accompanying forest AGB dynamics, forest ET, which
is an essential part of the hydrological cycle, varies as well, due to the interaction
between the land and atmosphere.
Water availability is generally perceived to be a major control of the forest
ecosystem functions, presented as patterns of net primary productivity (NPP) or
above-ground NPP (ANPP) across regions and biomes (Lauenroth, 1979; Zhang et
al., 2014). Both NPP and ANPP are important components of the carbon fluxes
with direct links with forest AGB. The scientific community and policy-makers
share a common interest in quantifying regional forest AGB and ET and, thus, in
identifying and evaluating the potential changes of ecosystem. Three types of
approaches are available for quantitatively presenting these two parameters and can
be ascribed as statistical, process-based, or remote sensing-based. Each approach
has its own characteristics, as well as strengths and the weaknesses. In practice,
large uncertainties exist for estimations of forest AGB and ET (Hayes et al., 2012;
Gray and Whittier, 2014), and these uncertainties hamper our understanding of the
dynamics of the Earth system (Wang et al., 2013; Sun and Mu, 2014).
This study was motivated by a desire to obtain reliable and reasonable estimations
for the dynamics of forest AGB and ET in a water-limited catchment of the Heihe
River Basin (HRB), where the forest ecosystem is located in the Qilian Mountains
(QMs), the headwater of the basin. This headwater is eco-hydrologically extremely
important to the entire region, as it provides the water that forms a large oasis in a
desert. The proposed dynamic modeling in this thesis resulted in realistic and
reliable data of AGB and ET. This was obtained by the use of multi-parameter
remote sensing data in combination with various field measurements and model
strategies that had individual advantages embedded in their methodologies. As
compared with those from the each individual model, the results with finer
spatiotemporal resolution obtained are duplicable and applicable over biomes in
other areas.
As per the response to the problems, scientific questions, and objectives as stated in
Chapter 1, the main results and a discussion and conclusion are provided in the
following sections. Finally, the limitations of this study and an outlook of future
work are presented.
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7.2

Results

7.2.1

Estimations of Forest Above-Ground Biomass

To estimate forest AGB within the airborne campaign area of intensive
measurements, in combination with forest field measurements, multi-parameter
remote sensing data and two typical methods, parametric stepwise multiple linear
regression (SMLR) and non-parametric k-Nearest Neighbour (k-NN), were
employed. The multi-parameter remote sensing data included a Satellite Probatoire
d’Observation de la Terre-5 (SPOT-5) high resolution geometrical (HRG) image,
multi-temporal dual-polarization Advanced Land Observing Satellite (ALOS)
Phased Array type L-band Synthetic Aperture Radar (PALSAR), and airborne light
detection and ranging (LiDAR) data. Model performance was evaluated using the
leave-one-out (LOO) method described in Chapter 2. The best performing nonparametric method was reliable and it had the ability to tackle the overfitting
problem that tends to occur when remotely sensed information is high-dimensional
and the reference sample from field measurements is small. Considering the high
cost of airborne LiDAR data as well as high resolution satellite data (in this case
SPOT-5 HRG), it is difficult to apply them over large forested areas. Moreover, the
complexities of local landscape heterogeneity and local terrain conditions hindered
the applicability of Synthetic Aperture Radar (SAR) data using backscattering or
coherence information.
For these reasons, this thesis used free and long-time-continuity Landsat Thematic
Mapper 5 (TM) imagery and free Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) Global Digital Elevation Model (GDEM) products
to estimate regional forest AGB as an alternative in Chapter 3. To alleviate terrain
relief, a sun-canopy-sensor plus C (SCS+C) correction was performed while preprocessing the inputting spectral types from TM. Despite the lower resolutions of
TM and ASTER (30m) compared to SPOT-5 HRG (10m), the optimized nonparametric k-NN performed equally well. This good performance was thanks to the
larger reference sample representing a wider range of AGB values and higher
dimensional spectral types than that used in Chapter 2. However, the high
dimension caused a problem in the optimization of the k-NN model: the selection of
the optimal inputting vector for k-NN was difficult to determine, time-consuming,
scenario-dependent, and it required a priori knowledge. In short, it required a high
level of experience with estimating forest AGB.
In order to arrive at an effective way for selecting an optimal spectral vector for the
sake of estimating forest AGB at large scale, the incorporation of random forest
(RF) with k-NN and with Support Vector Regression (SVR) were provided in
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Chapter 4. The good comparability of forest AGB estimates obtained using these
two incorporative strategies indicated their ability for tackling the time-consuming
feature selection and avoiding an overfitting risk. After validated against field
measurements, reliable estimates for forest AGB were obtained from both
combinations. The optimal k-NN configuration performed slightly better than that
of SVR, where in both cases the selected spectral vectors were obtained from RF.
Hence, k-NN was employed to estimate the regional forest AGB of 2009. This
strategy showed that reliable AGB data can be obtained from high-dimensional
remotely sensed information with a small sample.
7.2.2

Modeling of Forest Above-Ground Biomass Dynamics

The regional forest AGB map from the aforementioned optimal k-NN configuration
was the starting point for the time-series modeling of forest AGB dynamics from
2000 to 2012. A remote-sensing-based model was combined with a process-based
model to obtain forest carbon fluxes. By using these two models we could exploit
the advantages of both in simulating the interannual forest carbon fluxes. The
remote-sensing-based model (MODIS MOD17 (MOD_17)) was first optimized by
the measurements and the refined driving parameters (i.e., maximum light use
efficiency (εmax), the fraction of photosynthetically active radiation (fPAR), and the
meteorological parameters). As compared with original MODIS gross primary
productivity (GPP) products, GPP estimates obtained from the optimized MOD_17
model were of much higher quality. The incorporating strategy was to use these
GPP estimates to calibrate the process-based model ‘Biome-BioGeochemical
Cycles’ (Biome-BGC). To take account of the overall representativeness of the
characteristics of the forests over the QMs, GPP estimates over 30 well-chosen
pixels (1km resolution), obtained from the optimized MOD_17 model, were
employed to calibrate the Biome-BGC model. After finding the best fitting
relationship between GPP estimates of MOD_17 and Biome-BGC, the optimal
configuration of the Biome-BGC was determined. Afterward, the calibrated BiomeBGC was driven using forcing data for forest carbon fluxes simulations from 2000
to 2012. As compared with those achieved using a single model, as outlined in
Chapter 4, finer spatiotemporal resolution simulations of forest carbon fluxes,
including GPP, NPP and net ecosystem exchange (NEE), were obtained.
Based on the conversion ratios of NPP to ANPP, and ANPP to AGB, as determined
from empirical constants (the carbon content index and the tree mortality portion)
by long-term observations in previous studies, interannual forest NPP estimates
were converted to interannual forest AGB increments. The modeling of interannual
forest AGB dynamics was accomplished using a combination of interannual AGB
increments with a forest AGB basis map of 2009 obtained using the incorporation
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of RF with k-NN. Both EC and dendrochronological measurements were used to
validate the obtained result: EC was used to validate carbon fluxes, and the
dendrochronology to validate interannual forest AGB increments. The results
proved the comparability and applicability of this incorporation strategy: the
calibrated Biome-BGC represented the heterogeneity of the forest ecosystem on one
hand, and it could describe the critical processes and reveal the related mechanisms
in the interaction of forest and atmosphere on the other hand. This strategy can be
duplicated over biomes under various climate and environmental conditions but it is
subject to the feasibility and validity of remote-sensing-based models.
7.2.3

The Long-Term Parameterization and Evapotranspiration Simulation of
The Surface Energy Balance System

This thesis further addressed a problem in the remote sensing of ET in Chapter 5.
Two roughness parameters, the zero-plane displacement height, d (m) and the
aerodynamic roughness length z0m (m), are difficult to estimate a priori but have a
strong effect on simulated ET of the surface energy balance system (SEBS). In this
thesis they were estimated by a synthesis of airborne LiDAR cloud points and a
satellite SPOT-5 HRG image taken within the airborne campaign area. With
sufficiently accurate estimates for forest structural parameters, including forest
height (both the arithmetic mean height (Havg) (m) and the Lorey mean height (HL)
(m)), the first branch height (FBH) (m), the crown width (CW) (m) and stand
density (SD) (trees ha-1), the fractional canopy coverage (fc), the effective plant area
index (PAIe), and the leaf area index (LAI), four remote-sensing-based d and z0m
models were verified and evaluated using EC measurements. Through sensitivity
analyses and the comparison of results, forest height was the most sensitive
parameter within these models and it was also determined that using HL was better
for both d and z0m estimates than Havg. The model from Schaudt and Dickinson
(2000) (SD00 Model) outperformed the others in estimating z0m but was
compromised when calculating d.
SEBS uses Monin–Obukhov Similarity (MOS) theory to estimate aerodynamic
resistance, and this resistance is sensitive to the d, z0m and thus to the heat transfer
height z0h, as shown by previous studies (Zhou et al., 2006; Chen et al., 2013).
Using the SD00 model, the long-term parameterization of d and z0m, taking forest
growth into account, was conducted by employing forest structural dynamic
parameters including LAI, the frontal area index (FAI) and HL. In particular,
dynamic information for FAI and HL was derived from regression models calibrated
by fitting FAI and HL against forest AGB based on measurements and the
interannual forest AGB dynamics obtained in Chapter 4. Estimates of d and z0m
were further employed in order to derive z0h using the kB-1 model and the auxiliary
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information (i.e., fractional vegetation coverage (fc) and fractional soil coverage (fs)
and their mixed coverage (fcs) estimated from MODIS Normalized Difference
Vegetation Index (NDVI) products). Driven by refined Global LAnd Surface
Satellite (GLASS) Albedo products, original MODIS NDVI and land surface
temperature (LST) products, and reliable meteorological estimates downscaled from
Weather Research and Forecasting Model (WRF), in Chapter 6, SEBS was
performed for long-term forest ET simulations over the QMs. As compared with the
original MODIS ET products (eight-day), the corresponding eight-day averages of
ET simulations from SEBS agreed better with the two-year EC measurements. The
result implied that the parameterization scheme for SEBS could generate reasonable
ET estimates over the forest for cold and arid conditions.
7.2.4

Impacts of Climatic Variations on Forest ANPP, ET and, thus, Water
Use Efficiency

The estimates of interannual ANPP obtained from Chapter 4 combined with
estimates of the corresponding ET from Chapter 6 made it possible to calculate a
water use efficiency (WUE) as ANPP:ET.
The statistics of the dynamics of interannual ANPP, ET, thus WUE are listed in
Table 7-1. Together with these dynamics, the meteorological driving data from the
downscaled WRF are shown in Fig. 7-1. These statistics were only calculated for
the growing seasons (from 1 April to 30 September) for the forests over the QMs.
The overall trends of ANPP, ET and WUE over the study period show a decline,
but interannual variations are large. From 2000 to 2003, annual ANPP and ET
increased. ANPP and ET were low in 2004, 2006 and 2009, but after 2009, they
climbed steadily. Similar trend of WUE was found in Fig. 7-1, except that it did not
peak in 2003, and it did not fall sharply in 2004 but only slightly. Interestingly, the
similar troughs in the WUE trend were found in 2006 and 2009 as those of ANPP
and ET, which indicates that (1) ANPP and ET respond in a similar direction to
interannual weather variations, but (2) variations in ANPP are relatively larger than
those in ET.
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Table 7-1 The statistics for interannual averages of forest ANPP (unit: gC m-2), ET (unit:
mm), and WUE (unit: kgC m-3) over the QMs from 2000 to 2012.
Year
ANPP
ET
WUE
Year
ANPP
ET
WUE

2000
206.26
244.14
0.84
2007
227.29
277.37
0.82

2001
259.86
281.23
0.92
2008
205.81
254.53
0.81

2002
287.10
299.21
0.96
2009
130.71
201.60
0.65

2003
300.72
316.73
0.95
2010
175.98
221.86
0.79

2004
255.21
271.24
0.94
2011
189.52
236.39
0.80

2005
262.81
289.60
0.91
2012
239.88
289.67
0.83

2006
169.08
247.60
0.68

The climatic drivers, the downwelling short wave (DSW) radiation, the mean
temperature, precipitation and the vapor pressure deficit (VPD) during the growing
season were further inspected. Ascending trends for interannual variations of mean
temperature, precipitation were found, while VPD showed large fluctuations but no
overall trend. DSW showed a gradual decline.
It is clear that precipitation did not limit the forest ANPP and ET in the QMs, but
(low) DSW, and (high) VPD did. For example, the driest season of 2003 with the
second lowest VPD, a low temperature, but sufficient DSW, pushed the ANPP and
ET to the summit. In 2012, VPD was the lowest, precipitation was high and DSW
intermediate, causing ANPP and ET to climb to the second highest peak. The
minimum values of ANPP and ET were found in years with low DSW and high
VPD: 2006 and 2009. In other years, the anomalies in meteorological forcing did
not drive ANPP and ET to extremes. For example, in 2004 both VPD and DSW
were low, and ANPP and ET took intermediate values (low VPD indicates high
ANPP, but low DSW indicates low ANPP). In 2008 the exact opposite happened:
high VPD and high DWS, again leading to intermediate ANPP and ET.
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Fig. 7-1 Interannual ANPP, ET, WUE and the meteorological statistics for the growing
seasons in forested areas over the QMs (the dash lines are the trendlines).

7.3 Discussion and Conclusions
The non-parametric methods often perform better than parametric methods for
estimating forest AGB by remote sensing data, due to its more flexible assumption.
Besides the model choice, the representativeness of the reference samples to forest
AGB grades within the study area was also important for the target estimates of
both methods. Parametric methods (i.e., SMLR) are abided to the law of large
numbers, which means the larger the reference sample the better the expression of
the predictor. Non-parametric methods (i.e., k-NN) rely on the weighted averages of
the reference values for the k neighbours. If a low or high AGB level is absent in
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overall forests, and then both of them bias the estimates. This is problematic in the
QMs, where the forest area is hard to reach for measurements.
When various remotely sensed information with high dimension is involved, a
critical issue is how to select features for establishing the optimal configuration for
the non-parametric models. Based on the ‘bootstrap’ sampling method, the RF
method can evaluate the importance of the inputting features for estimates with
more reliability and more efficiency as compared to selecting features using a
regression method or a sensitivity analysis. Regression involves a high risk of the
overfitting, and linear or non-linear assumptions are needed. Hence, these selections
based on the regression or the sensitivity analysis may not be suitable for nonparametric methods, especially for a spectral signature with a spatial variability.
Alternatively, the incorporation of RF with other non-parametric methods is more
reasonable and could sidestep experience-based and time-consuming optimization
processes for the configurations.
In the QMs, terrain relief is also an important factor for quantitative estimations
based on remote sensing data. Due to extremely serious overlays and shadows and
speckles contaminating SAR images, it is eventually difficult to apply SAR data for
estimating forest AGB over the QMs. For optical data (both SPOT-5 HRG and
TM), the impacts of terrain on forest AGB estimates were alleviated using the
SCS+C correction method. By accounting for diffuse atmospheric and terrain
radiance, this physically based correction can preserve sun-canopy-sensor geometry
and prevent overcorrection which can improve the predictive ability of optical data.
The incorporation of the remote-sensing-based model with the process-based model
exploited the powers of both models for estimating carbon fluxes. Following the
parameterization from three input sources including maximal light use efficiency
(εmax) and the meteorological parameters and LAI, the MOD_17 was largely
improved and generated more reliable GPP estimates as compared to the original
MODIS GPP products. The site-calibrated εmax was suitable for the entire forest
because Picea crassifolia is the overwhelming species (according the measurements
it occupies 99.39% of total measured trees) in the QMs. The latter two inputs have
been shown to be reliable and can, thus, represent the seasonal viabilities of forests
and climate. The reliable GPP estimates obtained from the optimized MOD_17
were used to calibrate the Biome-BGC which in turn simulated a net flux (NPP,
NEE). In particular, during the calibration, GPP estimates from the optimized
MOD_17 model over 30 well-chosen plots allowed representation of the spatial
variability of the local forest ecosystem. This strategy optimally exploited the
limited available ground truth data on carbon fluxes.
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Validated by fine (daily) temporal EC measurements, the carbon fluxes (including
GPPs, NPPs, and NEEs) simulated by the calibrated Biome-BGC were trustworthy.
To verify the corresponding interannual forest AGB increments originally
converted from NPP estimates from the calibrated Biome-BGC, fine spatial
dendrochronological measurements (multiple sites) were first applied for validating
forest AGB increments over the QMs. These dendrochronological measurements
would also be valuable for studying the ecological evolution and paleoclimate of
the QMs because tree rings can be traced back to the 19th century, but such analysis
is beyond the scope of the present research.
The proposed modeling of forest AGB dynamics based on the combination of
reliable forest AGB with the interannual increment inherited some merits of multiparameter remote sensing techniques and the mechanism-based incorporation of
various models (including RF with k-NN and MOD_17 with Biome-BGC). When
quantitative and spatiotemporal changes of forests are known to occur (e.g.,
afforestation and deforestation), the corresponding forest AGB dynamics can be
easily updated by modifying the specific pixels’ properties in the maps. As a result,
fine spatiotemporal variations of forest AGB with supports for capturing the
characteristics of critical processes and changes within forests can be portrayed.
For forest ET simulations, the parameterization of d and z0m is critical to the SEBS
model. As this thesis demonstrated, the SD00 model had superiority in estimating
z0m, albeit not in estimating d. Considering that z0m directly determines z0h, an
accurate estimate of z0m was preferred to an accurate estimate of d. Hence, the SD00
model was employed for the long-term parameterization of SEBS. As the most
influential forest structural parameter affecting both d and z0m in all of the studied
roughness length models, forest height was also essential for the parameterization.
It is common practice to derive d and z0m from the remotely sensed vegetation
indexes (i.e.,NDVI, LAI, etc.). This is appropriate for low vegetation (i.e., pastures,
crops, shrubs), because variations in vertical structures in low vegetations may not
be relevant. However, structure parameters are critical in forests (i.e., forest height,
FAI). The instantaneous information for forest vertical parameters can be derived
from active remote sensing (i.e., LiDAR, interferometric SAR (InSAR)), but longterm dynamic information for these parameters is currently not available. Although
ICESat-GLAS LiDAR has been proven to be reliable for providing multi-temporal
information for vegetation, due to serious data gaps, it is not suitable for the QMs.
Only few tracks of data were found in this region and most of the footprints were
located within non-forest areas. Alternatively, the proposed long-term
parameterization scheme which incorporated the refined GLASS LAI products with
forest height (the Lorey height) and FAI information from the aforementioned
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forest AGB dynamics can capture the variations of d and z0m over time. Based on
this parameterization strategy, SEBS was proven to generate reliable forest ET
estimates and also implied that dynamic vertical information was more reasonable
than taking them as ‘static’ constants. Furthermore, the use of refined MODIS
products and reliable meteorological inputs can also provide credits for reliable ET
estimates.
In conclusion, using multi-source remote sensing data, reasonable forest AGB
estimates over the QMs were obtained by incorporating two non-parametric
methods, RF and k-NN. The feature types’ selection obtained using RF opened the
possibility for effectively constructing optimal configurations for k-NN. With the
‘bootstrap’ and LOO sampling methods, this incorporation was capable of tackling
the overfitting problem. The SCS+C method was proven to have the ability to
alleviate terrain impacts on quantitative estimations of forest AGB using remotely
sensed data. Following the optimization of site measurements, refined fPAR and
reliable meteorological inputs, the remote-sensing-based MOD_17 model generated
GPP estimates with satisfactory accuracy. After calibration by the MOD_17 GPP
estimates over well-chosen forest plots representing diverse conditions (for the
climate, the environment and the stand), the Biome-BGC was more resistant to
impacts of climate variation, environmental variability and forest stand diversity.
The ‘ill-simulation’ problem of the process-based model, where errors from the
calibration phase are apt to be propagated to the end of the simulation, was also
avoided using this incorporation strategy.
Validated by EC and dendrochronological measurements in terms of GPP and NEE,
interannual forest AGB increments were primarily converted from NPP estimates
and the calibrated Biome-BGC generated most reliable forest carbon fluxes within
the space-time-continuum that has been produced thus far. By combining
interannual forest AGB increments with the basic map of forest AGB for 2009,
interannual forest AGB dynamics were obtained. This methodology for modelling
the forest AGB dynamics described other forest processes: transpiration,
photosynthesis, respiration, allocation, etc., at finer space and time scales and
provided a sophisticated understanding of these processes. This comprehensive
knowledge is vital for sustainable development and deep-insight into the protection
of the water resources provided by the ecosystem, thus contributing essential
information in resolving serious conflicts between the ecology and economy.
With the incorporation of various remote sensing products (NDVI, LST, Albedo,
LAI, etc.) and meteorological forcing data, the parameterized SEBS outperformed
the MODIS ET model driven by default inputs. Validated by two years of EC
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measurements, SEBS estimates agreed well with EC measurements, with an
exception that during the growing seasons, SEBS underestimated forest ET in 2010
but overestimated it in 2011. The spatial distribution of forest ET estimates would
be valuable for the sustainable management of forest and water resources which are
extremely important to the QMs and, thus, the entire HRB.
During the thirteen years simulations, large fluctuations were found for ANPP, ET
and thus WUE. Dividing interannual forest ET summations into corresponding
forest ANPP aggregations provided implications for interannual WUE dynamics.
Interannual forest ANPP, ET, and, thus, WUE dynamics were further used as
support for analyzing the impact of climatic and environmental variations on forest
ecosystem processes. This type of information is critical for local, regional and
national governments for the sake of the sustainable development of local
ecosystems and water sources.

7.4

Limitations and Future Work

After accomplishing reliable estimates of forest AGB, forest carbon fluxes and
dynamic processes over the QMs at fine spatiotemporal scale, several limitations
remain. Here, suggestions for follow-up research are presented.
First, the incorporation of RF with k-NN was loosely combined, in the manner in
which RF was employed for selecting features based on a decision tree and a
‘bootstrap’. Based on LOO, k-NN ‘took over’ these features for constructing the
optimal configuration. However, the result did not indicate that the ‘optimal’ RF
was consistently the same as that within the k-NN configuration. Thus, when using
k-NN, possible ‘suboptimal’ features could bias the estimates. The innovative
method of random k-NN feature selection that couples the RF and k-NN algorithms,
as proposed by Li et al., (2011a), has been proven to be a fast and stable alternative
to RF. But, the procedure was designed to be suitable for a gene classification
study. Therefore, an adaptation to this method has been conducted for estimating
forest AGB in our study. As far as the remote sensing data is concerned, more
attention should be given to new (i.e., Landsat Thematic Mapper-8) and upcoming
data (i.e., the high-resolution constellation of China, including high resolution SAR
and optical remote sensing satellites) instead of only TM. With the new sensors,
data that are free or partly free are of interest for forestry applications. Here, it is
necessary to mention that these high resolution data will be very useful for the
scaling issues that were not considered in this study. When upscaling the estimates
from 30 m to 1 km for the forest/non-forest map or for the forest AGB map, the
problem of “mixed pixels” occurred, an actually common problem within this study
area due to the heterogeneity of the local forest landscapes. Cooperation with an
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additional research team addressing the scaling issue started in 2013. The upcoming
general scaling method is expected to improve the representative of ‘mixed pixel’.
Second, in an unchained way, the incorporation of two ecological models was also
performed. Although the forest plots were well-chosen for the calibration, some
uncertainties still persisted (i.e., the forest properties’ changed after the calibration).
Data assimilation has proven to be a valuable technique for coordinating the
simulations of the process and, thus, can capture the changing characteristics of
forests. As a result, model behavior could be improved. Normally, for processbased model simulations, the status parameters (i.e., LAI) retrieved from remote
sensing are coupled to the model using filters (i.e., ensemble Kalman and sequential
importance resampling (SIR) particle filters). However, in the Biome-BGC model,
the LAI calculated from leaf biomass is the output rather than a state parameter.
Alternatively, leaf biomass or other parameters (e.g., chlorophyll content) can be
employed for the data assimilation process. To simulate the forest stably and
adaptably, this topic should be considered in future work.
In this thesis, for the conversion of interannual forest ANPP to AGB dynamics, a
few empirical constants were utilized. The mortality ratio was, in particular, the
critical factor for conversion and largely impacted AGB dynamics. More ecological
mechanism-based models with forest stand density (SD) and forest stand age are
expected to describe these forest changes (SD and, thus, AGB) throughout the
simulation period, which can indeed suppress overestimates or underestimates of
AGB dynamics. Alternatively, the five year interval for continuous forest
inventories could also help us calibrate the ratios by calculating AGB increments
over five years.
Third, four remote sensing models for estimating d and z0m were evaluated, but
none of them took the vertical information other than LAI and FAI (i.e., the leaf
area density (LAD)) of the forests into account. In fact, LAD affects momentum
and heat transfers in both vertical and horizontal directions. Moreover, the FAI
plane against the wind direction could be metamorphic due to the overlays of the
crowns at the vertical profile, which was not considered in these models, neither in
this thesis. Using airborne or ground-based LiDAR data, three-dimensional (3D)
information for the forest could easily be obtained. In combination with ground
measurements (i.e., EC, forest survey), this 3D information could be used to
reconstruct vertical profiles of LAD and FAI for the four major cross directions
(north, south, east and west). Until present, measurements, including EC, forest
surveys, airborne and ground-based LiDAR, etc., at several sites have been obtained
through “Complicate Observations and Multi-Parameter Land Information
Constructions on Allied Telemetry Experiment (COMPLICATE)” (Tian et al., in
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submission). Future work should apply 3D information for these parameters in
order to model d and z0m. Using forest dynamic vertical parameters (height and
FAI) improves the output of SEBS, but further comparative analyses between the
ET estimates obtained using this scheme and the other possible alternatives have
not been conducted yet. Such comparison should be carried out in the future.
Another point is that the kB-1 model should also take vertical structural parameters
of the forest into account. Based on LiDAR campaigns over the aforementioned
sites, comprehensive measurements could be expected to provide a more precise
expression for the kB-1 model.
Finally, only the AGB, the carbon fluxes and the ET dynamics of forests over the
QMs were studied. However, it is well known that carbon fluxes and the ET of
grasses and shrubs inhabiting the northern slope are also critical for ecohydrological studies of the entire HRB basin. In particular, ET within the northern
slope is very high, so that, normally, no runoff occurs from these slopes. Future
work should jointly simulate these dynamics for the entire vegetation ecosystem.
For the analyses of the impacts of climatic variations on the forest photosynthesis
and ET processes, only the trends were appraised. Future work should
comprehensively and quantitatively explore their impacts in order to provide the
support relevant for sustainable management and development for local ecosystem
and water recourses.
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Summary
As the critical component in the terrestrial ecosystem, forests are significant
dynamic factors modifying the carbon, water, energy and momentum fluxes
through the photosynthesis and evapotranspiration (ET) processes. The scientific
community and policy makers share an interest in estimating variations and
uncertainties in these fluxes. It has been generally agreed that water availability is
the primary factor limiting forest ecosystem functions, which is normally presented
as dynamics of the forest carbon (net primary productivity (NPP), above-ground
NPP (ANPP)), ET and thus water use efficiency (WUE). This issue has been much
sensitive over the Qilian Mountains (QMs), the headwater of the Heihe River Basin
(HRB) which is home to various water-limited ecosystems (glacier, frozen soil,
alpine meadow, montane forest located within the upper reach; the irrigated crops
within the middle reach; and the riparian ecosystem and desert within the lower
reach). Although numerous studies have been conducted for HRB, forest carbon
and ET dynamics have not been assessed before.
This study is the first to analyse the dynamics of above ground biomass (AGB) and
ET of the headwater forests in the QMs, and their relations to climate. This is
relevant for local ecosystem and water management. The techniques are novel and
duplicable, and they can be applied elsewhere as well. By multi-disciplinary
techniques (based on multi-parameter remote sensing, eco-hydrological and
meteorological knowledge) and comprehensive measurements (forest survey, eddy
covariance (EC) and dendrochronological measurements ), the long-term dynamic
modeling of the forest AGB which is inherently linked with NPP and long-term
simulations of forest ET were conducted over the QMs.
This study first evaluated the performance of the parametric (multivariate
regression) and non-parametric (the k-Nearest Neighbour) methods to estimate
forest AGB based on multi-parameter high-resolution remote sensing data,
including airborne LiDAR, and spaceborne ALOS PALSAR and SPOT-5 HRG
data, within a small watershed where an intensive airborne campaign was
conducted. The result showed that the non-parametric method outperformed the
parametric method. Afterwards, higher dimensional indexes from lower resolution
remote sensing data, including the Landsat Thematic Mapper 5 (TM) and Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) global digital
elevation model (GDEM) V2 products, as well as more forest AGB measurements
with broader AGB levels, were employed in the k-NN method for estimating
montane forest AGB at regional scale. The result did not show an obvious
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disadvantage to that from the aforementioned study, with the exception that it had a
slightly higher RMSE.
In general, when working with the high-dimensional remote sensing data and small
reference samples from the measurements, estimations of forest AGB by parametric
methods have a high risk of overfitting and as a result, they are biased. The nonparametric methods with the ‘bootstrap’ or leave-one-out (LOO) sampling method
can avoid this risk but they largely rely on the optimization process for their
configurations. The selection of the remotely sensed features is the predominant
issue for the optimization which has been generally based on the background
experience, scenario independence. The proposed incorporation of two notable nonparametric methods (random forest (RF) and k-Nearest Neighbour (k-NN))
tremendously improved the efficiency of the forest AGB estimations and then
reliable forest AGB map of 2009 was obtained (with R2 = 0.62 and RMSE = 24.00
tonnes ha-1).
As the simulation of forest carbon fluxes is concerned, two kinds of methods have
been frequently used in recent decades, the remote-sensing-based and process-based
methods. Driven by the eco-physiological parameters from remote sensing data, the
former model can capture the spatial variation of forest ecosystem but is limited to
the instantaneous observation. The process-based model can simulated the critical
forest processes by the interaction between ecosystem and the atmosphere, but it is
weak in presenting the spatial variation and practically difficult to be extended to
the other sites. The first try of incorporating the MODIS MOD_17 (MOD_17) gross
primary productivity (GPP) model with the Biome-BioGeochemical Cycles
(Biome-BGC) inherited the strengths of these two models. The MOD_17 was
optimized through three sources of inputs and then the GPP estimates at the site
were validated by EC measurements. As compared to the original MODIS GPP
products (with R2 = 0.47 and RMSE = 20.27 gC m-2 8d-1), the GPP from the
optimized MOD_17 were largely improved (with R2 = 0.91 and RMSE = 5.19 gC
m-2 8d-1). After fulfilling the premise of being reliable, GPP estimates (over 30
well-considered forest plots) from optimized MOD_17 model were used for
calibrating the Biome-BGC. As a result, the calibrated Biome-BGC has been more
resistant to the impacts of environmental variability (climatic conditions, locations)
and forest stand diversity (stand density, terrain conditions). Validated by the EC
and dendrochronological measurements in terms of GPP (with R2 = 0.79 and RMSE
= 1.31 gC m-2 d-1), NEE (with R2 = 0.68 and RMSE = 3.09 gC m-2 d-1) and
interannual forest AGB increments (with R2 = 0.72, and RMSE = 47.33 gC m-2 year1
) original converted from NPP estimates of Biome-BGC, the behaviour of the
calibrated Biome-BGC showed the strength in the reliable estimations of forest
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carbon fluxes at finer spatiotemporal scale. Combining the forest ABG map of 2009
with the interannual forest AGB increments, the dynamic modeling of forest AGB
was accomplished, which generated the good estimates of forest AGB dynamics
over 13 year (from 2000 to 2012).
Two important parameters exist in the Monin–Obukhov Similarity (MOS) theory
that is basic theory of the surface energy balance system (SEBS), the zero-plane
displacement height, d (m), and the aerodynamic roughness length z0m (m). For
regional application in forests of these two parameters has to recur to the remotesensing-based model linking them with the forest structural parameters (i.e., leaf
area index (LAI), frontal area index (FAI), stand density and height). Using the
reasonable retrievals by synthesis of airborne light detection and ranging (LiDAR)
data and Satellite Probatoire d’Observation de la Terre-5 (SPOT-5) high resolution
geometrical (HRG) image, four d and z0m models were driven and substantially
compared. The outperforming model in estimating z0m was so called SD00 model
embedded the LAI, FAI, as well as forest height. The SD00 was then applied for the
time-series parameterization for the SEBS model. Instead of using the ‘static’ forest
height and FAI for the long-term parameterization, the dynamic forest height and
FAI regressed from the calibrated model based on the forest measurements were
used in SD00 model. Driven by the refined inputs, the parameterized SEBS
simulates the forest ET over QMs from 2000 to 2012. The 8-day ET estimates from
SEBS were validated by the EC measurement and it was shown that SEBS can
capture the spatial and temporal variation of forest ET. The ET estimates of SEBS
(with R2 = 0.80 and RMSE = 0.21 mm day-1) were much better than those of
MOD16 ET (with R2 = 0.35 and RMSE = 0.76 mm day-1).
The interannual WUE variations of forests over QMs were explored by dividing
aforementioned interannual ANNP from the calibrated Biome-BGC by the
interannual ET from SEBS. Based on the long-term meteorological estimates, the
impacts of climatic variations of the growing seasons (April to September) on the
ANPP, ET and thus WUE were analyzed. The overall trends of forest ANPP, ET
and WUE over the study period show a decline with large variations.
The methodology of dynamic modeling of forest AGB and ET is duplicable and can
be applied to biomes with various environmental and climatic conditions. The
estimates of interannual forest AGB and ET over QMs are realistic and support the
local sustainable development and management of forest ecosystem and water
resources.
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Bossen zijn een belangrijk onderdeel van de biosfeer op aarde. Ze dragen
significant bij aan de totale fotosynthese en verdamping. Wetenschappers en
beleidsmakers hebben een gedeelde interesse in goede schattingen van de
fotosynthese en de verdamping van bossen, en van de bijbehorende
betrouwbaarheidsintervallen. De beschikbaarheid van water is vaak de beperkende
factor voor ecosysteemfuncties van bos, waaronder de netto primaire productie
(NPP) en de bovengrondse NPP (ANPP), de verdamping (ET) en de efficiëntie van
watergebruik (WUE). In deze studie zijn de bossen in het Qiliangebergte (QM)
onderzocht, het bovenstroomse deel van het stroomgebied van de rivier de Heihe
(HRB). Dit stroomgebied bevat van bovenstrooms naar benedenstrooms gletsjers,
permafrost, alpenweide, hooggelegen naaldbos, geïrrigeerde akkerbouw,
oevervegetatie en woestijn. Hoewel er al veel onderzoek is gedaan naar de HRB,
zijn de koolstof opslag en dynamiek van de verdamping nooit eerder bepaald.
Dit is de eerste studie naar de dynamiek van de bovengrondse biomassa (AGB) en
verdamping (ET) van het brongebied van het Qiliangebergte. De gebruikte
technieken zijn vernieuwend en ze kunnen ook toegepast worden in andere
gebieden. De volgende meetmethodes zijn toegepast: veldinventatisatie, eddycovariantie (EC), dendrochronologie, en multi-parameter aardobservatie. De
metingen zijn gebruikt in ecohydrologische modellen om de dynamiek van de
bovengrondse biomassa (AGB) en de NPP en ET te bepalen voor een periode van
13 jaar.
Als eerste zijn twee methodes voor AGB schattingen met aardobservatiedata met
elkaar vergeleken: een parametrische methode (multivariate regressie), en een nonparametrische methode (k-Nearest Neighbour). Beide technieken zijn toegepast op
drie soorten aardobservatiedata met hoge resolutie: een LiDAR op een vliegtuig,
radarmetingen met een satelliet (ALOS PALSAR), en metingen met de SPOT-5
HRG satelliet. De data zijn verzameld voor een klein stroomgebied binnen de QM.
De non-parametrische methode bleek de beste van de twee. Nadien is de nonparametrische methode opnieuw gebruikt met data van sensoren met iets minder
goede spectrale en ruimtelijke resolutie: de Landsat Thematic Mapper 5 (TM),
aangevuld met data van Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER) voor een hoogtemodel van het terrein (GDEM). Het aantal
veldinventarisaties is uitgebreid en een groter gebied is bestudeerd. De resultaten
waren vrijwel even goed als in de eerste studie met data van hogere resolutie.
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De parametrische methode heeft het nadeel dat er snel overparameterisatie optreedt,
zeker als er veel satellietproducten tegelijk worden gebruikt en het aantal
veldmetingen klein is. Non-parameterische methodes met de 'bootstrap' of 'leaveon-out' (LOO) selectiemethode zijn minder gevoelig voor overparameterisatie, maar
het resultaat hangt af van het optimisatieproces. De keuze van de kenmerkende
satellietproducten het grootste probleem, en is vereist enige ervaring. De keuze
werd veel eenvoudiger door twee non-parametrische methodes op een rij te
gebruiken: eerst random forest (RF) voor de selectie van kenmerkende
satellietproducten, en daarna pas k-Nearest Neighbour (k-NN). Dit verbeterde de
efficiëntie van de AGB schattingen enorm, en een betrouwbare kaart van AGB
werd verkregen voor het jaar 2009 (R2 = 0.62 en RMSE = 24.00 ton ha-1).
Voor het schatten van fluxen (NPP en ET) zijn in de afgelopen decennia twee
soorten modellen gebruikt: procesmodellen en modellen gebaseerd op satellietdata.
De laatste categorie van modellen is in staat om de ruimtelijke variabiliteit van het
ecosysteem te voorspellen, maar de toepasbaarheid wordt beperkt door de
beschikbaarheid van data. Procesmodellen beschrijven de interacties tussen
ecosysteem en atmosfeer, maar de ruimtelijke representativiteit is gering. Resultaten
van één locatie zijn daarom niet geldig voor andere locaties. In deze studie zijn de
beide soorten modellen gecombineerd: het MODIS MOD 17 (MOD 17) model
gebaseerd op satellietdata, en het procesmodel Biome-BioGeochemical Cycles
(Biome-BGC) procesmodel. Door de twee te combineren is de kracht van beide
benut. Het MOD 17 model voor Bruto Primaire Productie (GPP) is geoptimaliseerd
door middel van drie databronnen, en de GPP schattingen zijn gevalideerd met EC
metingen. Vergeleken met het originele MOD 17 GPP product (met R2 = 0.47 en
RMSE = 20.27 gC m-2 8d-1), is het geoptimaliseerde GPP model veel beter (met R2
= 0.91 en RMSE = 5.19 gC m-2 8d-1). Het geoptimaliseerde product is verder
gebruikt om Biome-BGC te kalibreren voor 30 representatieve locaties in het
studiegebied. Het gekalibreerde Biome-BGC levert schattingen van NPP en GPP op
fijne ruimtelijke én temporele resolutie. De nauwkeurigheid van het product was
goed, bleek na validatie van GPP (R2 = 0.79 en RMSE = 1.31 gC m-2 d-1) en NEE
(R2 = 0.68 en RMSE = 3.09 gC m-2 d-1) tegen EC data, en van AGB toenames (R2 =
0.72 en RMSE = 47.33 gC m-2 jaar-1) tegen dendrochronologie data. Door de AGB
kaart van 2009 te combineren met AGB toenames, kon een goede schatting van de
dynamiek van AGB worden gemaakt voor een periode van 13 jaar (2000 tot en met
2012).
Het model SEBS voor ruimtelijke ET uit satellietdata gebruikt de 'Monin-Obukhov
Similarity' (MOS) theorie. In deze theorie zijn de verplaatsingshoogte d (m) en de
ruwheidslengte z0m (m) belangrijke parameters. Om deze twee parameters te
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schatten, moeten ze geassocieerd worden structuurparameters: de horizontale (LAI)
en de verticale projectie (FAI) van het bladoppervlak, de stamdichtheid en de
hoogte van de bomen. Deze structuur parameters moeten op hun beurt geassocieerd
worden met satelliet- en vliegtuigdata door middel van een model. In deze studie
zijn vier modellen met elkaar vergeleken. Alle vier werden ze gedreven door data
van een LiDAR op een vliegtuig en data van een satelliet: de 'Satellite Probatoire
d’Observation de la Terre-5' (SPOT-5). Het beste model bleek het SD00 model te
zijn, waarin LAI, FAI en de hoogte van de bomen worden gebruikt. Het SD00
model is vervolgens gebruikt om een tijdreeks van z0m (m) en d the maken voor
SEBS. Met deze verfijnde invoer van SEBS is de verdamping (ET) van de QMs
gesimuleerd voor de periode 2000 tot 2012. De 8-daagse ET schattingen van SEBS
zijn gevalideerd met EC metingen, waaruit bleek dat SEBS de variabiliteit van ET
in ruimte en tijd goed wist te schatten. De ET schattingen van SEBS weren veel
beter (R2 = 0.80 en RMSE = 0.21 mm d-1) dan die van het MODIS product MOD 16
(R2 = 0.35 en RMSE = 0.76 mm day-1).
De jaarlijkse verschillen in waterefficiëntie (WUE) van de bossen in het QMs zijn
berekend als de verhouding tussen ANNP van Biome-BGC en ET van SEBS. De
tijdserie van WUE is gebruikt om de effecten van het weer tijdens het groeiseizoen
(april tot september) te analyseren. Er is een neergaande trend in ANPP, ET en
WUE over de periode van 2000 tot 2012, maar er zijn ook grote verschillen tussen
de jaren.
De gebruikte methode om AGB en ET te modelleren is reproduceerbaar en kan ook
toegepast worden in andere biomen en andere klimaatzones. De realistische
schattingen van AGB en ET over het Qiliangebergte, zoals verkregen in deze
studie, ondersteunen de duurzame ontwikkeling van het ecosysteem en het beheer
van de waterhuishouding.
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