The impact of climate change and topography on
spatial and temporal NPP dynamics using time-series
Landsat data coupled with Biome-BGC model

Tuo Feng

A thesis
submitted in partial fulfillment of the
requirements for the degree of:

Master of Science

University of Washington
2019

Commuittee:
Daniel Vogt, chair
L. Monika Moskal

Stephan Gmur

Program authorized to offer degree:
School of Environmental and Forest Sciences



©Copyright 2019
Tuo Feng



University of Washington

Abstract

The impact of climate change and topography on spatial and temporal NPP dynamics using time-

series Landsat data coupled with Biome-BGC model

Tuo Feng

Chair of the Supervisory Committee:
Daniel Vogt

School of Environmental and Forest Sciences

Understanding the trends and variations of total ecosystem net primary productivity (NPP) is
critical for simulating and predicting changes in the terrestrial carbon cycle across a range of
spatial and temporal scales. A unique location to assist with enhancing our understanding of NPP
is found in one of the largest temperate rainforests in the United States (US). It is a forest with
one of the biggest carbon sinks in the US and is located in the Olympic Peninsula. In this study,
four different models (Biome-BGC, Carnegie Ames Stanford Approach, Thornthwaite Memorial
model and Miami model) were used to estimate mean annual NPP between the years 1986 to
2017 in two watersheds (Hoh and Queets) located on the Olympic Peninsula of Washington
State. The spatial-temporal changes in NPP were correlated with climatic factors, topography

and forest stand age. Spatially, annual NPP was estimated to be higher in the northwestern Hoh



watershed versus that found in the southeastern Queets watershed. This was likely due to
differences in forest structure and species composition. In the two watersheds, the models
suggested a general trend of NPP levels increasing with stand age. During that time period, two
potential Turning Points (significant changes in NPP) were detected in the years 1997 and 2007.
These NPP Turning Points (i.e., NPP increases) occurred after severe droughts. Results from this
study showed predicted NPP levels being highly correlated to climatic factors. In fact, three of
the models predicting NPP were very sensitive to changes in mean annual temperatures.
Topographic effects on NPP were analyzed using the Topographic Solar Radiation Index (TSRI)
acquired from the national digital elevation model (DEM) and airborne light detection and
ranging (LiDAR) data. Changes in NPP estimates using LiDAR-based TSRI resulted in
significant R? values of 0.59 for deciduous forests, 0.38 for evergreen forests, and 0.64 for
mixed-forest composition. In this study region, forest stand successional stage was explained by
forest disturbance and recovery history. Finally, three empirical functions were developed to
describe the relationship between forest stand age and NPP levels, in terms of the different forest
types. This study provides valuable information to assess the potential drivers of changes in
carbon sequestration rates under dynamic climatic fluctuations in the Olympic Peninsula. It also
highlights the significance of using solar radiation energy as a tool to estimate changes in forest

productivity at a watershed scale.
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Chapter 1: Introduction

Global climate change is a major concern as affected by increasing CO» concentrations in the
atmosphere (Canadella and Raupacha 2007, Fung 2013, Change 2007). One of the many ways
discussed to mitigate these increasing CO> levels is to sequester some of that carbon from the
atmosphere (Lin and Zhang 2012, Rice 2006). This is commonly done by growth of vegetation,
thus monitoring plant productivity is a great way of estimating rates of carbon sequestration by
that pool. A significant player in carbon sequestration by plants occurs within forests (Change
2007, Davis et al. 2009, Wang et al. 2012, Dixon et al. 1994, Fang et al. 2001), so being able to
estimate forest productivity can help us better understand the global carbon cycle and identify

solutions to enhancing carbon sequestration.

Plant growth, or the increase in its biomass, is commonly referred to as Net Primary Productivity
(NPP) which is defined as the difference between photosynthesis and autotrophic respiration by
vegetation per unit time and area (Lieth 1975). As an important component of the terrestrial
carbon cycle, realizing the trend and variation of NPP can facilitate our understanding regarding
the impact of past, present, and future climate change on terrestrial carbon sequestration across a
range of spatial and temporal scales (Gmur et al. 2014, Vogt et al. 1996, Vogt et al. 2016, Gmur
et al. 2012, Landres, Morgan and Swanson 1999). Invaluable information can be gained by
retrieving historical data of NPP trajectories, which acts as a significant indicator of forest health
condition, stand structure and disturbances (Wang et al. 2018, Birdsey, Pregitzer and Lucier
2006, Zhang et al. 2012). Since ground truthing measurement of annual NPP, with broad spatial

coverage, is time-consuming and labor-intensive (Liu et al. 2002), remote sensing technology



combined with computer models could supplement and in some cases substitute for the

traditional field-based approach to NPP quantification.

Three types of models have generally been used for NPP simulation (Ruimy, Saugier and Dedieu
1994) including statistical models (Lieth 1975, Zaks et al. 2007), parametric models (Potter et al.
2013, Potter, Klooster and Matson 1993) and process-based models (Running and Zhao 2015,
Robinson et al. 2018, Liu et al. 1997, Liu et al. 2002). Statistical models were built upon the
relationship between annual NPP and meteorological data (e.g., annual temperature,
precipitation, evapotranspiration) through regression analysis (Liu et al. 1997, Zaks et al. 2007).
Parametric models incorporated the “efficiency” concept to calculate the NPP, using parameters
that include incident solar radiation, and light-use efficiency (LUE). Process-based models
simulate the physiological process impacting the vegetation carbon uptake such as
photosynthesis and autotrophic respiration. As a powerful tool revealing the mechanisms of
vegetation carbon production and for exploring the feedback of ecosystem to the changing
climate, the process-based models were assessed to be more reliable than other types of models

for NPP simulation, due to its solid foundation on ecological processes (Liu et al. 1997).

Investigating the long-term variability of vegetation NPP could further our understanding
regarding the influence of climate change on the dynamics of carbon exchange between
terrestrial ecosystem and the atmosphere. Many studies have been undertaken to explore the
spatial-temporal dynamics of NPP (Yang and Yu 2017, Liang et al. 2015) using a wide range of
datasets and simulation models. However, huge uncertainties, in terms of the magnitude and

trend, were observed when using different models and at various spatial scales (Wang et al.



2017). Therefore, a partnership between spatial and field-based information could provide us
insight regarding the response of NPP to the climate and terrestrial conditions (Vogt et al. 2010).
In addition to exploring the time-series NPP trajectories, it is important to understand the
potential driving forces causing this spatial-temporal NPP variability, because this knowledge

could help us to project the trend and magnitude of NPP in the future.

Previous studies suggested that the vegetation productivity was greatly affected by efficiency of
using absorbed photosynthetic active radiation (APAR) (Gitelson et al. 2015, Potter et al. 1993).
Therefore, the metrics (e.g., APAR, LUE) depicting the magnitude of radiation energy absorbed
by vegetation for carbon production were widely used as an input to the process-based models
and parametric models for NPP simulation. For example, The Moderate Resolution Imaging
Spectroradiometer (MODIS) NPP dataset applied the MODIS Fraction of Photosynthetic Active
Radiation (FPAR) data as an input parameter for NPP calculation (Running and Zhao 2015).
Since the spatial resolution of the MODIS FPAR dataset is relatively coarse (500m*500m), an
updated NPP product incorporated FPAR data with higher spatial resolution (30m*30m) which
was constructed by using the empirical relationship with the Landsat Surface Reflectance (SR)
dataset (Robinson et al. 2018). In order to precisely assess the impact of radiation energy on
vegetation NPP variability, it is critical to use a high-resolution incoming solar radiation dataset
that could describe the spatial pattern of incident radiation energy at very fine spatial scales.
Previous studies showed that the topographic effect, including variations in slope and aspect, was
the dominant factor causing the spatial variability in solar radiation at a regional scale (Dubayah
and Loechel 1997, Pons and Ninyerola 2008). With the availability of the Airborne Light

Detection and Ranging (LiDAR) system, we are able delineate the topographic information



based on the spatial distribution of LiDAR point cloud and quantify the incoming radiation

energy, thus understanding its link to vegetation NPP variability at the regional scale.

Recent studies have provided the evidence that the changing climate has a strong influence on
vegetation NPP variability (Schuur 2003, Lieth 1975, Zaks et al. 2007). However, the variation
in NPP can also result from the indirect influence of climate through forest stand age,
aboveground biomass and plant phenology (Michaletz et al. 2014). From a long temporal scale,
the net carbon accumulation of the forest ecosystem heavily relies on the stand age, which is
determined by the magnitude and frequency of forest disturbances (Chapin 2002, Kashian et al.
2006, Moskal and Jakubauskas 2013). Former research even suggested that the forest stand age
could explain more variation in vegetation NPP compared with other climate variables, such as
annual mean temperature and precipitation (Michaletz et al. 2014). Therefore, a comprehensive
knowledge of the NPP-age relationship could improve our understanding regarding the carbon
storage and flux dynamics across multiple scales and help us to project the impact of future
disturbances on terrestrial carbon balance. In the past decades, some process-based
biogeochemical models have been built to reflect both the disturbance and non-disturbance
factors on the terrestrial carbon budget (Chen et al. 2000b, Chen, Chen and Cihlar 2000a). Those
models were applied in many regions all over the world to investigate the NPP- stand age
relationship among different forest types (Wang et al. 2018, Wang et al. 2011). However, the
forest stand age map used in previous studies for model calibration is from the forest inventory
dataset. Due to the availability of the field plot data, there are relatively huge uncertainties
existing in forest age maps generated by inventory datasets. In order to overcome this shortage,

an improved forest age mapping approach, relying on multi-temporal remote sensing data and



Vegetation Change Tracker (VCT) algorithm will be applied in this study to investigate the

relationship between stand age and NPP among different forest types.

The Olympic Peninsula in the State of Washington has one of the largest temperate rainforests in
the Unites States (Nadkarni 1984, Lomolino and Perault 2007). Temperate rainforests are among
the world’s biggest carbon sink, playing a critical role in terrestrial carbon cycle (DellaSala 2011,
Sebastiaan et al. 2008, Smithwick et al. 2002, Keith, Mackey and Lindenmayer 2009) and
climate regulation (Smithwick et al. 2002, Sebastiaan et al. 2008). Observing the long-term
trends and variations of NPP in temperate rainforest could further our understanding on the
vulnerability of temperate rainforest to our changing climate. This information will help us to

better understand and even predict the terrestrial carbon cycle dynamics under climate changes.

The overall goal of this study is to investigate the impact of climate change and topography on
carbon sequestration rates of temperate rainforest in our study area. The objectives include: 1)
quantifying, validating and comparing the annual NPP in our two watersheds (Hoh and Queets)
from 1986 to 2017 using different models, 2) investigating the direct (e.g., temperature,
precipitation) and indirect effects (e.g., forest stand age) of climate change on NPP variability,
and 3) mapping the LiDAR-based topographic solar radiation and exploring its relationship with

vegetation NPP among different forest types.



Chapter 2: Materials and Methods

2.1 Study Area:

The study areas selected are located on the Olympic Peninsula of Washington State. We focused
on two watershed regions, Queets and Hoh, as shown in Figure 2.1. Queets, the first watershed
(Queets) is located in the Southeastern part of the peninsula with dominant species including
Tsuga heterophylla and Picea sitchensis. Hoh, the second watershed (Hoh) is situated on the
Midwestern part of the peninsula and the forest cover is dominated by Acer circinatum, and
Rubus spectabilis. Generally, the Olympic Peninsula has a temperate maritime climate with
warm summers and cool winters (Lewis et al. 2016, Peel, Finlayson and McMahon 2007). The
topography on the peninsula is very complex with forest being the dominate land-cover type
(Schworer et al. 2016). There is a prominent topographic influence caused by the Olympic
mountains regarding the precipitation patterns across the peninsula. The western slopes, with
higher elevations, receive over 5000 mm of annual precipitation while the locations in the rain
shadow region to the northeast and on the other side of the Olympic Mountains receive less than
500 mm of annual precipitation (Schworer et al. 2016). This steep precipitation difference,
combined with the differing temperatures, produce a variety of climatic conditions across the
peninsula. Due to the drier climate in the eastern and northeastern areas of the peninsula,
wildfires in those regions play an important role in forest disturbance and regrowth (Henderson
and United States. Forest Service. Pacific Northwest 1989). Therefore, these wildfires are an

influencing factor on the aboveground NPP variability.
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Figure 2.1: (a) The geographical locations of the two watersheds. (b and c) The forest
structure and species composition in Queets (watershed#1) and Hoh (watershed#2).

2.2 Field Data:

Ground-truthing data plays an important role in model validation. In this study, we used annual
aboveground NPP data from the North America Carbon Program, Terrestrial Ecosystem
Research and Regional Analysis- Pacific Northwest (NACP TERRA-PNW) (Law and Berner
2015) to evaluate the model performance by comparing the field-based NPP with the model-
derived NPP. The field data were collected across forests in Washington, Oregon and California

by the TERRA-PNW research group between 1999 and 2014.

Each sample plot consists of a 1-ha area with four subplots for each (center, north, southwest,
southeast). Starting at the subplot center, and taking into consideration the tree density, each
subplot was spaced at 35m, with the subplot diameter ranging from 10m to 17m (Law and
Berner 2015). The plot-level NPP was estimated based on the difference in biomass at two points

in time, divided by the number of intervening years between data collection.



2.3 Climatic Data:

The annual mean temperature and precipitation data from 1986 to 2017 in Queets plot and Hoh
plot were retrieved from the Parameter-elevation Relationships on Independent Slopes Model
(PRISM) group in order to facilitate our understanding of how the changing climate contributes
to the annual NPP variation. The historical temperature and precipitation data were estimated
using PRISM, considering the climate-elevation regression for each grid cell of the digital
elevation model (DEM) (Daly et al. 2008). In order to quantify the annual NPP in each of the
sample plots we used statistical models with climatic data input. We also retrieved the annual
mean precipitation and temperature data at specific years when the ground-truthing NPP was

estimated.

2.4 Remote Sensing Data:

2.4.1 Landsat Data:

Geometrically and radiometrically corrected Landsat 8 Operational Land Imager (OLI) data
acquired in 2010, with 30m spatial resolution, were obtained from the U.S. Geological Survey/
Earth Resources Observation and Science (USGS/EROS) Landsat archive. In order to obtain the
best quality data, imagery with the lowest cloud% was selected during the peak growing season
to minimize the sun angle differences, vegetation phenology effect and other exogenous factors
(Wenjuan et al. 2016). The Landsat 8 OLI imagery was atmospherically calibrated to surface
reflectance by using the Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS)
algorithm (Masek et al. 2006) and the Landsat 8 surface reflectance code (IaSRC) (James et al.
2017). Individual bands, spectral indices and first principal components were extracted from

Landsat 8 imagery to test their sensitivity to the forest NPP variability across our study region.



All the selected variables extracted from the Landsat surface reflectance data are illustrated in

Table 1.

Table 1: Variables selected to test their sensitivity to the NPP variability in two watersheds (Queets and
Hoh).

Variables Formula Reference Description

G, R, NIR Landsat 8 bands

MSAVI MSAVI=(2*Band4+1-sqrt((s*Band4+1)>-8*(Band5-Band4)) (Qietal. 1994) Modified Soil-adjusted Vegetation Index

EVI EVI=2.5*((Band5-Band4)/(Band5+6*Band4-7.5%¥Band2+1)) | (Huete et al. 2002) Enhanced Vegetation Index
NDMI NDMI=(Band5-Band6)/(Band5+Band6) (Gao 1996) Normalized Difference Moisture Index
NDVI NDVI=(Band5-Band4)/(Band5+Band4) (Rouse 1973) Normalized Difference Vegetation Index
SAVI SAVI=((Band5-Band4)/(Band5+Band4+0.5))*1.5 (Huete 1988) Soil-adjusted Vegetation Index
PCA1 First Principal Component

2.4.2 Land-cover data:

Land-cover is considered as one of the significant drivers of environmental productivity
(Mildrexler et al. 2007). So land-cover data were obtained in this study to investigate the impact
of changing climate and topography on NPP variations in different forest types. We extracted the
land-cover information from the National Land Cover Database (NLCD), which provides land-
cover data across the United States at 30m spatial resolution with a 16-class legend based on a
modified Anderson Level II classification system (Yang et al. 2018, Homer et al. 2015). In order
to evaluate the NPP differences among different forest types in the two watersheds (Queets and
Hoh), we extracted three forest classes (deciduous forest, evergreen forest and mixed forest)
from the NLCD and calculated the annual mean NPP value of each forest class in our study
region during the period from 1986 to 2017. Percent tree canopy data within our two watersheds
were also derived from NLCD with a 30m spatial resolution (Coulston et al. 2012, Coulston et

al. 2013) to test the impact of forest cover percentage on regional NPP variability. The land-



cover types and forest cover percentage in the two watersheds of Hoh and Queets are illustrated

in Figure 2.2.
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Figure 2.2: (a) Land-cover pattern of our study area; (b) Forest Cover Percentage distribution in
two watersheds (Queets and Hoh).
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2.4.3 MODIS LAI Data:

In order to assess the influence of canopy vertical structure on NPP variations across Queets plot
and Hoh plot, Leaf Area Index (LAI) data covering the two watersheds were obtained in this
study from the MODIS Collection 6 LAI/FPAR product generated at a spatial resolution of 500m
and with an 8-day temporal resolution (Myneni, Knyazikhin and Park 2015).

Due to the huge data volume, we used the Google Earth Engine to derive the time-series LAI
trajectories in both Queets plot and Hoh plot from 2002 to the present day and calculated the
mean annual LAI values, respectively. LAI trajectories in our two watersheds from 2002 to 2017

are presented in Figure 2.3.
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b. Time-series LAI trajectories in Hoh plot.
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Figure 2.3: (a, b) The time-series LAI trajectories in Queets plot and Hoh plot respectively and
(c) the annual mean LAI variation in the Queets plot and Hoh plot from 2002 to 2017.

13



2.4.4 National Digital Elevation Model (DEM):
The DEM data used in our study region have a spatial resolution of 10m (Geological 1999). We
extracted the data from the National Elevation Dataset developed by the USGS Earth Resources
Observation and Science (EROS) Data Center (Gesch et al. 2002). In order to evaluate the effect
of topography on regional NPP variability, we applied Topographic Solar Radiation Index
(TSRI) to empirically estimate the difference of incident solar radiation due to the topographic
effect. The TSRI was calculated based on the slope information derived from the DEM data
(Ferguson, Johnson and Morgan) using the following equation:

TSRI = 1- cos (( pi/180) * (aspect- 30))/2 (1)

The spatial patterns of TSRI derived from the DEM data are shown in Figure 2.4(a).

2.4.5 Airborne LiDAR Data:

The airborne LiDAR data over the research plots were acquired in April 16", 29t | 30" | May
1st, November 6™ -19™ and December 15t — 4™ | 2011 with Leica ALS50 Phase II and ALS60
system, respectively. The average point density is > 8 pulses per square meter over the terrestrial
surface. The datasets including Point Cloud, Digital Terrain Model (DTM) and Digital Surface
Model (DSM) were obtained from the Washington State Department of Natural Resources
(DNR) LiDAR Portal. The LiDAR-based DTM and DSM have higher spatial resolution (1
meter) when compared to the DEM extracted from the National Elevation Dataset. The spatial
patterns of TSRI in Queets plot and Hoh plot calculated by slope information derived from DTM

data are depicted Figure 2.4(b).
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(b)

Figure 2.4: (a) The spatial pattern of TSRI derived from National DEM and (b) Airborne
LiDAR.

We also derived the Rumple Index from LiDAR-based DSM and DTM in order to explain the
NPP variability across the two plots. The Rumple Index was calculated as the ratio of canopy

surface area to the ground surface area (Parker et al. 2004). The canopy surface grid points of

15



both plots were used to create the triangular irregular network (TIN) of the three-dimensional

points, and then divided by the ground surface area (Kane et al. 2008).

2.5 NPP simulation Models:

2.5.1 Biome-BGC Model:

Landsat-derived annual NPP data for the conterminous United States, with 30 meters spatial
resolution, spanning the years from 1986 to 2017 were used in this study. The NPP data was
simulated using the Biome-BGC model with input variables including vapor pressure deficit
(VPD), incident shortwave radiation (SWrad), average daytime temperature (Tavg), daily
minimum temperature (Tmin), land-cover data, fraction of photosynthetically active radiation
(FPAR) and leaf area index (LAI) (Robinson et al. 2018). The logic used in calculating the

annual NPP is demonstrated in Figure 2.5. The annual mean NPP of two plots and two

watersheds were extracted from the Google Earth Engine platform and further statistical analyses

was conducted in R.
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Figure 2.5: Flowchart describing the steps calculating the 8-day GPP and annual NPP (Running

and Zhao 2015).

The MODIS NPP data (MOD17) was also applied in this study to test the influence of the spatial

resolution of input variables on NPP simulation accuracy. Compared with the Landsat derived

annual NPP data, MOD17 applied the same process-based model (Biome-BGC) for annual NPP

simulation with input variables of coarser spatial resolution (Robinson et al. 2018). In order to

keep the data consistent for further field- and cross-validation, MODIS annual NPP data from

2004 to 2013 was obtained for use in this study.

2.5.2 Carnegie Ames Stanford Approach:

The Carnegie Ames Stanford Approach (CASA) model has been widely used for forest NPP
quantification and assessment across different spatial scales (Hao et al. 2018, Mu et al. 2013,

Wen, Liu and Du 2018). We obtained the global-scale terrestrial NPP data provided by NASA
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Ames Research Center, with 8 km spatial resolution for the years from 2004 to 2013 (Potter et al.
2013). The annual predicted NPP values of each sample plot (Queets and Hoh) was extracted

from the CASA NPP product for the cross-validation.

2.5.3 Thornthwaite Memorial Model:

Based on temperature and precipitation data, to quantify the forest annual NPP, the Thornthwaite
Memorial model was applied in this study. This model provides an empirical relationship
between forest NPP and different climatic factors including precipitation, temperature and
evapotranspiration (Lieth 1975). Compared with the process-based models, this statistical model
is easy to operate with only a few parameters required, and has a higher spatial and temporal

resolution (Yang and Yu 2017). The following equations expressed the procedures of calculating

the forest NPP:
NPP = 3000 * (1-¢0-0009695 * [v-20]) ©)
v= —,ﬁ 3)
L =3000+25 * T +25T3 4)

T: annual mean temperature (°C); R: annual mean precipitation (mm); L: annual mean

evapotranspiration (mm); V: annual mean actual evapotranspiration (mm).

2.5.4 Miami Model:
Considering the meteorological factors (Zhou et al. 2015), we used the Miami Model to estimate
the annual NPP. As the first global vegetation model developed for NPP quantification, the

Miami Model has been used worldwide and also acts as a baseline for model comparisons (Hao
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et al. 2018, Yang and Yu 2017, Adams, White and Lenton 2004). This model empirically
correlates annual mean temperature and precipitation with NPP. The formula of this model is

shown below:

3000
1+exp (1.315-0.119¢t)

NPP = min {( ), (3000[1 — exp(—0.000664r)])}  (5)

t: annual mean temperature (°C); r: annual mean precipitation (mm)
The annual mean temperature and precipitation data used as input for the Thornthwaite

Memorial Model and Miami Model were derived from the data described in Section 2.3.

2.6 Forest Stand Age:

In this study, we acquired the forest disturbance and regrowth data developed by the North
American Forest Dynamics (NAFD) projects (Goward et al. 2012, Goward et al. 2008). The
NAFD dataset provides the forest disturbance and regeneration data from 1984 to 2010 for 55
sites across the conterminous United States and was produced by using the Landsat time-series
stacks and the Vegetation Change Tracker (VCT) algorithm (Huang et al. 2009). The forest
disturbance history of our study region (p48/r27) were extracted from the NAFD dataset. The
VCT algorithm provides the disturbance product, where each pixel was labeled as one of the four
categories including persistent non-forest, persistent forest, persistent water or with the year of
change for disturbed forest pixels (Huang et al. 2010). The forest age was calculated as the
difference between the year of disturbance and the year when the last Landsat scene was
collected. Due to the time span of the Landsat stacks, we excluded all the pixels labeled as
persistent non-forest, persistent forest and persistent water. Therefore, only forest pixels with
disturbance history were used for stand-age calculation. The forest disturbance and stand age

map for our study region are presented in Figure 2.6.
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a. Forest disturbance map b. Stand age map

Figure 2.6: (a) The forest disturbance map, and (b) Forest stand age map derived from time-
series Landsat data coupled with the VCT algorithm.

2.7 Trend Analysis and Turning Points Detection:

We used the Theil-Sen median slope estimator to assess the rate of change of annual NPP from
1986 to 2017. This approach is capable of helping us evaluate the rate of change of the time-
series data with short time span and noise interference (Zhou et al. 2016). The Theil-Sen median

estimator was calculated as:

Bi = Median (

x;j:i") fori=1,.......N (6)

Where x; and xi represents the NPP value for year j and k (j>k).

After observing the general trend of the time-series NPP trajectory, we then applied the
piecewise linear regression (PLR) approach to detect the time and magnitude of potential
changes in NPP trajectory (Toms and Lesperance 2003). This model has been widely used in
ecological research to detect the potential Turning Points (TP) in noisy time-series data (Liang et

al. 2015, Peng et al. 2011). Two factors are carefully considered when visually estimating the

potential TP in the trajectory: 1) short segments before or after the potential TP should be
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avoided (Xu et al. 2014), and 2) the maximum number of potential TP should be specified in
advance so as to avoid the complex results and uncertainty in understanding the trend of NPP

trajectories (Wen et al. 2017). The PLR model was computed as:

_{ Ppxt+fy+e (t<=a)

Bxt+B+(t-—a)+p,+e (t>a) 7

v: annual NPP; t: year; o year of the TP; Po: intercept; Bi: magnitude of the NPP trend before

TP; B1+P2: the magnitude of the NPP trend after the TP; e: residual.

The Akaike Information Criterion (AIC) was applied to determine the significance of the
potential TP by fitting two models to the NPP trajectory (Akaike 1974, Yang and Yu 2017, Peng

etal. 2011).

AIC=n*1og($)+2k+m (8)

n—-k—-1

n: sample size; RSS: residual sum of square for the estimated model; k: number of parameters.

Finally, we calculated the AAIC, which was defined as the difference between the AIC; of the
PLR model and the AIC; of the linear regression model. The threshold of AAIC was set to 2 and
the potential TP was statistically significant when the AAIC was less than the defined threshold
(Burnham 2002).

After retrieving the significant TP from the annual NPP trajectories, we then placed the same
potential TP on both the annual temperature and precipitation trajectories from 1986 to 2017 in
order to explore the impact of climate change on annual NPP variability. The same processes

were followed as described above using both the PLC model and AIC models.
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2.8 Validation:

Both the ground-truthing validation and cross validation approaches were used to assess the
accuracy of the NPP estimation results simulated by statistical models and process-based models.

The ground-truthing data we used can be found in Section 2.2.

Chapter 3: Results

3.1 Ground-truthing Validation and Cross Validation:

In this study, we used both process-based models and statistical models to predict annual NPP. In
order to evaluate the accuracy of NPP simulation, we compared the field-based NPP with model-
simulated NPP at the same geographic locations. Specifically, both Landsat-based and MODIS-
based NPP data were applied to the Biome-BGC model for the simulation process. However, the
spatial resolution of the input dataset differed. Therefore, the ground-truthing validation will help
us to understand how different models and input data will influence the simulation accuracy. The
results of ground-truthing validation were shown in Figure 3.1. In general, the annual NPP
simulated by process-based models, including Biome-BGC and CASA, demonstrated a higher
accuracy when compared with the NPP predicted by the statistical models. The quality of the
input dataset also played an important role on precisely predicting the NPP variability. A
stronger relationship between observed NPP and Landsat-based NPP was witnessed when
compared with the NPP data simulated using the MODIS dataset with a coarser spatial

resolution.
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Figure 3.1: The relationship between field-based NPP and predicted NPP simulated by (a)
Biome-BGC model with Landsat input, (b) Biome-BGC model with MODIS input, (¢) Miami
model and (d) Thornthwaite Memorial model.

To assess the relationship among NPP products simulated by different models and input datasets,
cross-validation was applied in this study. Due to the data availability, the annual NPP values in

our watershed region ranging from 2004 to 2013, were extracted from NPP datasets. The

correlation matrix describing the relationship among different NPP datasets is shown in Figure
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3.2. Positive relationships were observed among Landsat-based NPP, MODIS-based NPP,
CASA NPP and Miami NPP datasets. Specifically, annual NPP product simulated by the Miami

model demonstrated strong correlation with NPP datasets simulated by process-based models.

Landsat
Thoronthwaite
Miami

MODIS
CASA

Landsat | 1 | 0.53 0.26 |-0.17 0.74
MODIS 1 |0.66 -0.1 0.53
CASA 1 |-0.18  0.46
Thoronthwaite | 1 0.1

Miami @ 1

Figure 3.2: Pairwise correlation matrix depicting the relationship among NPP data using
different models and input datasets.

3.2 NPP variation in two watersheds:

We retrieved the NPP trajectories of our two watersheds (Queets and Hoh) from 1986 to 2017
using the Google Earth Engine. The long-term NPP trajectories in our two plots are illustrated in
Figure 3.3. The annual NPP in Hoh plot was higher than that in Queets plot. A One-way

ANOVA test was then performed (Figure 3.4) and the results showed that the annual NPP in two

plots were statistically different.
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Figure 3.3: The time-series trajectories of the annual NPP in our two research plots (Queets plot

and Hoh plot).
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Figure 3.4: The results of a one-way ANOVA test comparing annual NPP between two
watershed plots (Queets and Hoh).
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3.3 Time-series Analysis:

To explore the general trend and Potential Turning Points, the Theil-Sen median slope estimator

and Pairwise Linear Regression Approach discussed in Section 2.7 were applied to the long-term

NPP trajectory in plot 1 (Queets). A general increasing trend was observed with two statistically

significant turning points being detected in 1997 and 2007 (AAIC= 11.44). In order to explain

the driving forces of the occurrence of the potential Turning Points, we placed the two turning

points on the long-term annual temperature and precipitation trajectories ranging from1986 to

2017. The same turning points of 1997 and 2007 were found to be significantly different,

regarding temperature trajectories. This indicates that the NPP was potentially influenced by

temperature variability.
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a. Potential Turning Points detected in annual NPP trajectories
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b. Potential Turning Points detected in annual temperature trajectories

Figure 3.5: Potential Turning Points detected in annual NPP trajectories (a) and annual
temperature trajectories (b).

3.4 Influence of climate change on NPP:

The annual NPP data in Queets plot and Hoh plot from 2004 to 2013 were extracted from
different NPP products. In order to analyze the impact of climate change on NPP variation, we
then derived the annual mean precipitation and temperature during the same period in both
research plots. Correlation analyses were conducted between NPP datasets and climate factors
aiming to understand the sensitivity of different NPP products to the changing climate.
Correlation coefficients between climate data and NPP values extracted from different NPP

models are shown in Table 3.1.
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Table 3.1: Correlation coefficient between climate data and different NPP dataset.

Annual Mean Precipitation Annual Mean Temperature
Landsat NPP (Biome-BGC) -0.15 0.74
MODIS NPP (Biome-BGC) -0.14 0.66
NPP (CASA) -0.26 0.73
NPP (Miami model) -0.14
NPP (Thornthwaite Memorial model) -0.12

The correlation coefficient between annual mean temperature and NPP derived from the Miami
model was neglected because they are linearly correlated. Due to the same reason, we ignored
the relationship between annual mean precipitation and NPP extracted from Thornthwaite
Memorial model. The results showed that most of the models had a sensitive response to the
changing annual mean temperature while the annual mean precipitation was not a dominant

factor on NPP variability in our two research plots.

3.5 Impact of topography on NPP:

The TSRI derived from National DEM and LiDAR-based DTM was used to investigate the
impact of solar radiation differences on regional NPP variability. We overlapped the TSRI maps
with NLCD to delineate the TSRI patterns in each forest class (i.e., deciduous forest, evergreen
forest, mixed forest). For each forest class, 24 sample points were randomly selected and
correlated with the NPP. The relationships between NPP and TSRI derived from National DEM

and LiDAR-based DTM for each forest type are illustrated in Figure 3.4.
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Figure 3.6: The relationship between (a) NPP and DTM-based TSRI in Deciduous Forest,
(b) NPP and DEM-based TSRI in Deciduous Forest, (¢c) NPP and DTM-based TSRI in
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Evergreen Forest, (d) NPP and DEM-based TSRI in Evergreen Forest, (¢) NPP and DTM-based
TSRI in Mixed Forest and (f) NPP and DEM-based TSRI in Mixed Forest.

The results showed that the relationship between NPP and TSRI derived from Airborne LiDAR
DTM (1m*1m) is stronger than that calculated by National DEM (10m*10m) which indicated
that the TSRI derived from high-resolution remote sensing data could better characterize the

NPP variability at the regional scale.

3.6 Impact of forest stand age on NPP:
We derived the forest stand age maps for our two watersheds (Queets and Hoh) by using multi-
temporal Landsat data coupled with VCT algorithm (see Section 2.6). The forest age maps for

each class were produced by overlapping the stand age maps with NLCD.
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Figure 3.7: The relationship between NPP and forest stand age after disturbance in (a) Deciduous

Forest, (b) Evergreen Forest and (c) Mixed Forest.

The NPP for each age group and forest type was calculated by averaging the NPP of all the

pixels at the same age with the same forest cover types. The correlation between NPP and forest
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stand age in different forest types are demonstrated in Figure 3.5. The linear increasing trends of
annual NPP with increasing stand age were observed in all forest types. Notably, the NPP of
Evergreen Forests slightly decreased before the steady increase, which was probably caused by

forest competition or may possibly be just noise from the remotely sensed data.

Chapter 4: Discussion

Previous studies suggest that the process-based models were more reliable than statistical models
probably because they simulated the biological processes impacting the NPP, which include
photosynthesis, respiration and transpiration (Liu et al. 1997, Yang and Yu 2017). The results of
ground-truthing validation in our study coincided with the previous research, demonstrating that
process-based models can better characterize the NPP variability at the regional scale. However,
large uncertainties still existed in NPP products simulated by process-based models including
those introduced by upstream data input and model structure (Wang et al. 2017, Pan et al. 2006,
Nightingale et al. 2007). There were many outliers because of the overestimation of MODIS-
based NPP and these are shown in Figure 4.1(a). Specifically, the MOIDS-based NPP was
frequently overestimated when the actual NPP was lower than 500g*m™!*year!, which could be
potentially caused by the land-cover misclassification. A stronger linear relationship was
observed when we removed the outliers, as shown in Figure 4.1(b). In order to clarify the cause
of the outliers, we extracted the land-cover types of the outliers from NLCD and MODIS Land-

cover product (MCD12Q1), as shown in Table 4.1.
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Figure 4.1: The relationship between Ground truthing NPP and MODIS-based NPP with outliers

(a) and without outliers (b).

Table 4.1: The Land-cover types of the outliers from NLCD and MCD12Q1.

Datasets MCD12Q1 NLCD
NPP values of outliers

(11,172.2) Grassland Shrub/ Scrub
(16,217.2) Grassland Shrub/ Scrub
(21, 248.6) Woody Savannas Shrub/ Scrub
(19,279.9) Grassland Shrub/ Scrub
(15, 315.3) Grassland Shrub/ Scrub
(22,377.9) Woody Savannas Shrub/ Scrub

(54, 350) Grassland Shrub/ Scrub
(176, 306.7) Grassland Evergreen Forest
(241, 296.1) Grassland Evergreen Forest

The results showed that the land-cover types of the outliers were different in NLCD and

MCD12Q1. Since the land-cover data was an important input of the Biome-BGC model for the
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NPP simulation, the discrepancy of different land-cover types between Landsat- and MODIS-

NPP products will potentially cause uncertainties.

Comparatively, the NPP product simulated by Landsat data and Biome-BGC model can better
characterize the NPP variability at the regional scale, which indicated the importance of input
datasets on NPP quantification. However, the LAI data applied in Landsat NPP product relies on
the established relationship between LAI and Normalized Difference Vegetation Index (NDVI)
(Junbang et al. 2014). However, the empirical relationship built at the local scale, and over a
short time frame, have limited applicability at large spatial scales (Ganguly et al. 2012).
Therefore, it is of great significance to generate the Landsat-based LAI product from regional to

global spatial scales based on a physical algorithm (Ganguly et al. 2012).

Previous research studies have suggested that the NDVI derived from remotely sensed imagery
was a significant indicator of vegetation productivity (Emma et al. 2017, Box, Holben and Kalb
1989), and the empirical model relating vegetation indices to NPP can be even more reliable than
the light-use efficiency approach which contains huge errors due to the coarse-scale
meteorological data input (Turner et al. 2005, Emma et al. 2017). In order to understand the
sensitivity of spectral indices on NPP variability in highly-productive temperate rainforest,
spectral indices were derived based on Landsat imageries described in Section 2.4.1. Our results
show that the sensitivity of spectral indices to NPP strongly depends on Land-cover types.
Therefore, building an empirical model purely based on the relationship between NPP and

spectral indices may not be very reliable in temperate rainforests at a regional scale.
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Table 4.2: The relationship between NPP and spectral indices derived from Landsat imagery.

Band 3 Band4 | Band5 | MSAVI EVI NDMI NDVI SAVI PCA'1
Deciduous Forest 0.25 0.12 0.50 0.54 0.55 0.43 0.34 0.53 0.45
Evergreen Forest 0.44 0.35 0.29 0.28 0.29 -0.09 -0.07 0.31 0.36
Mixed Forest 0.19 0.39 -0.03 -0.07 -0.04 -0.05 0.43 0.05 0.37

The long-term annual NPP in Queets plot and Hoh plot were statistically different based on the
results of one-way ANOVA test as shown in Figure 3.4. Many potential drivers causing the NPP
differences in two plots should be considered, including forest cover percentage, TSRI, Rumple
Index, forest type and LAI Previous studies have suggested that there is a strong positive
correlation between NPP and forest cover percentage at the regional scale (Rodhouse et al.
2012). We observed that the forest cover percentage in Queets plot was lower than that in Hoh
plot based on the NLCD, which potentially impacted the NPP difference. The TSRI in Queets
plot and Hoh plot were also extracted from the TSRI map generated by Airborne LiDAR data
(Figure 2.4.b) and the results showed the incident solar radiation in Hoh plot was much higher
than that in Queets plot. Since the NPP was positively related to the incident solar radiation and
its absorption co-efficiency (Liu et al. 1997), the higher TSRI, as would be expected, indicated a
higher annual NPP in the Hoh plot. The higher Rumple Index generated by the Airborne LiDAR
point cloud explained the canopy self-shadowing, which indicated more shadow created due to
canopy complexity (Kane et al. 2008). We noticed the Rumple Index in Queets plot was much
higher, meaning more shadow was created because of the canopy surface. This shadow slowed
down the rate of carbon fixation, which was produced annually. In order to understand the
impact of forest type differences on NPP variability, we then calculated the long-term mean

annual NPP of each forest type within our two watersheds (Queets and Hoh), as shown in Figure
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4.2. There was a huge difference in terms of annual NPP between evergreen forests and mixed

forests. Finally, the annual LAI data in Queets plot and Hoh plot were acquired as shown in

Figure 2.3(c). The mean LAI in Hoh plot, estimated from 2003 to 2017, was higher than that in

the Queets plot, supporting our conclusion that the NPP in Queets plot is greater.

Table 4.3: The potential factors causing the NPP difference in Queets plot and Hoh plot.

Queets plot Hoh plot
Forest Cover Percentage 0.74 0.9
Topography (TSRI) 0.65 1.44
Self-shadowing (Rumple Index) 7.83 2.88
Forest Type Evergreen Forest Mixed Forest

Leaf Area Index (MOD15A3H) 3.56 3.98
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Figure 4.2: The long-term annual mean NPP in different forests within the two watersheds

studied.
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Figure 4.3: The long-term annual mean NPP trajectories in two watersheds of focus (Queets and
Hoh) occurring between1986 and 2017.

The pixel-level metrics shown in Table 4.2 support our conclusion that the annual NPP in Hoh
plot is higher than Queets plot. We then derived the long-term annual mean NPP trajectories in
our two watersheds using the Google Earth Engine platform (Figure 4.3). We observed that the
long-term annual mean NPP in our two watersheds were very close. This was potentially due to
similar climatic conditions, species compositions and soil types. These results also demonstrates

the importance of considering the geographic scale when determining the NPP variabilities.

Increasing trends were observed between annual NPP and stand age among all forest types
(Section 3.5) at the regional scale. Due to the time span of the Landsat dataset, the forest stand

age we derived ranged from 0 to 24 years. This limited our further exploration of the correlation

between annual NPP and stand age of mature and old-growth stands.
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In previous studies, similar trends were also observed when establishing the relationship between
annual NPP and stand age by analyzing the stand yield data for black spruce in Ontario (Chen et
al. 2002, Chen et al. 2003). The simulated NPP-age relationship for different site indices using a
semi-empirical function is illustrated in Figure 4.5. We noticed that for black spruce, with age
greater than 150 years, NPP gradually decreased for all site indexes but did not approach zero. It
was suggested that the primary reason for the decrease was probably that the NPP for the old-
growth black spruce stands was allocated almost exclusively to foliage and fine-root production
with a short turn-over period (Chen et al. 2002). Therefore, the actual NPP-age relationship
might be impacted by many potential factors including site condition, species composition and

climate.
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Figure 4.4: Simulated NPP-age relationship derived from black spruce stand yield data and
Integrated Terrestrial Ecosystem Carbon (InTEC) model (Chen et al. 2003).
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Future Research:

In this study, the accuracy of NPP products simulated by using the Biome-BGC model, with
different input datasets, was tested by ground-truthing validation. The results suggested that the
spatial resolution of input datasets played an important role in NPP simulation accuracy.
Specifically, the Landsat-based NPP product showed a better correlation with the field-based
data compared with the MODIS NPP data. However, discrepancies still existed between Landsat
NPP data and ground-truthing data, which were caused by some other factors. The ground
measurement errors will result in the disagreement and an accurate quantification of ground-
truthing NPP will contribute to our understanding of each models performance. The plot-level
NPP in this study was estimated based on the difference in biomass at two points in time divided
by the number of intervening years between data collection (Law and Berner 2015). However,
our study suggested that the rate of carbon accumulation by vegetation was closely related to the
stand age. Therefore, the field-based NPP calculated by the ratio between biomass difference to
the number of intervening years is the average NPP value between the two dates of data
collection. Due to the short time interval between field data collection, we could approximate the
average NPP value as the annual NPP of the year when the data were collected the second time
even though there might be potential errors occurred. Another error source of ground
measurement was from the sampling strategy. Specifically, we obtain the plot-level NPP by
averaging the NPP of four different subplots encompassed by the plot with the size of one
hectare. Therefore, potential errors could occur due to the 1) landscape heterogeneity, and 2)
mismatched resolution of the NPP dataset. Due to the landscape heterogeneity, the NPP averaged
by data collected in four subplots may not be able to well represent the NPP at the plot level due

to the species composition and distribution of land-cover types. Secondly, the spatial size of field
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plot was different from the MODIS NPP product so that the mismatched resolution will
influence the underlying accuracy. In future research projects, improvements should be made to
increase the accuracy of plot-level measurement including 1) appropriate selection of the dates of
data collection and make sure the averaged NPP value represents the annual NPP, 2) carefully
design the sample plot and match the spatial resolution of simulated NPP dataset, and 3)
applying different NPP measurement approaches and calculate the NPP using Eddy Flux Tower.
The precision of input dataset is also considered as one of the potential factors influencing the
NPP simulation accuracy. In this study, the remotely sensed input for the Biome-BGC model
include LAI, FPAR, NLCD. Both LAI and FPAR datasets were built upon the established
empirical relationship with NDVI derived from Landsat Surface Reflectance data (Peng, Zhang
and Liu 2012, Choudhury 1987). However, saturation effect was always observed when using
passive remote sensing data for LAI quantification, meaning the LAI will not increase linearly
due to the complex canopy structure such as foliage angular distribution (Zheng and Moskal
2009). The saturation effect will indirectly impact the accuracy of NPP simulation. Therefore, an
improved approach for LAI and FPAR quantification will help us to better characterize the NPP
variability across different spatial scales. Previous studies suggested the approaches of LAI
calculation using LiDAR point cloud data will effectively overcome some of the disadvantages
using passive remote sensing including cloud contamination and LAI saturation (Guang, Moskal
and Soo-Hyung 2013, Zheng and Moskal 2009, Jensen et al. 2008, Bouvier et al. 2015, Tang et
al. 2014, Moskal and Zheng 2012). Therefore, the use of LiDAR-based LAI as input parameter
for NPP simulation should be implemented in the future research to verify the significance of
precision of LAI on NPP simulation accuracy. Finally, some uncertainties were considered being

introduced by model error. In original Biome-BGC model, the growth respiration was estimated
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as a function of annual maximum LAI (Running and Zhao 2015). Therefore, the accuracy of
growth respiration is affected by the maximum LAI value. However, the MODIS LAI product
used for growth respiration calculation is under reflectance saturation condition when LAI is
greater than 3, meaning the surface reflectance has low sensitivity to changing LAI (Myneni et
al. 2002). As a consequence, the growth respiration in Biome-BGC model was then empirically
parametrized as 25% of annual NPP (Ryan 1991, Cannell and Thornley 2000). Since the rate of
growth respiration is influenced by different factors including plant species and external climate,
the error might be introduced by constructing the empirical relationship between NPP and
growth respiration. Therefore, the use of LIDAR-based LAI data can instead help us to

accurately estimate the growth respiration, thus improving the model accuracy.

The TSRI generated by both Airborne LiDAR point cloud data and National DEM dataset were
used in this study to investigate the impact of incident solar radiation on vegetation NPP
variability in different types of forest within our two watersheds (Queets and Hoh). Our results
suggested that the TSRI estimated by Airborne LiDAR data could better explain the NPP
variation in our two watersheds due to its higher spatial resolution. However, some outliers were
observed when a linear relationship was established between amount of incident solar radiation
and annual NPP. This potentially could have been caused by 1) the imprecise quantification of
incident solar radiation, and 2) the differences among vegetation traits in terms of the sensitivity
to radiation energy. An accurate quantification of incident solar radiation is the precondition for
understanding its influence on NPP variability. Therefore, some potential factors including
atmospheric condition, solar zenith and azimuth angle should be considered in the future

research in order to better understand the impact of radiation energy on vegetation NPP (Feng
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and Wang 2018). In addition, a transformation from incident solar radiation to the Absorbed
Photosynthetic Active Radiation (APAR) will benefit our understanding on how NPP is affected
by radiation energy. Therefore, vegetation spectral signature and canopy structure should be
incorporated for APAR calculation (Gitelson et al. 2015, Knyazikhin et al. 1998) in any future
research to better explain the influence of radiation on NPP variability across different spatial

scales.

Chapter 5: Summary

In this study, we explored the spatiotemporal patterns of vegetation NPP in our two watersheds
using different models and investigated the impact of climate change and topography on NPP
variability. Here we have summarized the main conclusions as follows:

1) The temperate rainforest in our study region was highly productive with annual NPP
around 10,000 kg/ha/year.

2) The process-based model (Biome-BGC model) better explained the NPP variability in
our two watersheds compared to the statistical models (Miami model and Thornthwaite
Memorial model). By comparing the ground-truthing NPP dataset with the Landsat- and
MODIS- NPP products, we concluded the spatial resolution of input data was closely
linked to the NPP prediction accuracy.

3) There was a linear relationship between stand age and NPP for all forest types
(Deciduous, Evergreen and Mixed Forest). Due to the time span of Landsat dataset, the
forest stand ages derived in this study ranged from 0 to 24 years (young forest). With the
increasing of stand age, the stand-level NPP was expected to decrease before reaching

equilibrium.
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4) Strong relationships were observed between NPP and LiDAR-based TSRI among all
forest types, indicating the significance of solar radiation energy on plant carbon
production. Comparatively, the National DEM-based TSRI cannot explain the NPP

variability as well as LIDAR-based TSRI due to the relatively low spatial resolution.
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