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ABSTRACT 

Temperate mixed forests are complex ecosystems composed of multiple 

vegetation types with very different physiological characteristics which are distributed 

over the landscape. This dissertation investigates the influence of these mixed plant 

landscapes on eddy-covariance flux data, and in particular, uses an ecohydrological 

model to study the influence of climate variability and insect infestation on a mixed forest 

at the Harvard Forest Long Term Ecological Research site in Massachusetts.   

There are significant seasonal and interannual variabilities in the extent and the 

orientation of the footprints of a flux tower (EMS-tower) as the Harvard Forest. The 

Gross Primary Productivity (GPP) flux was found to be largely dependent on the 

vegetation density during the green-up and senescence periods, but not during the mature 

period. Half of the interannual anomalies in the mature period GPP flux can be explained 

by the variation in the proportion of coniferous evergreen needleleaf forest (ENF) in the 

footprint. Every 1% decrease of ENF resulted in the increase of the GPP flux by 20 gC m-

2. 
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The spatially-distributed process-based Regional Hydro-Ecological Simulation 

System (RHESSys) model was implemented in two headwater catchments at the Harvard 

Forest to simulate water and carbon cycles from 1992 to 2008. Results were evaluated 

using field measurements such as streamflow and the GPP and evapotranspiration (ET) 

fluxes at two flux towers. The simulated annual GPP flux of the deciduous forest showed 

strong and significant long-term increases, six times higher than the GPP flux of the 

coniferous forest, while the increase in ET flux of both forests was small yet significant.  

The Harvard Forest was infested by Hemlock Woolly Adelgid (HWA) between 

2004 and 2008, and although there has not yet been a significant increase in the total 

annual mortality, the small stature stands have started to die off by 5.7%. The HWA 

infestation has already resulted in an increased streamflow in the catchment dominated by 

hemlock stands (44% in area). In 2014, the increased annual streamflow was estimated as 

81 mm using the RHESSys model with an embedded representation of the HWA-induced 

loss of water conductivity (calibrated using the Hemlock tower ET flux). 
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Chapter 1. Introduction 

 

1.1. Background 

Terrestrial ecosystems exchange energy, carbon, water, and nutrients with the 

atmosphere through both biotic processes and indirect abiotic processes that are 

controlled by the biotic processes. For example, approximately 120 Gt of carbon are 

circulated every year between terrestrial ecosystems and the atmosphere through 

photosynthesis and respiration processes (Urbanski et al., 2007). Thus small variations in 

the balance between photosynthesis and respiration control both interannual and seasonal 

variabilities in atmospheric carbon dioxide concentration (CO2, Hartmann et al., 2013), 

one of the major greenhouse gases. The largest terrestrial water flux is the transpiration 

from ecosystems, which is approximately 62,000 ± 8,000 km3 of water per year (Eakins 

& Sharman, 2010; Jasechko et al., 2013). Nitrogen in the soil returns to the atmosphere 

through the denitrification process that is heavily controlled by soil moisture (Kulkarni et 

al., 2014), which, in turn, is significantly driven by plant water uptake.  

Furthermore, it is critical to fully understand how the terrestrial ecosystems have 

responded to the past external forces such as climate changes and invasive insect 

infestations in order to predict energy, carbon, water, and nutrient cycles in the future. 

The National Climate Assessment (Walsh et al., 2014) has recorded the significant 

climate changes occurring over the recent past, including an approximate 1.3°F increase 

in the U.S. average temperature since 1980 (the most recent decade was the nation’s 

warmest on record), and roughly a 5% increase in precipitation (primarily in the form of 
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heavy rainfall events) since 1900. Atmospheric CO2 concentrations at the Hawaii Mauna 

Loa Observatatory have just surpassed 400 parts per million (ppm) for the first time in 

human history(as of July 2015).   These were only 317 ppm in 1958 when Charles D. 

Keeling began these atmospheric CO2 measurements (NOAA, 2015). 

Over the past two decades, there have been remarkable progress in expanding our 

understanding of terrestrial ecosystems at a wide range of spatial and temporal scales: 

plot-scale discrete-time ground-based sampling and forest inventories (Bechtold, 

Patterson, & Editors, 2005; Field et al., 1982; Lindroth & Cienciala, 1995), canopy-scale 

continuous eddy covariance flux measurements (Baldocchi, 2003), and regional and 

global-scale semi-continuous remote sensing techniques (Kerr & Ostrovsky, 2003; Zhao 

& Running, 2010). Each method has its own distinct advantages and inevitable 

drawbacks. Using data from these methods, there have been a large  number of studies 

reporting ecosystem responses to recent climate change, such as phenological shifts 

(Keenan et al., 2014; Menzel et al., 2006), changes in ecosystem production and 

respiration rates (Nemani et al., 2003; Richardson et al., 2007; Schimel et al., 2001), and 

transitions in species distribution and diversity (Kelly et al., 2008; Walther et al., 2005).  

Ecosystem models provide the tools to aggregate these observations into different 

spatio-temporal scales, to quantitatively represent our understanding of current ecosystem 

processes, and to predict the plausible responses of these ecosystems to different climate 

projections in the future. For example, an ecosystem model that has a canopy-scale (or 

stand-scale) spatial modeling unit, a so called “spatially-distributed model”, can be 

applied to upscale the eddy-flux measurements from a single location to the regional 
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landscape scale of remote sensing data. This is especially critical in those highly 

heterogeneous regions that are composed of multiple different plant types (such as mixed 

forests that serve as the focus of this study). An ecosystem model that describes the 

processes based on the mathematical representations of the process responses to external 

environments, a so called “process-based model”, can explore the impact of certain 

external factors on the entire ecosystem functions (e.g. temperature, precipitation, and 

atmospheric CO2 level).  

For this research we will initialize a spatially-distributed process-based Regional 

Hydro-Ecological Simulation System (RHESSys) model with field-observations and 

remote-sensing data to produce statistically optimized estimates of fluxes from a 

temperate mixed forest ecosystem and improve our understanding of the system 

processes. We will be applying the RHESSys model to two mixed forest catchments at 

the Harvard Experimental Forest in Central Massachusetts, USA. This location has been 

systematically monitored since 1988 and a wide range of regional experiments are being 

conducted there to understand the processes of the biogeochemical cycles. We will 

incorporate both in-situ measurements and remotely sensed parameters in the model to 

investigate the dynamics of carbon and water cycles of these New England mixed forest 

sites that are experiencing both climate change and the impacts of an insect infestation. 

 

1.2. Regional Hydro-Ecological Simulation System (RHESSys) overview 

RHESSys (Band et al., 2000; Band et al., 1993; Tague & Band, 2004) is a physical 

process-based model, which integrates hydrologic processes, biogeochemical cycling and 
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microclimate variability using the algorithms modified from the several existing models: 

TOPMODEL (Beven & Kirkby, 1979), BIOME-BGC (Running & Hunt Jr., 1993), and MT-

CLIM (Running et al., 1987). The Geographic Information System (GIS)-based model framework 

of RHESSys allows it to directly import remote sensing data to describe the spatial information 

such as land cover, soil type, leaf area index (LAI), and topography as digital elevation model 

(DEM).  

The spatial information is partitioned into a nested series of functional objects or patches 

with which hydrological, microclimate, and ecological processes are associated. Dynamic 

coupling between hydrologic response and vegetation and land cover dynamics is implemented 

with this differential representation of vertical and lateral processes at different temporal scales. 

RHESSys can account for lateral connection between patches (smallest spatial scale of 

vegetation), allowing the spatial connectivity to vary with changes in drainage organization or 

hydrologic flow paths as a result of the construction of road drainage and storm drain networks in 

urbanized watersheds (Tague & Pohl-Costello, 2008). RHESSys has been developed using the 

object-based approach, with C programming, to facilitate the modification of model structures 

and process algorithm.  

RHESSys has been applied to a number of ecohydrological watersheds with diverse 

climate parameters; including varying watershed scale transpiration and production (Band et 

al.,1991;Band et al.,1993; Nemani et al.,1993; Mackayet al., 2003; Zierl et al., 2007), nitrogen 

processes (Band et al., 2001;Creed et al., 1996; Groffman et al., 2009; Tague, 2009), spatial 

patterns of vegetation growth (Mackay & Band, 1997; Mackay, 2001), spatial patterns of 

vegetation species (Meentemeyer et al., 2001; Meentemeyer & Moody, 2002), hydrologic 

responses to climate change (Band et al., 1996; Baron et al., 2000; Christensen et al., 2008; Tague 

et al., 2009; Jefferson et al., 2008), and streamflow prediction of ungauged watersheds (Tague & 
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Pohl-Costello, 2008).  This dissertation represents the first time RHESSys has been applied to a 

New England mixed forest with its wide range of annual dynamics and climatic variations and 

one furthermore which is also experiencing an insect infestation by the Hemlock Woody Adelgid, 

Adelges tsugae Annand.  

 

1.3. Dissertation overview  

 Three related studies are conducted to address the dynamics in carbon and water 

cycling in this New England mixed forest experiencing both long-term gradual climate 

changes and an invasive insect outbreak. 

In chapter two, we focus on use of flux tower information to both parameterize 

and evaluate our model results. We investigate the spatial representativeness of single 

tower flux measurements and assess the ability of those data to capture the variability of 

the regional landscape. The Environmental Measurement Site (EMS) flux tower at 

Harvard Experimental Forest is located in a north-eastern mixed forest with a landscape 

that is primarily driven by the phenology of the deciduous stands intermixed with a 

heterogeneous distribution of evergreen coniferous stands. The area that contributes to 

the flux observed by a tower, the so-called “footprint”, should vary depending on the 

atmospheric stability, wind speed, and the wind direction. At the Harvard Forest, this can 

be critical considering that the tower location is surrounded by woody wetlands on the 

northeast and swamps on the southeast during the study period (1992-2008). We use a 

footprint climatology to estimate seventeen years of seasonal footprints at the flux tower. 

We calculate vegetation density using fine-resolution (30 m) Landsat TM/ETM+ imagery 
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to examine the vegetation density distribution within the tower footprint in each season. 

We also investigate the correlation between the flux anomalies and the vegetation type 

proportions within the footprints. Furthermore, we explore whether the seasonal flux 

tower measurements adequately represent the vegetation characteristics at the larger 

spatial scales (1.0 km and 1.5 km scales) of the MODerate resolution Imaging 

Spectroradiometer (MODIS) and Visible Infrared Imaging Radiometer Suite (VIIRS), as 

MODIS provides the most widely used remote sensing data for dynamic ecosystem 

studies that is extended by VIIRS.  

In chapter three, we focus on optimizing the spatially-distributed process-based 

ecohydrological model RHESSys for the region. Since the model is based on a water 

mass balance concept, incoming water flux (precipitation) should be balanced by the 

outgoing water flux (streamflow and evapotranspiration).  The model is implemented for 

two small headwater catchments in the Harvard Forest. The simulated estimates of 

carbon and water cycling are validated at different scales using a number of field 

measurements: plot-scale soil respiration and moisture as well as ground-based 

measurements of leaf area index (LAI), canopy-scale gross primary productivity (GPP) 

and evapotranspiration (ET) information using the flux data from two eddy flux towers in 

the forest, and catchment-scale streamflow values using local gauge data. We compare 

the different responses of the deciduous and coniferous plant types, both of which have 

been experiencing identical climate changes over the past seventeen years. 

In chapter four, we analyze the impact of an invasive insect infestation, the 

hemlock woolly adelgid (HWA), on the streamflow of the study catchments using both 
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streamflow data and the RHESSys model. The HWA, which causes extensive mortality 

in eastern hemlock (Tsuga canadensis) was first reported in Virginia in 1951 and first 

arrived at Harvard Forest between 2005 and 2008. Eastern hemlocks heavily control the 

water cycle in this region where they represent a local community, yet not many studies 

have analyzed the impact of HWA infestation on the streamflow explicitly (Brantley et 

al., 2013). It is important to fully understand the hydrologic ramifications of eastern 

hemlock mortality as this region also serves as the reservoir for drinking water for the 

city of Boston and it is therefore important to be able to accurately predict future fresh 

water availability. We first investigate the development process of the HWA infestation 

state, the hemlock stands condition, and the mortality of hemlocks from 2009 to 2014. 

We estimate the hydraulic limitation caused by the HWA infestation using a simplified 

representation, incorporate it into RHESSys model, and evaluate the simulated estimates 

using field measurements. Based on the analysis using simulated streamflow estimates as 

well as the actual streamflow data, the change in the streamflow caused by the HWA 

infestation is assessed. 

Taken as a whole, this dissertation demonstrates that our understanding of the 

dynamics in mixed forests can be significantly improved by integrating geospatial 

analysis, and field measurements, with a spatially distributed ecosystem modeling 

framework.
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Chapter 2. Assessing seasonal changes in spatial heterogeneity of a 

mixed forest and the impact of interannual variations in the 

footprint land cover composition on flux measurements 

 

2.1. Introduction 

There has been a remarkable increase in the number of studies  reporting 

ecosystem responses to recent climate change such as phenological shifts (Keenan et al., 

2014; Menzel et al., 2006), changes in ecosystem production and respiration rates 

(Nemani et al., 2003; Richardson et al., 2007; Schimel et al., 2001), and transitions in 

species distribution and diversity (Kelly & Goulden, 2008; Walther et al., 2005). 

Numerous methods have been proposed and applied to define, quantify, and monitor 

ecosystem behaviors and changes at different temporal and spatial scales as well as to 

understand the underlying biophysical processes and their feedbacks: point-scale ground 

samplings (Field et al., 1982; Lindroth & Cienciala, 1995), canopy-scale eddy-covariance 

flux measurements (Baldocchi, 2003), regional and global-scale remote-sensing 

techniques (Zhao & Running, 2010), and multiscale computational ecosystem models 

(Cao & Woodward, 1998; Cramer et al., 2001). Flux towers using the eddy-covariance 

technique have been rapidly increasing globally, with over 650 sites (as of April 2014. 

http://fluxnet.ornl.gov/), providing a unique and important role as “quasi-truth 

observations”. The flux measurements have been used in a wide-range of studies such as 

intercomparison of multiple biomes (Keenan et al., 2013), calibration and/or validation of 

terrestrial ecosystem models as well as remote sensing-based estimates (Heinsch et al., 

http://fluxnet.ornl.gov/
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2006; Schwalm et al., 2010), and correlations between the two or three ecosystem 

processes by incorporating ground-measured biophysical attributes (Davidson et al., 

2006). Mixed forests and croplands are the most common land cover types on which flux 

towers have been established (Figure 2.1). A number of flux towers with the longest flux 

records are also located in mixed forests, for example Harvard Forest (US-Ha1, since 

1991), Howland Forest (US-Ho1,2,3, since 1995,1999,2001), ON-Borden Mixedwood 

(CA-Cbo, since 1995), Takayama (JP-Tak, since 1993), Brasschaat (BE-Bra, since 1996), 

Changbaishan (CN-Cha, since 2002), and more. 

 

Figure 2.1. The number of flux towers for each land cover type (http://fluxnet.ornl.gov/).  

Depending on the wind direction, topographic variation, stand species, and their 

distribution in the landscape surrounding a flux tower in a mixed forest, the upwind 

http://fluxnet.ornl.gov/
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surface contributing to the measured flux at the flux tower (so-called “footprint”) could 

either adequately represent the characteristics of the regional ecosystem, or not. This 

inevitable reality has long been recognized as one of the primary uncertainties in flux 

measurements (Baldocchi, 2003). To reduce this uncertainty, there are growing efforts to 

develop flux footprint models (Kljun et al., 2002; Schmid, 1994; van Ulden, 1978) and 

apply the footprint extents and densities in the ground-sampling scheme or in the analysis 

of measurements (Amiro, 1998; Chasmer et al., 2011; Stoy et al., 2006). For example, 

one recent study has shown  that horizontal and vertical advection fluxes resulting from 

complex and heterogeneous topographic variations within the flux footprint are critical to 

appropriately analyze the energy balance closure and carbon flux measured at the tower 

(Novick et al., 2014). However, as of yet, most of studies have not removed flux data 

measured at times when the wind was not blowing from the region of interest from their 

datasets. Such filtering is required as this effect can sometimes leave only 25% of the 

total data appropriate for upwind analysis (Hadley & Schedlbauer, 2002; Stoy et al., 

2006).  

 In reality, the spatial representativeness of a flux tower footprint for the regional 

ecosystem is typically assessed only once for a study. This is mostly due to the limited 

availability of high resolution satellite scenes, and an assumption that the 

representativeness at any given moment during the study period will be constant and 

steady throughout a year without any long-term change in the landscape (Kim et al., 

2006). However, the spatial representativeness of a flux tower footprint located in a 

mixed forest should be expected to have significant intraannual (seasonal) as well as 
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interannual variations depending on the species composition of the landscape. The 

recursive phenological cycle of deciduous stands (leaf emergence, maturity, senescence, 

and dormancy) is the first and foremost factor changing the entire landscape of a mixed 

forest. Román et al. (2009) demonstrated that the representativeness of a tower 

albedometer footprint (note: an albedometer has a fixed footprint area) in a deciduous 

broadleaf forest or in a mixed forest at the spatial scales of the Moderate Resolution 

Imaging Spectroradiometer (MODIS) and Visible Infrared Imaging Radiometer Suite 

(VIIRS) (i.e.resolution of 1.0 km, 1.5 km, and 2.0 km) is largely dependent on the leaf 

development stages (leaf-on or leaf-off). The study also showed that the timing of leaf 

emergence on deciduous stands and the distribution of conifer stands in a mixed forest 

drove the spatial variation over the landscape, determining whether the tower-measured 

albedo was sufficiently representative to be appropriate for the validation of the MODIS 

derived surface albedo retrieved. The intrinsic physiological differences between species 

also contribute to spatial variations in the biophysical attributes of the landscape. Tian et 

al. (2002) described that the spatial variation in Leaf Area Index (LAI) within a 15 × 13 

km field in a mixed forest is mostly governed by the difference across plant types, 76% 

of total variance. The different sensitivities of vegetation species to interannual climate 

anomalies (Welp et al., 2007) and the gradual changes in the stand species and 

distribution resulted from the climate change (Battles et al., 2007) are all present in mixed 

forests, driving seasonal, interannual, and long-term changes in the spatial variability of 

the landscape characteristics. Thus, the spatial representativeness of a flux tower in a 

mixed forest should be thoroughly evaluated and considered in the process of interpreting 
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the flux measurement as well as in the procedure of calibrating and validating biophysical 

parameters in regional and global scale ecosystem models and from remote sensing data 

with flux measurements.  

In this study, we (1) estimated the seasonal footprints of a flux tower during study 

period, from 1992 to 2008 with a footprint climatology. The tower is located in the mixed 

forest so that the landscape is primarily driven by the development stages of leaves in the 

deciduous stands in relation to the evergreen coniferous stands which are not uniformly 

distributed over the forest. Furthermore we (2) examined whether vegetation density 

variation within the tower footprint in each season could adequately represent the 

vegetation density characteristics at the spatial scales of moderate resolution remote 

sensing data (1.0 km and 1.5 km) through semivariogram and window-size analyses 

using fine-resolution remote sensing datasets. Finally we (3) investigated the impact of 

the interannual variations in the land cover composition within the footprints on the 

seasonal flux measurements from 1999 to 2008. 
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2.2. Methodology 

2.2.1. Study site  

The study site is the area surrounding the Environmental Measurement Site 

(EMS) tower (42.537755°N, 72.171478°W; Fluxnet Site Code:US-Ha1) at Harvard 

Forest in Petersham, Massachusetts. The study site is composed of deciduous broadleaf 

forests and evergreen needleleaf forests under a cool and moist temperate climate. An 

annual mean temperature is 8.5 °C (20 °C in July, and 7 °C in January) and mean annual 

precipitation is approximately 1100mm. The forest is mainly dominated by northern red 

oak (Quercus rubra), red maple (Acer rubrum), eastern hemlock (Tsuga canadensis), 

white pine (Pinus strobes), and black birch (Betula lenta) (Urbanski et al., 2007). 

Topography is moderate with elevation ranging from 250m to 430m above sea level. 

 Beginning from 1993, on-ground transects have been established along the 

southwest (SW) and northwest (NW) directions which that are the prevailing wind 

directions (Urbanski et al., 2007). A number of ground-based biometric measurements 

(i.e. soil temperature and respiration, leaf area index, green foliage and leaf litter 

chemistry) have been collected on these transects (Barford et al., 2001; Munger & Wofsy, 

1999; Savage & Davidson, 2001a). 

 

2.2.2. Data overview 

 Meteorological data measured at the EMS-tower, such as friction velocity (𝑢∗), 

wind direction (α) and air temperature, were used in this study (Harvard Forest dataset ID: 
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HF004-01; Munger & Wofsy, 1999b). Gap-filled hourly sensible heat flux measurement 

and gross ecosystem exchange (GEE) estimates were provided from the Harvard Forest 

LTER data archive (Harvard Forest dataset ID: HF004-02; Munger & Wofsy, 1999b). 

Assuming dark-respiration and the flux from the understory canopy are ignorable, GEE 

were converted to the gross primary productivity. Note that GEE is the estimates from the 

net ecosystem exchange (NEE) measurement and ecosystem respiration, adjusted from 

night-time NEE measurement as a function of the air and soil temperature (Falge et al., 

2001). Data recorded with friction velocity (𝑢∗) below 0.3 m s-1 was removed from 

further analysis to filter out the advection of the understory canopy, and only daytime 

(10:00-19:00) measurements were considered in this study.    

 Cloud-free Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper Plus 

(ETM+) scenes from 1992 to 2008 were collected (http://earthexplorer.usgs.gov/), and 

surface reflectance data at the spatial resolution of 30 m was retrieved using the Landsat 

Ecosystem Disturbance Adaptive Processing System (LEDAPS; 

http://ledapsweb.nascom.nasa.gov/, Masek et al., 2006). Landsat TM/ETM+ does not 

provide as high resolution scenes as sensors such as IKONOS (1 m in pan-chromatic 

mode; 4 m in multi-spectral mode), and it does not provide any routine information on 

the vertical structure of  the field vegetation as would an airborne or terrestrial Lidar 

(Chasmer et al., 2011). However, its long-term historical archive of observations, TM on 

Landsat 4 and 5 from 1982 to 2012, and ETM+ on Landsat7 since 1999, and the  

Operational Land Imager (OLI) on Landsat8 since 2013, allows us to perform efficient, 

consistent, and continuous assessments of land surface heterogeneities.  

http://earthexplorer.usgs.gov/
http://ledapsweb.nascom.nasa.gov/
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 We selected the enhanced vegetation index (EVI, Eq. 2.1) as the indicator of 

vegetation distribution and density instead of the well-known and widely-used 

normalized difference vegetation index (NDVI) because NDVI becomes asymptotically 

saturated in the high biomass area whereas EVI still exhibits sensitivities to the variations 

in the vegetation structures (Huete et al., 2002). 

EVI = G 
𝜌𝑛𝑖𝑟 − 𝜌𝑟𝑒𝑑

𝜌𝑛𝑖𝑟 + 𝐶1∙𝜌𝑟𝑒𝑑− 𝐶2∙𝜌𝑏𝑙𝑢𝑒+𝐿
              (2.1) 

where ρ is the top-of-atmosphere surface reflectance in near-infrared, red, and blue bands 

(ρnir, ρred, and ρblue), and C1 and C2 are the aerosol resistance coefficients, and G is gain 

factor, and L is the canopy background adjustment. The coefficients are set as follows: 

L=1, C1=6, C2=7.5, and G=2.5 (Huete et al., 2002).  

 The land cover information was based on two National Land Cover Dataset 

products (NLCD 2001 and NLCD 2006; available at http://www.mrlc.gov/). The NLCD 

2001 and 2006 products have a spatial resolution of 30 meter with  overall accuracies 

(Level II: 16 classes) of 79% and 78%, respectively (Wickham et al., 2010; Wickham et 

al., 2013). Since there are differences in the land cover class definitions between 

NLCD1992 and NLCD 2001-2006, the NLCD1992 was not used in this study. Due to the 

limited availability of the NLCD products, we analyzed only ten years of variations in the 

land cover composition within the footprint, from 1999 to 2008, and NLCD 2001 was 

utilized to represent land covers between 1999 and 2003, while NLCD 2006 was used for 

the years between 2004 and 2008. 

http://www.mrlc.gov/
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 In this study, “periods” were defined as follows: the “green-up period” indicates 

dates from April 1 to May 31, the “mature period” is from June 1 to August 31, and the 

“senescence period” is from September 1 to October 31. The term “growing season” will 

imply the dates from April 1 to October 31. 

 

2.2.3. Flux tower footprint delineation 

 We generated crosswind-integrated (along-wind) footprint functions, 𝑓𝑦(𝑥, 𝑧𝑚) in 

Eq. (2.2), of all periods and growing seasons from 1992 to 2008 with the parameterized 

version of a simplified Lagrangian stochastic footprint model (Kljun et al., 2004; 

available online at http://footprint.kljun.net/varinput.php) under the approximated 

atmospheric stability conditions (-100 < zm/L < 1). The sensor height parameter (𝑧𝑚) was 

set to the instrument height (sonic anemometer is at 29 m height) minus the displacement 

height (d = 2/3 times the canopy height; Chasmer et al., 2011), where canopy height was 

set to a constant, 21 m, in this study  (Goulden et al., 1996). The Monin-Obukhov length 

(L) was calculated with the measured 𝑢∗, air temperature and heat flux (Gryning et al., 

1987). 

𝑓𝑦(𝑥, 𝑧𝑚) = 
𝐹∗(𝑥,𝑧0)

𝑧𝑚
∙ (

𝜎𝑤

𝑢∗
)−𝛼2 ∙ (1−

𝑧𝑚

ℎ
)                (2.2) 

𝐹∗ is a non-dimensional form of the crosswind-integrated footprint function and 𝛼2 is a 

free parameter, parameterized in Kljun et al. (2004). The surface roughness length (𝑧0) is 

about 1.6 m for both deciduous and coniferous canopies (Hadley et al., 2002; Wu et al., 

2015). The standard deviation of the vertical wind velocity (σw) and planetary boundary 
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layer (h) were approximated from Gryning et al. (1987) depending on the atmospheric 

stability. It should be noted that the simplified Lagrangian stochastic footprint model 

assumes that the upwind domain is spatially homogeneous; therefore it could neither fully 

consider the boundary layer turbulence between land cover types nor take into account 

topographic variation in ground surface. However, the parameterized model still provides 

practical approximates of the footprints, consuming less computational cost and time, 

which is important in the analysis of hourly data for seventeen years. Since the Kljun et 

al. (2004) parameterization provides only crosswind-integrated (along-wind) footprint 

function, 𝑓𝑦(𝑥, 𝑧𝑚), lateral crosswind dispersion was combined to the 𝑓𝑦(𝑥, 𝑧𝑚) to 

estimate crosswind-dispersed footprint function, 𝑓(𝑥, 𝑦, 𝑧𝑚), assuming along-wind and 

cross-wind components are independent (Detto et al., 2006).  

𝑓(𝑥, 𝑦, 𝑧𝑚) = 𝑓𝑦(𝑥, 𝑧𝑚) ∙ 𝐷𝑦(𝑥, 𝑦)                                 (2.3) 

where 𝐷𝑦(𝑥, 𝑦) is the lateral crosswind dispersion assuming a Gaussian distribution 

(Pasquill, 1974), 

𝐷𝑦(𝑥, 𝑦)= 
1

𝜎𝑦√2𝜋
∙exp(−

𝑦2

2𝜎𝑦
2)                                   (2.4) 

where the standard deviation of y-location (𝜎𝑦) is estimated from the standard deviation 

of the crosswind velocity 𝜎𝑣 (Eckman, 1994). 

 𝜎𝑦 = 𝑎 ∙ 𝑧0 (
𝜎𝑣

𝑢∗
) (

𝑥

𝑧0
)

𝑝
                                     (2.5) 

where a and p are the coefficients depending on the atmospheric stability that are set to 

0.31 for a and 0.86 for p respectively in this study (Eckman, 1994). The standard 
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deviation of the crosswind velocity (𝜎𝑣) was estimated from the friction velocity (𝑢∗)  

depending on the atmospheric stability (Gryning et al., 1987). Hourly 𝑓(𝑥, 𝑦, 𝑧𝑚) was 

then rotated toward the wind direction (α) as Eq. (2.6) to calculate the directional 

crosswind-dispersed footprint function, 𝑓(𝑥′, 𝑦′, 𝑧𝑚). 

[
𝑥′
𝑦′

] = [
𝑐𝑜𝑠𝜃 −𝑠𝑖𝑛𝜃
𝑠𝑖𝑛𝜃    𝑐𝑜𝑠𝜃

] [
𝑥
𝑦]                                      (2.6) 

where the rotation angle θ = 360 - α. The rotation angle starts at y = 0 and goes counter-

clockwise, while wind-direction starts at x=0 and goes clockwise. 

The footprint density (𝜑 ) at an individual point (𝑥′, 𝑦′) in a study period was 

calculated as the cumulative sum of all hourly 𝑓(𝑥′, 𝑦′, 𝑧𝑚) in the period that are 

normalized by dividing the integral value of the 𝑓(𝑥′, 𝑦′, 𝑧𝑚) of the entire source domain 

in the period (Eq. 2.6) (B. Chen et al., 2013).  

𝜑 (𝑥′, 𝑦′, 𝑧𝑚) =  
∑ 𝑓𝑖(𝑥′,𝑦′,𝑧𝑚)

𝑁𝑤
𝑖=1

∬ ∑ 𝑓𝑖(𝑥′,𝑦′,𝑧𝑚)
𝑁𝑤
𝑖=1

∞
−∞

𝑑𝑥′𝑑𝑦′
                            (2.7) 

where 𝑁𝑤 is the number of measurement in the period. The integral of 𝜑  over the source 

domain in the period is, therefore, equal to one. The boundary of the 80th percentile of the 

𝜑  was delineated as the “footprint” (𝜑80) because the 𝑓𝑦(𝑥, 𝑧𝑚) becomes significantly 

flattened at 90th percentile, reducing the performance of the parameterization as well as 

overextending the footprints area (Chasmer et al., 2011; Kljun et al., 2004). 

 The relative proportion of each land cover type contributing to the measured CO2 

flux in a period (𝑃𝐿𝐶,𝑘, Eq. 2.8) was calculated in two ways following Chen et al., (2013) 

(1) by superimposing the 𝜑80 on the land cover maps (𝜑80 ∗ 𝑃𝐿𝐶), and (2) by treating all 
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contribution within the footprint domain equally (𝜑80=1, hereafter 𝜑80̿̿ ̿̿ ̿), that is, only 

considering the area (𝜑80̿̿ ̿̿ ̿ ∗ 𝑃𝐿𝐶). In this study, land cover type (k) followed NLCD level-

2 classification scheme; deciduous broadleaf forest (DBF), evergreen needleleaf forest 

(ENF), mixed forest (MF), woody wetland, low residential, and cultivated crop. As 

mentioned above, due to the absence of higher resolution land cover data available on an 

annual basis, the footprint functions from 1999 to 2003 were associated with the NLCD 

2001, and the footprint functions from 2004 to 2008 were associated with the NLCD 

2006. 

𝜑80 ∗ 𝑃𝐿𝐶,𝑘 = 
∑ 𝜒𝑘,𝑖∙𝜑80

𝑁𝑝
𝑖=1

∑ (∑ 𝜒𝑘,𝑖∙𝜑80
𝑁𝑝
𝑖=1 )

𝑁𝐿𝐶
𝑘=1

                                (2.8) 

where 𝜒𝑘,𝑖 is the indicator function of the land cover type of the i-pixel as 

𝜒𝑘,𝑖 = {
 1    𝑖𝑓 𝑖 − 𝑝𝑖𝑥𝑒𝑙 𝑙𝑎𝑛𝑑 𝑐𝑜𝑣𝑒𝑟 = 𝑘
 0    𝑖𝑓 𝑖 − 𝑝𝑖𝑥𝑒𝑙 𝑙𝑎𝑛𝑑 𝑐𝑜𝑣𝑒𝑟 ≠ 𝑘

                             (2.9) 

where 𝑁𝑝 and 𝑁𝐿𝐶 refer the total number of pixels and the number of the land cover types 

within the footprint domain, respectively. The 𝜑80̿̿ ̿̿ ̿ ∗ 𝑃𝐿𝐶 was also calculated with Eq. (2.8) 

with 𝜑80̿̿ ̿̿ ̿ instead of 𝜑80. 

We investigated whether the tower-derived GPP would correlate with PLC. Year-

to-year anomalies in the PLC (δPLC, Eq. 2.13) were calculated for each period with several 

land cover indicators (each individual vegetation type, the sum of DBF and ENF, and the 

total forest proportion) and with and without the weighting footprint density function. 

𝛿𝑃𝐿𝐶,𝑘(𝑚, 𝑛) =  𝑃𝐿𝐶,𝑘(𝑚, 𝑛) −  𝑃𝐿𝐶,𝑘
̅̅ ̅̅ ̅̅ (𝑛)                                                 (2.10) 
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where 𝑃𝐿𝐶,𝑘(𝑚, 𝑛) is the proportion of k-type land cover in m-year n-period (m = 1999-

2008, n = green-up, mature, and senescence periods and growing season). 𝑃𝐿𝐶,𝑘
̅̅ ̅̅ ̅̅ (𝑛) is the 

mean proportion of k-type land cover in n-period from 1999 to 2008 (𝑃𝐿𝐶,𝑘
̅̅ ̅̅ ̅̅ (𝑛) = 

∑ 𝑃𝐿𝐶,𝑘(𝑚, 𝑛)2008
𝑚=1999 /(2008 − 1999) ). Year-to year anomalies in GPP from the mean 

GPP for each period (δGPP) were calculated in the same way (𝛿𝐺𝑃𝑃 (𝑚, 𝑛) = (𝑚, 𝑛) −

 𝐺𝑃𝑃 
̅̅ ̅̅ ̅̅ (𝑛) ; m = 1999-2008). Correlation analysis was performed using a simple linear 

regression to quantify the degree to which δGPP in each period can be explained with 

each δPLC indicator.  

 

2.2.4. Spatial representative evaluation I – Semivariagram analysis 

 The semivariogram model (Carroll & Cressie, 1996; Curran, 1988) has been 

recognized as one of the most efficient tools to describe spatial variation and 

autocorrelation in the sample measurements, and widely applied to numerous 

geostatistical studies ranging from abiotic phenomena (e.g. temperature and precipitation; 

Haylock et al. 2008) to biophysical attributes (e.g. surface vegetation albedo; Román et al. 

2009). We quantified spatial variation within the field of MODIS GPP products (MOD17 

and MYD17; 1.0 km) with the omnidirectional semivariogram model using all the 

available Landsat-retrieved EVI from 1992 to 2008 (Román et al., 2009; Susaki et al., 

2007). We also examined spatial variation in 1.5 km as well because the spatial grid of 

the MODIS GPP product does not have its center exactly at the EMS-tower location. 

Three Landsat TM/ETM+ scenes in green-up, mature, and senescence periods in 2008 are 

shown in Figure (2.2a) along with the EVI (Figure 2.2b) and a very-high resolution (30 
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cm) photo-orthography image taken in green-up period a year after (2009) in Figure 

(2.2d).  

 The semivariance is defined as the average of the half variances of N(h) pairs of 

observations at an interval distance (lag distance) of h (Curran, 1988). The semivariance 

estimator, 𝛾̅𝐸𝑉𝐼(ℎ), was calculated as half the average-squared-difference between EVI 

values at a pair of pixels separated by a distance h. 

𝛾̅𝐸𝑉𝐼(ℎ) =  
∑ 𝛾𝑖(ℎ)

𝑁(ℎ)
𝑖

𝑁(ℎ)
  =  

∑ (𝑍𝑥𝑖 − 𝑍𝑥𝑖 +ℎ)2 
𝑁(ℎ)
𝑖

2𝑁(ℎ)
                    (2.11) 

where 𝑍𝑥𝑖 
 is the EVI value at a pixel (xi), and 𝑍𝑥𝑖 +ℎ is the EVI value at another pixel 

(xi+h) within a lag distance h that is multiples of 30 m, the nominal resolution of 

TM/ETM+. Therefore the maximum lag distance for 1.0 km field would be 690 m, half 

of the length of the diagonal of 1.0 km boundary. The isotropic spherical variogram 

model (Eq 1.11, Matheron 1963) was fitted to the semivariance estimators to 

systematically obtain variogram parameters: nugget effect (𝑐0), sill (c), and range (a) in 

Figure (2.2c).  

 𝛾𝑆𝑃𝐻(ℎ) = {
 𝑐0 + 𝑐 (1.5 (

ℎ

𝑎
) − 0.5 (

ℎ

𝑎
)

3

) , 0 ≤ ℎ < 𝑎

 𝑐0 + 𝑐                                        , ℎ ≥ 𝑎
                    (2.12) 

 The nugget effect is an estimation of the variance at a lag distance of zero, 

indicating microscale variability within the smallest sampling distance, errors in the 

measurements, or combination of both factors (Noréus et al., 1997). The sill is the 

horizontal asymptote of the variogram, reflecting absolute magnitude of heterogeneity 

within the region (1.0 km and 1.5 km in this study). The range is the lag distance at 



 

 

22 

which the variogram reaches the sill, beyond which there is no further spatial covariance 

between biophysical properties, and therefore is spatially uncorrelated. It can be also 

treated as the average size of heterogeneous attributes in the properties. Therefore when 

tower footprint extents reach beyond the range, they can be considered as a 

representative values for the entire study field (Kim et al., 2006).  

 

2.2.5. Spatial representative evaluation II – Window size analysis 

 While semivariogram analysis only provides spatial variation of the entire study 

field not the adjacent landscape around the tower, spatial heterogeneity surrounding the 

tower was assessed with a window size analysis (B. Chen et al., 2012; Kim et al., 2006). 

The vegetation index, EVI in this study, within a window having the tower at its center 

was averaged (𝐸𝑉𝐼̅̅ ̅̅
 ̅), increasing the width of the window horizontally and vertically 

(rectangle window). Variation in the window-averaged EVI (∆𝐸𝑉𝐼𝑖, Eq. 2.12) as the 

window width increases was calculated relative to the reference value, the 1.0 km field-

averaged EVI (𝐸𝑉𝐼̅̅ ̅̅
1̅𝑘𝑚 )  

∆𝐸𝑉𝐼𝑖 =  𝐸𝑉𝐼̅̅ ̅̅
𝑖̅ − 𝐸𝑉𝐼̅̅ ̅̅

1̅𝑘𝑚                                      (2.13) 

while the width of window (i) increases by the multiples of 30 m, the nominal resolution 

of Landsat TM/ETM+: i = 30, 90, …, 990 m (width of 𝐸𝑉𝐼̅̅ ̅̅
1̅𝑘𝑚 ), …, 1500 m. 
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Figure 2.2. (a) Top-of-the-atmosphere (TOA) surface reflectance composites (Landsat 

TM/ETM+ Band 4-3-2) retrieved during green-up (4/25/2008), mature (8/31/2008) and 

senescence (10/11/2008) within 1.0 km and 1.5 km fields centered over the Harvard 

Forest EMS-tower. (b) EVI on the same date with (a). (c) Semivariogram estimators 

calculated with EVI values in each period (points), the fitted isotrophic spherical 

variogram models (solid curves), and ranges (dash vertical lines). (d) Orthography was 

presented as a reference scene at a very-high resolution (30 cm) that was created by the 

USGS (MassGIS: http://www.mass.gov /)  
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2.3. Result  

2.3.1. Seasonal and interannual variations in flux tower footprints 

In the Harvard Forest, prevailing wind directions during the study period (from 

1992 to 2008) were from the SW and the NW (Figure 2.3a-on the left side). Year-to-year 

prevailing wind direction, however, sometimes varied dramatically from these 

predominantly SW-NW directions, as well as the frequency of wind speed in each of the 

wind directions (examples in Figure 2.3a-on the right side). Strong winds are most 

frequent in spring (during the green-up period) from the north-northwest (NNW), but 

sometimes occur in autumn (during the senescence period) from the east or the west 

(Figure 2.3b).  

As expected, footprints were largely dependent on the wind directions. The 

estimated footprints (𝜑80) overlaid on the year-to-year EVI are presented in Figure (2.4). 

Distribution of the footprint density can be quantitatively analyzed with the location of 

the density peak point (𝜑80,𝑝𝑒𝑎𝑘). The green-up period density peak points were mostly 

on the west side of the tower between 1992 and 2008 (𝜇𝜑80,𝑝𝑒𝑎𝑘
=275º), but largely 

dispersed from SW to NW (𝜎𝜑80,𝑝𝑒𝑎𝑘
=63º), sometimes even on the east side (88º) in 2003. 

Density peak points of the mature and growing seasons were mostly on the south-

southwest side of the tower (𝜇𝜑80,𝑝𝑒𝑎𝑘
=211º, 214º, respectively) with little dispersion 

(𝜎𝜑80,𝑝𝑒𝑎𝑘
=19º, 25º, respectively). The senescence period had the most density peak 

points on the west-southwest side (𝜇𝜑80,𝑝𝑒𝑎𝑘
=256º) dispersed from south-southwest to 

west-northwest (𝜎𝜑80,𝑝𝑒𝑎𝑘
=47º). The extent of 𝜑80 was mostly about 300 m and up to 370 
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m from the tower, which is about half the length of the HEM-tower footprints (Hadley et 

al., 2002). The average area of the footprints (𝐴𝜑80) was about 0.23 km2 (σ = 0.017 km2), 

ranging from 0.16 km2 in 1998 senescence period to 0.26 km2 in 2003 growing season 

(Figure 2.5). In general, footprints tended to be larger (extended) in size during the green-

up period due to the strong NW and E winds, and smaller (focused) during the mature 

period. However, there was neither significant seasonal pattern nor noticeable long-term 

trends in the variations in the footprint size.  
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Figure 2.3. Wind rose of daytime (10:00-19:00) horizontal wind at Harvard Forest from 

1992 to 2008: distribution and frequency of speed and direction (a) during growing 

season (April-October) for the entire study period (1992-2008 on the left side) and four 

examples of individual years (on the right side) (b) for each period: green-up, mature, and 

senescence during the study period (1992-2008 on the left side) and four examples of 

individual years (on the right side) 
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Figure 2.4. EVI maps of 

the study site (1.0 km 

field only) centered over 

the EMS-tower (red 

cross) from 1992 to 2008 

in senescence period 

(first column), in green-

up period (second and 

third column), and 

mature period (fourth 

column). Dates were 

selected in neither ascending nor descending order because of the limited availability 

of Landsat TM/ETM+ scenes. The contours represent φ80 in each period in the year, 

and points represent φ80,peak location. 
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Figure 2.5. Footprint areas (Aφ80) from 1992 to 2008 in each period (green-up period in 

open orange circle, mature period in solid red circle, senescence period in open blue 

square, and growing season in open black triangle) and boxplot (first quartile-the median-

the third quartile)  

 

 

2.3.2. Spatial heterogeneity in the regional ecosystem scale 

 In the study area, the nugget effect values showed that there was a strong 

seasonality in the spatial variations at the sub-pixel scale (Figure 2.6a). The nugget effect 

values of 1.0 km field were high during dormancy (about 0.001), and they gradually 

decreased during green-up period. There was almost no sub-pixel scale variance during 

growing-season because the forest canopy within each pixel was completely closed, and 

it started to increase until the end of senescence. Since our interest is the spatial structure 

and variation in growing-season, the nugget effect values near zero in the period indicate 

that the sampling interval (i.e. 30 m in this study) is appropriate to resolve the spatial 

sources of variation in this study. The pasture area and woody wetlands that are located at 

the NE corner of 1.5 km field caused high nugget effect during the mature period. The sill 
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values of both 1.0 km and 1.5 km fields exhibited comparable magnitudes and profiles 

(Figure 2.6a). There were high spatial variations about 0.005 at the beginning of the 

green-up period before the phenological cycle of deciduous stands in the fields started. 

Spatial variations decreased until the beginning of the mature period. Although we 

expected that the study field would become most homogeneous (low spatial variations) in 

mature period once the deciduous stands were fully developed and the canopy around the 

tower was closed (Lévesque et al., 1999), the result showed that the spatial variations in 

both fields were increased during the early mature period, as the forest canopy was 

becoming closed, and it remained relatively constant at the high magnitude by the end of 

the senescence period. In mid-September of 1999, beaver activity caused a flood on the 

NW side of the tower, developing a small woody wetland (Savage et al., 2001; Urbanski 

et al., 2007). The sill values started to increase in 2001 due to the development of this  

wetland, remained  at a similar magnitude, and then started to increase again because of  

the development of the Bigelow swamp on the SE side of the tower (Figure 2.7c). 

The 1.0 km field had fairly constant range values during the whole growing 

season without any noticeable seasonality, an average range of 250 m during green-up 

period, 230 m during mature period, and 240 m during senescence period (Figure 2.7). 

Most of the range values were smaller than the radius of the circle which has a median 

footprint area in each period (√𝐴𝜑80 𝜋⁄  = 276 m, 267 m, and 269 m in green-up, mature, 

and senescence period, respectively). This implies that footprints were sufficiently 

expanded to represent the spatial variation of the EVI in the 1.0 km field (Kim et al., 

2006). The 1.5 km field had smaller range values than the 1.0 km field during dormancy, 
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and higher range values during growing-season due to the clear cut areas on the NE outer 

corner of 1.0 km field, as already seen in nugget effect value. 

 

 

Figure 2.6. (a) Semivariogram parameters, nugget effect and sill, of EVI in 1.0 km and 

1.5 km fields respectively. Years were presented in different colors and sizes. (b) The sill 

values of 1.0 km field from 1992 to 2008 (c) TOA surface reflectance composites 

(Landsat TM/ETM+ Band 4-3-2) in 1999, 2000, 2001, and 2008 showing the gradual 

changes in the land cover over the study site (e.g.a woody swamp on the NW side of the 
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tower because of beaver activity and the development of the Bigelow swamp on the SE 

side.  

 

Figure 2.7. Semivariogram parameter, range, of EVI in 1.0 km and 1.5 km fields 

respectively. Years were presented in different colors and sizes (same setup in Fig 1.6). 

Horizontal black bar is the radius of the circle having the median footprint area in the 

period (√𝑨𝝋𝟖𝟎 𝝅⁄  )             

 

2.3.3. Spatial variation around the flux tower 

 The 𝐸𝑉𝐼̅̅ ̅̅
 ̅ shows the seasonality of the study field (Figure 2.8), starting with low 

values in the green-up period (mean and standard deviation between 1992 and 2008: 

μ=0.32, σ=0.07), increasing during the mature period (μ=0.64, σ=0.06), and returning to 

the initial level in the senescence period (μ=0.48, σ=0.09). Variations in the ∆𝐸𝑉𝐼  in the 

green-up period were very small (less than 5%) regardless of the window width. The 

∆𝐸𝑉𝐼  were lower than the 𝐸𝑉𝐼̅̅ ̅̅
1̅𝑘𝑚  around the tower, where most of the canopy was 

composed of deciduous species that had not yet started their annual growth cycle. The 

∆𝐸𝑉𝐼 slightly increased at the window width of 250 m, where the conifer canopies 

located on the NW, NE, and SE sides of the tower were included, and then gradually 

converged to the 𝐸𝑉𝐼̅̅ ̅̅
1̅𝑘𝑚 . This indicates the distribution of vegetation surrounding the 

tower was heterogeneous in part but offset at the field scales during the green-up period. 
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Meanwhile, the ∆𝐸𝑉𝐼  in the mature and senescence periods reveals strong spatial 

heterogeneity around the tower in those periods. The ∆𝐸𝑉𝐼 around the tower was higher 

than the 𝐸𝑉𝐼̅̅ ̅̅
1̅𝑘𝑚  up to 0.1 which is  almost 10% of the absolute magnitude of the 

𝐸𝑉𝐼̅̅ ̅̅
1̅𝑘𝑚 , and then gradually converged to zero by the window width of 500 m. This result 

confirms the semivariogram analysis result that the study field was more spatially 

heterogeneous during the mature and senescence periods than the green-up period (due to 

the woody wetlands on NW and SE. As the Bigelow swamp on the SE of the tower 

developed, heterogeneity during the mature and senescence periods increased. It also 

indicates that the eddy-flux measured at the tower during mature and senescence periods 

would be more sensitive to the wind direction and footprint (B. Chen et al., 2012). There 

was no noticeable variation in the ∆𝐸𝑉𝐼  at the window widths larger than 1.0 km. We 

can also expect that the footprint (𝜑80)-averaged EVI in each period would adequately 

represent both the 𝐸𝑉𝐼̅̅ ̅̅
1̅𝑘𝑚 and 𝐸𝑉𝐼̅̅ ̅̅

1̅.5𝑘𝑚  because the ∆𝐸𝑉𝐼  is around zero at the 

“effective” footprint-width that was calculated by taking root of the median footprint area 

in each period (√𝐴𝜑80 = 490, 473, and 476 m in the green-up, mature, and senescence 

periods, respectively). 
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Figure 2.8. The window-averaged EVI value (𝑬𝑽𝑰̅̅ ̅̅ ̅
  on the top row), and variations of the 

𝑬𝑽𝑰̅̅ ̅̅ ̅
  relative to the 𝑬𝑽𝑰̅̅ ̅̅ ̅

𝟏𝒌𝒎  (∆𝑬𝑽𝑰 on the bottom row) of all the available EVI data 

between 1992 and 2008 in (a) green-up, (b) mature, and (c) senescence periods. Vertical 

colored bar is the window widths having the footprint areas in the period (√𝑨𝝋𝟖𝟎 ). 

 

 

 

2.3.4. Correlation between EVI and tower GPP 

As shown in the semivariogram and window size analyses, the footprints are 

spatially representativeness of the 1.0 km field, and therefore, the 𝐸𝑉𝐼̅̅ ̅̅
1̅𝑘𝑚  displayed a 

good capability in estimating tower-derived daily GPP for the growing season (r2=0.72, 

Figure 2.9a) as much as the footprint (𝜑80)-averaged EVI did 

(𝐸𝑉𝐼𝜑80−𝑢𝑛𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ; r2=0.72, Figure 2.9b). There are several studies that have shown 

improvements in the model performance by weighting the source area fraction (B. Chen 

et al., 2009; Forbrich et al., 2011), but we did not find any improvement in 

𝐸𝑉𝐼𝜑80−𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 values as an indicator for the tower-derived GPP compared to 

the 𝐸𝑉𝐼𝜑80−𝑢𝑛𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 or 𝐸𝑉𝐼1𝑘𝑚  (Figure 2.9b). 
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Although the tower-derived GPP can be largely captured with the EVI during the 

entire growing season, the correlation substantially declined during the mature period 

with little significant dependence between the two variables (r2 = 0.04, p > 0.05), as 

shown by previous study (Xiao et al., 2004). During the mature season, the anomalies in 

the environmental drivers, such as photosynthetically available radiation (PAR), land 

surface temperature (LST) and surface water content, are the important factors to account 

for the variations in the GPP (Gao et al., 2014; Jahan et al., 2009; Tang et al., 2012). 

However, these environmental factors also do not fully explain the anomalies in the 

tower-derived GPP during the mature season, only 40-50% (Urbanski et al., 2007). 

 

 

Figure 2.9. Scatterplot and linear regression fit between the tower-derived daily GPP 

from 1992 to 2008 and (a) the averaged EVI of 1.0 km field (𝑬𝑽𝑰̅̅ ̅̅ ̅
𝟏𝒌𝒎 ), (b) the averaged 

EVI within 80% cumulative footprint function without weighting footprint density 

(𝑬𝑽𝑰𝝋𝟖𝟎−𝒖𝒏𝒘𝒆𝒊𝒈𝒉𝒕𝒆𝒅), and (c) the averaged EVI within 80% cumulative footprint 

function with weighting footprint density for the period (𝑬𝑽𝑰𝝋𝟖𝟎−𝒘𝒆𝒊𝒈𝒉𝒕𝒆𝒅) 
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2.3.5. Variations in the land cover proportions 

Seasonal footprints (𝜑80) from 1999 to 2008 are overlaid on the land cover maps 

and only 1.0 km fields are presented in Figure (2.10). The land cover proportion (PLC) 

estimated by unweighting and weighting the footprint (𝜑80 ∗ 𝑃𝐿𝐶  and 𝜑80̿̿ ̿̿ ̿ ∗ 𝑃𝐿𝐶) and the 

difference between the two methods (ΔPLC) are presented in Figure (2.11). First, in the 

field scale, the land cover proportions in both 1.0 km and 1.5 km fields (Figure 2.11a) are 

mostly similar, except that the 1.5 km field includes more non-forest components, 

especially woody wetland. In NLCD 2001, for example, 1.0 km field consisted of 47.5% 

of DBF, 22.1% of ENF, 15.0% of MF, 10.9% of woody wetland, and 4.5% of low 

residential area. 1.5 km field were composed of 44.1% of DBF, 21.6% of ENF, 15.4% of 

MF, 14.6% of woody wetland, 2.7% of low residential areas, and 1.6% of cultivated 

crops.  

 The entire growing season footprints and the mature period footprints were 

mostly governed by the DBF on the SW side of the EMS-tower, as shown in the location 

of the density peak points (𝜑80,𝑝𝑒𝑎𝑘) in Figure (2.10), except for the year 2003 when the 

𝜑80,𝑝𝑒𝑎𝑘 was governed by the NW-side ENF. The 𝜑80 ∗ 𝑃𝐿𝐶  of the DBF was 57% in 

average, varying from 47% in the 2000 growing season to 65% in the 2004 mature period. 

The 𝜑80 ∗ 𝑃𝐿𝐶 of the ENF was 27% in average with a range from 21% in 2004 mature 

period to 34% in 2003 growing season. During the senescence periods, footprints were 

goverened by the SW-side DBF for four years out of a total of ten years, and the rest 

years had footprints orientated more toward the NW-side ENF and woody wetlands. The 

𝜑80 ∗ 𝑃𝐿𝐶 of the DBF was similar over the entire growing season and mature period, but 
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the 𝜑80 ∗ 𝑃𝐿𝐶 of the ENF varied ±2% more, from 19% in 2007 to 36% in 2002. The 

green-up period footprints were mostly toward the NW side because of the strong and 

frequent NNW, NE, and E winds, and therefore they contained more ENF and less DBF 

compared to the mature periods and the entire growing season. In 2003 and 2005, the 

forest proportion (sum of DBF, ENF, and MF) dropped to 84% due to the strong NE and 

NNW prevailing winds. The ΔPLC reflects the integrated effect of the footprint 

distribution and the land cover heterogeneity within the footprint area. The difference 

was noticeably higher in the periods when the footprint was more over the homogeneous 

area, for example, the green-up period in 2003, and the senescence period in 2007.  
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Figure 2.10. Seasonal footprints (𝝋𝟖𝟎) from 1999 to 2008 on the land cover maps 

centered over the EMS-tower (red cross). NLCD 2001 is assigned for the years from 

1999 to 2003, and NLCD 2006 for the years from 2004 to 2008 (1.0 km field only). The 

contours represent 𝝋𝟖𝟎 in each period in the year, and points represent 𝝋𝟖𝟎,𝒑𝒆𝒂𝒌 location. 
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Figure 2.11. The land cover proportion (a) within 1.0 km and 1.5 km fields centered over 

the EMS tower calculated from NLCD 2001, and 2006 maps. Land cover proportion 

within footprints estimated by unweighting the footprint density (𝝋𝟖𝟎̿̿ ̿̿ ̿ ∗ 𝑷𝑳𝑪 bars on the 

left-side in each year) and by weighting footprint density (𝝋𝟖𝟎 ∗ 𝑷𝑳𝑪 bars on the right-

side in each year) during (b) green-up period, (c) mature period, (d) senescence period, 

and (e) growing season. Differences between two methods (ΔPLC = 𝝋𝟖𝟎 ∗ 𝑷𝑳𝑪  - 𝝋𝟖𝟎̿̿ ̿̿ ̿ ∗
𝑷𝑳𝑪) are presented only for the four major land cover types (ENF, DBF, MF, and woody 

wetlands). 
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2.3.6. Impacts of land cover composition on the flux measurement 

The results from the correlation analysis between the δPLC and δGPP are 

summarized in Table (2.1). The best δPLC indicator for δGPP in each period was selected 

(bold fonts in Table 2.1) based on the coefficient of determination (r2) and the 

significance level (p-value), and presented in Figure (2.12). We found 33% of the 

variations in the δGPP during the green-up can be explained with the δPLC of the sum of 

the DBF and ENF at 90% significant level (p=0.08). Every increment of the DBF and 

ENF proportion in percent resulted in 13 gC m-2 increment in the flux measurement. 

Urbanski et al. (2007) mentioned that wetland and coniferous proportions in the upwind 

area should be important in the spring flux. However, we found that the δPLC of the sum 

of the wetland and ENF was less correlated with the δGPP compared to the sum of the 

DBF and ENF, by 22% (not shown in the Table 2.1), and the correlation was statistically 

not significant (p = 0.16). In the mature period, the δPLC of the ENF was considerably 

correlated with δGPP at the statistically significant level (r2 = 0.48, p<0.05). The GPP 

was lower than the seasonal 𝐺𝑃𝑃 
̅̅ ̅̅ ̅̅  by 20 gC m-2 for every increment (%) of the DBF 

proportion within the footprint. The correlation of the δGPP with the δPLC of the other 

forest types (the sum of the DBF and the MF) was not as high as the ENF (r2 = 0.35, p = 

0.07, slope = +13.05gC m-2 %-1, not shown in the Table 2.1). The GPP of the DBF is 

approximately 1.7 times higher than the ENF in the study region (Keenan et al., 2013), 

therefore the negative effect of including more ENF portion in the tower footprint is 

reasonable. Having more ENF proportion in the footprint had a positive effect on the 

tower-measured GPP during senescence period, but the magnitude was small (5gC m-2 %-
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1) and the correlation was weak and not significant (r2 = 0.20, p = 0.19). Although the 

ENF had the negative effect on the δGPP at the entire growing season scale (-30gC m-

2 %-1) as it did on the δGPP during the mature period, the correlation was weak and not 

significant (r2 = 0.24, p = 0.15) and we found no other δPLC indicator that can explain 

δGPP at the entire growing season scale better than the ENF. 

 

Table 2.1. Linear regression results between GPP anomalies in each period (δGPP) and 

land cover proportion anomalies (δPLC): correlation coefficients (slope, β1) and 

coefficient of determination (r2) 

 δGPP Green-up Mature Senescence Growing 

δPLC  
β1 

r2 

β1 

r2 

β1 

r2 

β1 

r2 

𝜑80 

∗ 

𝑃𝐿𝐶 
 

DBF 
4.677 

0.20 

11.12 

0.27 

-1.19 

0.07 

18.63 

0.15 

ENF 
-5.91 

0.15 
-20.34** 

0.48 

1.57 

0.05 
-30.11 

0.24 

MF 
13.18 

0.04 

54.60 

0.12 

-2.05 

0 

37.26 

0.04 

DBF+ENF 
15.17 

0.27 

2.73 

0 

-3.06 

0.07 

0.71 

0 

All 

(DBF+ENF+MF) 

13.67 

0.28 

13.51 

0.04 

-4.29 

0.11 

10.47 

0.01 

𝜑80̿̿ ̿̿ ̿ 

∗ 

𝑃𝐿𝐶 

DBF 
4.02 

0.1 

9.74 

0.12 

-3.01 

0.18 

27.43 

0.13 

ENF 
-0.22 

0 

-25.84 

0.33 
5.19 

0.2 

-4.89 

0 

MF 
-12.86 

0.05 

97.29 

0.32 

-3.16 

0 

-121.20 

0.19 

DBF+ENF 
13.01* 

0.33 

-0.98 

0 

-3.32 

0.07 

13.84 

0.06 

All 

(DBF+ENF+MF) 

15.23 

0.32 

11.74 

0.03 

-3.79 

0.09 

9.58 

0.02 

**p < 0.05       *p < 0.1       bold-font; best δPLC indicator for the seasonal δGPP 
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Figure 2.12. Scatterplots and linear regression fits between the tower-derived daily GPP 

anomalies (δGPP) and the selected land cover proportion anomalies (δPLC) in each period 
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2.4. Discussion and conclusion  

In this study, we assessed the representativeness of a flux tower footprint located 

in a mixed temperate forest for a regional scale in terms of vegetation density variation as 

well as land cover composition. We examined the landscape at the spatial scale of the 

MODIS (1.0 km and 1.5 km), one of the widely applied remote sensing data for 

ecosystem studies, by using Landsat TM/ETM+ datasets from which we can acquire 

decades of intra-annual surface information at a finer resolution (30 m).  

The extents and the shapes of tower footprints were largely determined by the 

wind direction. In the study site, prevailing wind directions were SW and NW, but 

sporadic strong winds from N and E stretched tower footprints out toward N and E 

landscapes, where coniferous stands dominate, especially during green-up. Mature 

periods had generally smaller footprints relative to other periods, extended toward SW 

and NW which landscapes are mostly composed of deciduous stands. 

The vegetation density variation at sub-pixel scale, estimated with the EVI 

retrieved from Landsat TM/ETM+, had noticeable seasonal variability, following the 

phenological cycle of the deciduous stands. It was relatively high during dormancy and 

very low during growing season once the forest canopies within the pixels were closed 

(nugget effect in Figure 2.6a). Our results suggest that the vegetation density variation in 

the study fields were more heterogeneous during mature and senescence periods than 

green-up period (higher sill in Figure 2.6a and smaller range values in Figure 2.7). The 

tower footprints covered enough area to adequately represent the average magnitude of 
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the vegetation density as well as the variation in the density distribution within the 1.0 km 

and 1.5 km fields (Figure 2.8). 

Due to the heterogeneous land cover around the flux tower, footprint land cover 

composition changed as the extent and the shape of tower footprints varied seasonally 

and interannually. We found that 48% of anomalies in the mature period GPP can be 

explained solely by anomalies in the proportion of ENF calculated by weighting footprint 

density. More ENF area included in the tower footprint during a mature period in a year, 

smaller GPP measured at the tower in the year compared to the average mature period 

flux from 1999 to 2008. There are also small correlation that larger DBF and ENF area in 

the tower footprint during green-up period resulted in higher flux compared to the 

average from 1999 to 2008.  

Future work will focus on assessing the within-seasonal flux variations resulting 

from the variabilities in the footprint land cover composition. The variabilities in other 

flux towers footprints locating in mixed forests will be also analyzed. In the Harvard 

Forest, the growth of red oak has been increasing over the last decade and oak has 

become the dominant species. The correlation between the flux anomalies and the 

footprint land cover composition, therefore, dependon the changes in the landscape, and 

the significance of this correlation needs to be quantified in future work.  

This study suggests that our understanding of ecosystem behaviors would be 

largely improved by examining spatial representativeness of tower flux footprints for the 

regional ecosystem and implementing the footprints into our current ways of using flux 

measurements, especially in mixed forests. These analyses would help to identify and 
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select desirable flux towers that appropriately represent the broader regional ecosystems 

so that one can actually compare the characteristics of multiple ecosystems. One could 

also reduce the errors in the processes of calibrating and validating biome-specific 

parameters in ecosystem models as well as in remote sensing-based estimates with the 

knowledge of how much proportion of the flux was measured from the targeted land 

cover or forest type.  
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Chapter 3. Long-term carbon and water cycles in mixed forest 

catchments: ecohydrological modeling from patch-scale to catchment-

scale 

  

 

3.1. Introduction  

For the past three decades, dozens of terrestrial ecosystem models have been 

developed to improve our understanding of the ecosystem processes and to predict the 

responses of those ecosystems to climate changes. These ecosystem models were built 

upon different approaches: regression approaches between climate drivers and vegetation 

responses (e.g., Urbanski et al., 2007), model-data fusion frameworks that constrain 

model parameter with field observations (e.g., Keenan et al., 2012), and process-based 

approaches using theoretical understanding of relevant underlying processes (e.g., 

Running & Hunt Jr, 1993). These ecosystem models have shown their ability to 

reproduce the patterns in field measurements related to certain underlying processes, but 

most of them were evaluated over relatively short-periods of time (several years) at a 

particular spatial scale. Most frequently these were at a stand-species scale (Medvigy et 

al., 2009), or a canopy scale as an aggregation of several plant function types within the 

scale (Kucharik et al., 2006). These ecosystem models have a hierarchical structure 

allowing vertical nutrient (carbon, water, and nitrogen) transport between functional units 

(leaf level(s), soil level(s)), but most of the models do not consider the lateral transport of 

nutrients between adjacent spatial units.  
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The lateral transport, however, is a key process in hydrology including surface 

runoff and subsurface flow. Most of the hydrological models (e.g. the most-widely used 

hydrological model SWAT (Arnold et al., 1998)) have modeling schemes based on the 

hydrological response units, such as sub-basins and hillslopes, and simplified 

representations of aboveground ecosystem processes. Therefore, the hydrological models 

may not adequately describe the nutrient cycles in the region where there are multiple 

species distributed over the landscape, e.g. mixed forests.  

 Regional Hydro-Ecologic Simulation System, RHESSys (Band et al., 1993; 

Tague & Band, 2004), is a process-based ecohydrological model able to simulate carbon, 

water and nitrogen cycles (storages and fluxes) throughout components (vegetation, soil, 

and stream) at the catchment scale. It integrates a number of algorithms evolved from 

several existing independent and specialized models: Biome-BGC (Running et al., 1993) 

to account for carbon and water cycles, DHSVM (Distributed Hydrology Soil Vegetation 

Model; Wigmosta et al., 1994) to explicitly represent spatially distributed hydrologic 

pattern through a landscape, CENTURYNGAS (Parton et al., 1993; Parton et al., 1996) for 

enhanced nitrogen processes, and MT-CLIM (Running et al., 1987) to extrapolate 

microclimate conditions through the landscape depending on elevation, aspect and slope. 

The Geographic Information System (GIS)-based framework of RHESSys allows it to 

directly incorporate remote sensing data to describe the fully-distributed spatial 

information such as land cover, soil type, leaf area index (LAI), and topographical 

information (slope, aspect and elevation) from digital elevation model (DEM). The 

spatial information is partitioned into a nested series of functional dimensions (a so called 
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“patch”) with which microclimate, hydrological, and ecological processes are associated. 

RHESSys allows lateral nutrient (carbon and nitrogen) transport by the lateral hydrologic 

connectivity between adjacent patches, in the forms of dissolved organic carbon (DOC) 

and dissolved organic nitrogen (DON) in surface lateral flow and subsurface lateral flow. 

RHESSys has been applied and evaluated at a number of ecohydrological study sites 

across different types of ecosystems; a high-elevation mountain watershed, a snow-

dominated mountain ecosystem, a Mediterranean ecosystem, and deciduous-conifer 

ecosystems in a humid continental climate (Baron et al., 2000; Christensen et al., 2008; 

Nemani et al., 1993; Tague et al., 2009; Vicente-Serrano et al., 2015). Because of its 

structural framework, all the processes are simulated at every patch, and RHESSys is 

capable of describing ecosystem processes in a spatially complex landscape; such as 

spatial patterns of vegetation growth and species in topographically-varying regions 

(Mackay & Band, 1997; Meentemeyer & Moody, 2002; Tague et al., 2009), for landslide 

hotspot prediction (Band et al., 2012; Hwang et al., 2015), and for hydrological processes 

in a spatially-segmented urban area (Mittman et al., 2012; Shields & Tague, 2012; Tague 

& Pohl-Costello, 2008). 

 The objectives of this chapter are to (1) calibrate and validate a spatially 

distributed process-based ecohydrological model at mixed forest headwater catchments in 

the Harvard Forest Long Term Ecological Research (LTER) site, where long term eddy-

flux measurements are available along with various independent ground data, and (2) to 

analyze the long-term patterns of carbon uptake and water flux at the patch scale as well 

as at the catchment scale in this mixed forest site 
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3.2. Model Overview - Summary of key processes 

As mentioned, RHESSYS couples a number of process models to appropriately 

capture the biogeochemical and hydrological functions of an ecosystem in a spatial 

distributed manner. The key process models are described below. Detail description 

about RHESSys is primarily available at (Tague et al., 2004). 

Farquhar photosynthesis model 

 The net carbon assimilation of C3 plants is assumed to be constrained by either 

the maximum carboxylation rate (𝐴𝑣) or the electron transport rate (𝐴𝑗) (Farquhar et al.,  

1980). The maximum carbon uptake rate (𝐴), therefore, is determined by the minimum of 

these two rates. 

𝐴 =min (𝐴𝑣, 𝐴𝑗)                                                   (3.1) 

where the carboxylation rate (𝐴𝑣) and the electron transport rate (𝐴𝑗) are expressed as  

𝐴𝑣 = 𝑉𝐶𝑚𝑎𝑥·
𝐶−Г∗

𝐶+𝐾𝑐(1+𝑂/𝐾𝑜)
 – 𝑅𝑑                                    (3.2) 

 𝐴𝑗 = J·
𝐶−Г∗

4.5𝐶+10.5Г∗
 - 𝑅𝑑                                            (3.3) 

where 𝑉𝐶𝑚𝑎𝑥 represents the maximum carboxylation velocity (μmol·m-2·sec-1; a linear 

function of leaf nitrogen content, nitrogen in Rubisco, and temperature-dependent 

Rubisco activity) and J represents the electron transport rate (μmol·m-2·sec-1. root of a 

quadratic function having the maximum electron transport rate and effective irradiance in 

its coefficients; Farquhar & Caemmerer, 1982). 𝐴𝑣 and 𝐴𝑗 are controlled by Rubisco 
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activity and Ribulose-1,5-bisphosphate (RuBP) generation, therefore they are also 

described as Rubisco-limited photosynthesis or RuBP-limited photosynthesis, 

respectively. C and O are intercellular partial pressure of CO2 and O2 within leaf (Pa in 

this study). Kc and Ko are the Michaelis-Menten constant of Rubisco for CO2 

(carboxylase reaction) and O2 (oxygenase reaction) respectively. Г∗ and 𝑅𝑑 indicate CO2 

compensation point(Pa) and the dark respiration rate (i.e. leaf respiration in μmol m-2 sec-

1).  

 

Modified Penman-Monteith evapotranspiration model 

 Total potential evapotranspiration rates are decided as the sum of the evaporative 

fluxes from the intercepted water on the canopy and the litter, sublimation from the 

snowpack on the ground and on the canopy, and diffused water vapor from inside the 

sunlit- and sunshade-leaves (transpiration) (Tague et al., 2004). Each flux is calculated 

using the modified Penman-Monteith equation (McNaughton and Jarvis, 1983), which 

takes the coupling effects of climate variables on evaporation. It is assumed that 

transpiration does not occur during rainfall and as long as intercepted water still exists on 

the leaf surface. 

𝐸 = 
𝑠∙𝑅𝑛𝑒𝑡+𝜌𝑎∙𝑐𝑝∙𝑔𝑎∙𝑉𝑃𝐷

𝜆[𝑠+𝛾(1+
𝑔𝑎
𝑔𝑠

)]
                                            (3.4) 

where s is the rate of change of the saturation vapor pressure with temperature, 𝑅𝑛𝑒𝑡 is 

the incidence flux density (W m-2), 𝜌𝑎 is the density of air as a function of temperature, 

𝑐𝑝 is the specific heat of air (J kg-1 oC-1), 𝑔𝑎 is the aero-dynamic conductance (m s-1), 
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VPD is the vapor pressure deposit (Pa), λ is the latent heat of vaporization (2.4-2.5 MJ 

kg-1), γ is the psychrometric constant (65-68 Pa K-1). 𝑔𝑠 (m s-1) is the atmospheric heat 

conductance for evaporation process, otherwise it stands for the stomata conductance, 

indicating stomatal control on transpiration.  

 

Jarvis stomata conductance model 

  The diffusion processes of two gas molecules (CO2 molecule and water vapor) 

between atmosphere and inside the leave follow concentration gradients of its own, and 

they are physically coupled under the control of the stomata. The gas exchange rate 

through stomata (stomata conductance, 𝑔𝑠) is computed based on the Jarvis multiplicative 

model (Jarvis, 1976) for sunlit and shaded leaves separately (𝑔𝑠,𝑠𝑢𝑛𝑙𝑖𝑡 and 𝑔𝑠,𝑠ℎ𝑎𝑑𝑒𝑑) (. 

Chen et al., 1999). 

𝑔𝑠 = 𝑔𝑠,𝑚𝑎𝑥 f(APAR)·f(VPD)·f(Ψ)·f(Tavg)                            (3.5) 

where 𝑔𝑠,𝑚𝑎𝑥 is the species-specific maximum stomatal conductance, and f is the 

multiplicative function to account for stomata response to the environment driver (light, 

water stress, and temperature) from 0 (completely closed stomata) to 1 (no effect on 

stomata) (Körner, 1994). It is assumed that stomata response to the each environmental 

factor is independent, and therefore, the net response is expressed as the simple 

multiplication of the individual functions. 
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Vegetation dynamics  

 Allocation is a key physiological metabolism factor determining  plant growth by 

proportioning assimilated carbon into the compartments (roots, stems, and leaves), 

therefore it is an important factor in simulating vegetation responses to the availability of 

each resource (light, water, and nutrient etc.). Following Biome-BGC (White et al., 2000), 

species-specific constant ratios were applied to determine (1) the amount of carbon out of 

the total newly assimilated carbon available for allocation after taking out autotrophic 

respiration (maintenance and growth respirations), and (2) the partitioning of the carbon 

into each of the growing compartments (roots, stems, and leaves). The actual amount of 

carbon to be consumed to grow each part is proportionally rescaled depending on 

nitrogen availability.  

 Daily turnover rates at a structural level (leaf, fine-root, coarse-root and live-stem) 

and mortality at a stand level (annual mortality and fire mortality) decide the secondary C 

and N fluxes by transferring a certain fraction of C and N from the first storage areas into 

the secondary pools (coarse woody debris, litter, and soil). These rates are assumed to be 

physiologically characteristic (species-specific parameters), therefore, they are set to a 

constant without any specified disturbances such as distinguishable hurricane, fire and 

insect outbreaks. Competition between species is not considered in this study. 

 

Vertical hydrologic processes  

 After the aboveground hydrologic processes (gross precipitation, interception by 

leaves and litters, and partition of throughfall into surface flow and infiltrated water) have 
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been considered, the belowground hydrologic processes start with partitioning the 

infiltrated water into subsurface and ground storages. Rootzone soil moisture not only 

regulates ecophysiological responses of vegetation to drought condition, but also adjust 

decomposition activity of microbial community in the soil which provide nutrients 

(nitrogen, for example) that vegetation need to grow. Soil moisture in the rootzone (ΔS) is 

calculated assuming the water mass is balanced (Eq. 3.6). 

ΔS = qinfl  + qcap - qdrain  – ET                                       (3.6) 

where qinfl, qcap , and qdrain refer to infiltration, capillary rise and drainage respectively, 

and ET is evaportranspiration at sunlit and sunshade leaves by plant uptake from the 

rootzone. Detailed descriptions of  each flux is available at Tague & Band (2004). 

Hydraulic fluxes (qinfl, qcap , and qdrain) are largely determined by vertical hydraulic 

conductivity profile, which describes the soil’s property of transmitting water. 

RHESSys adapts an exponential profile to estimate saturated hydraulic conductivity at 

the depth z, Ksat(z) (meters day-1) unless specific field measurements are available; 

Ksat(z) = Ksat0 ∙ 𝑒
−𝑧

𝑚⁄                                         (3.7) 

where Ksat0 is hydraulic conductivity (meters day-1) at the surface and m (meter-1) 

indicates the decay rate of the conductivity with depth z.  

 

Lateral redistribution 

 Lateral hydrologic fluxes (Hortonian overland flow and saturated subsurface 

throughflow) follow the explicit routing path driven by surface topography assuming that 

hydraulic gradients are parallel to the surface topography (Distributive Hydrology Soil 
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Vegetation Model; Wigmosta et al., 1994). Lateral redistribution of hydrologic flows 

modulates the entire BGC-cycles in various dimensions, for example, by altering soil 

moisture which is a critical factor on soil respiration at Harvard Forest (Savage et al., 

2001). Soil respiration rate is a signature of the decomposition rate of the soil organic 

matter, therefore, eventually indicating the soil moisture control on nitrogen availability 

through the following processes such as mineralization and nitrification.  

 

 

3.3. Materials and Methods 

3.3.1. Study site overview 

 The main study sites are two adjacent headwater catchments, Bigelow-Brook 

(42.53901°N, 72.17201°W) and Nelson-Brook (42.53485°N, 72.18654°W), on the 

Prospect Hill Tract of the Harvard Forest in Petersham, Massachusetts (Figure 3.1).  

Harvard Forest was designated as a Long Term Ecological Research site in 1988 

(http://harvardforest.fas.harvard.edu/), and three towers have been measuring gas (CO2 

and water vapor) exchange between ecosystem and atmosphere using the eddy 

covariance technique (Baldocchi et al., 1988; Goulden et al., 1996). These towers have 

operated since 2004 at the Hemlock tower site (Fluxnet site code: US-Ha2, referred to as 

the "HEM-tower" hereafter), since 2002 at the Little Prospect Hill tower site (without a 

Fluxnet site code), and since 1991 at the Environmental Measurement Site tower (US-

Ha1, referred to as the “EMS-tower” hereafter), which is the world’s longest record of 

flux exchange. Harvard Forest is dominated by a cool and moist temperate climate with 
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an annual mean temperature of 8.5°C, varying from 20°C in July to -7°C in January. 

Mean precipitation is approximately 1100mm and distributed evenly throughout the year, 

25% of which falls as snow (Xu et al., 2012). The moderate topography ranges from 

250m to 430m above sea level. The forest is mainly dominated by northern red oak 

(Quercus rubra L.), red maple (Acer rubrum L.) and eastern hemlock (Tsuga canadensis 

L.), black birch (Betula lenta L.) and white pine (Pinus strobes L.). Stands are generally 

75-110 years old, re-established on abandoned farmlands and re-grown after hurricanes, 

including the most recent and strongest one, the Great Hurricane of 1938. Soils are 

generally well-drained sandy-loam types (NRCS, 2009) with about 3m-depth derived 

from the gneiss and schist bedrock with acidity of pH 4.2-4.7 (Currie et al., 1996; Xu & 

Saiers, 2010). There are some very poorly drained woody wetlands. 
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Figure 3.1. Two study catchments on the Harvard Forest Prospect hill. (a) Catchment 

boundaries (red lines) and stream networks (cyan lines) for Bigelow-Brook catchment 

(BBC) and Nelson-Brook catchment (NBC) delineated by Bigelow lower pipe and 

Nelson big weir (black and white divided circles). This study mainly incorporated; 

meteorological data from Fisher and Shaler weather stations (diamonds), and water and 

carbon flux from HEM and EMS towers (triangles). Canopy-level results are from the 

area in black and yellow squares, for HEM-tower and for EMS-tower respectively (b) 

Vegetation was reclassified from 2001 National Land Cover Dataset (NLCD). (c) Soil 

distribution, generated by aggregating soil classes in the USDA National Resources 

Conservation Service (NRCS) soil survey database.  
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3.3.2. Data overview 

Station measurements: meteorological and hydrological data 

 Daily meteorological data (maximum, minimum and average temperature and 

precipitation) have been measured at Shaler station since 1964 (Harvard Forest LTER 

archive ID: hf000. Boose & Gould, 1999), and have been succeeded by the Fisher station 

in 2001(Harvard Forest LTER archive ID: hf001. Boose, 2001). Both stations are located 

close to the study sites. Gaps in the temperature data were filled by averaging the median 

temperature of the 20-years with the median temperature of the 10-days surrounding the 

day without data. Gaps in precipitation data were filled by taking the average of nearby 

National Climate Data Center (NCDC) records from four stations (GHCND Name-ID: 

Orange Municipal Airport-USW00054756, Birch Hill Dam-USC00190666, Barre Falls 

Dam- USC00190408).  

For the first two years of the Harvard LTER hydrological monitoring project, 

stream discharge was estimated occasionally based on the water levels at each outlet 

point (Bigelow lower and upper pipes and Nelson small and big weirs) from May 16, 

2005 to December 31, 2007 (Harvard Forest LTER archive ID: hf070-02. Boose, 2007). 

Starting December 21, 2007, continuous daily discharges have been estimated from 15-

min interval automatic pressure transducers (Harvard Forest LTER archive ID: hf070-03. 

Boose, 2007). Uncertainty in the observed/estimated discharge varies depending on the 

measurement methods, from 0.1% by pressure transducers up to 20% by the stage 

measurement (Harmel et al., 2006). 
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Tower measurements: eddy-covariance flux and ancillary climate data 

This study used hourly GEE estimates and water vapor flux measurements (FH2O, 

equivalent to ecosystem evapotranspiration, ET) from 1992 to 2008 at EMS-tower 

(Harvard Forest dataset ID: HF004; Munger & Wofsy, 1999), and half-hourly flux data 

from 2004 to 2008 at HEM-tower (Harvard Forest dataset ID: HF103; Hadley, 2003). 

Both datasets are open to the public research and available at the website 

(http://harvardforest.fas.harvard.edu/data-archive). Gross ecosystem exchange (GEE, Eq. 

3.8) is the sum of day-time net ecosystem exchange (NEE day-time) measurement and 

ecosystem respiration (Re) that is empirically scaled based on night-time NEE 

measurement depending on the air and soil temperature (Falge et al., 2001; J. Lloyd et al., 

1994) 

GEE = NEE - Re                                                                       (3.8) 

   ≈ NEEday-time - NEEnight-time,scaled 

Sub-daily GEE and water fluxes were integrated to daily fluxes for those days 

when there were missing gaps existing due to equipment failure and poor quality. It 

should be noted that this study adapted the GEE data at EMS-tower with  quality-filtering 

and gap-filling processes (HF004-02.filled) for this long-term trend analysis even though 

gap-filling processes inevitably require assumptions can  also cause uncertainty and 

errors in the results (Urbanski et al., 2007). The daily GEE flux was converted to daily 

gross primary productivity (GPP) rate, assuming photo-respiration (dark respiration) and 

the effect of understory canopy are ignorable (GPP ≈ -GEE). Negative sign indicates the 

conversion from the gas exchange (uptake from the atmosphere to the vegetation) to the 

http://harvardforest.fas.harvard.edu/data-archive
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vegetation productivity (emission from the vegetation to the atmosphere). For this study, 

flux data measured at the HEM-tower was accepted only when the wind blew from 

southwest (190-225 degree) where the eastern hemlock and white pine stands are located. 

ET flux at both towers measured during rainy days was removed because of the 

significant but unpredictable factors that come with rainfall (Loescher et al., 2005) (e.g., a 

rapid change in pressure in tubes due to the sudden cooling of the skin from the rain, 

water droplets on the anemometer affecting pulse times, and moisture in all the electronic 

instruments producing electrical noise (Hadley et al., 2002)). 

Atmospheric CO2 concentration (parts per million:ppm) data measured at the 

EMS and HEM towers were combined to produce daily regional atmospheric CO2 mixing 

ratio in the study area. Abnormal peaks and drops (>420 ppm and <340 ppm) were 

removed from the data. Gaps were filled by combining the reference annual cycle, the 

average of annual cycles from 1992 to 2008, to the long-term trend measured from the ice 

cores at East Antarctica (Etheridge et al., 1996). Additional meteorological data are 

collected as following: daily median vapor pressure deficit (VPD) estimated at HEM-

tower, daily median wind speed above canopy (29 m) measured by sonic anemometer on 

EMS-tower, daily total photosynthetically active radiation (PAR) above canopy (28 m) at 

EMS-tower. 
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Field measurements: soil, leaf, and tree data 

 Ground-measured LAI, diameter at breast height (DBH) and soil data 

(temperature, surface CO2 efflux, and moisture) were used for model calibration and 

performance evaluation. Since the flux measured at a tower comes from the surface at the 

prevailing wind direction, which is the southwest in the Harvard Forest (except the period 

between December 1992 and February 1993 when northwest winds were dominant, 

Barford et al., 2001), ground-measurements only from the southwest were used in this 

study. Basal area increment (BAI) was calculated using DBH measurements of dominant 

trees: red oak and red maples (EMS-tower), and eastern hemlock and white pine (HEM-

tower). Only live trees from 1999 to 2008 were considered and dead or newly counted 

trees were excluded in the calculation. DBH measurements of eastern hemlock and white 

pine were taken within the EMS-tower footprint due to the lack of data within the HEM-

tower footprint. A summary of data sets descriptions (archive ID, period, transect ID or 

compass angle, instrument or method, and data set original investigators) used in this 

study is given in the Table 3.1. Detailed maps of transects are available at the Harvard 

Forest LTER archive (http://harvardforest.fas.harvard.edu/data-archive: hf069-01 and 

hf069-02).  
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Table 3.1. List of ground-measurements used in this study 

 
EMS-tower HEM-tower 

Data ID Description Data ID Description 

Soil   

CO2 efflux 

and 

temperature 

hf006-011 1995 June - 2004 Dec 

Southwest transects 

(SWF,SWM) 

dynamic chamber systems 

hf148-013 1997 July - 2000 Apr  

: 210,240,270 transects 

2000 Apr-2007 Nov 

: 195,225,255 transects 

LI-6200 System hf069-102 
1998 June - 2003 Oct 

232, 243 transects (B,C) 

LICOR-6252  

Munger & Wofsy (1999) 

Soil 

moisture 

hf006-011 1995 June - 2004 Dec 

Southwest transects 

(SWF,SWM) 

15-cm TDR-probe 

 

hf153-024 

 

2004 May - 2007 Aug 

195,225,255 transects 

soil core samples at 10-

15cm 

 

hf069-092 1998 June - 2003 Oct 

232, 232, 243 transects 

(B,C) 

15-cm TDR-probe 

Munger & Wofsy (1999) 

Leaf area 

index (LAI) 

hf069-032 1998-1999, 2005-2008 

232, 243 transects (B,C) 

LAI-2000 

Munger & Wofsy (1999) 

 

hf150-015 

 

2008 Aug 

195,225,255 transects 

LAI-2000 

Tree data hf069-112 

 

 

1999-2008 

232, 243 transects (B,C) 

DBH of red oak and red 

maple 

hf069-112 

 

1999-2008 

232, 243 transects(B,C) 

DBH of eastern hemlock 

and white pine 

TDR: time-domain reflectometry probes 

Datasets original investigators : 1 Davidson & Savage (1999)   2 Munger & Wofsy (1999) 

         3 Hadley (2009)   4Hadley (2009b)   5 Hadley (2009c) 
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3.3.3. Modeling procedure 

Modeling site configuration and description  

Stream networks and boundaries of the two catchments were derived from the 

Global Digital Elevation Model version-2 (GDEM V2) at the 1 arc-second resolution 

(equivalent to approximately 30-meter at the equator) using GRASS Geographic 

Resources Analysis Support System (GIS) [http://grass.osgeo.org/]. Bigelow lower-pipe 

and Nelson big-weir are the outlet points of the Bigelow-Brook catchment (referred to as 

“BBC” hereafter) and Nelson-Brook catchment (referred to as “NBC” hereafter), 

respectively (Figure 3.1). BBC is the headwater of Quabbin reservoir, the largest inland 

water feature in Massachusetts and the biggest source of water for Boston and its vicinity. 

The delineated catchment boundaries agree with the catchments’ map on the Harvard 

Forest website [http://harvardforest.fas.harvard.edu/meteorological-hydrological-stations]. 

Despite the mild slopes in the area, topography does influence plant distribution: 

broadleaf deciduous vegetation are distributed on east-facing hill of BBC and on south-

facing hill of NBC, whereas coniferous vegetation dominate the west-facing hill of BBC 

and the north-facing hill of NBC. Woody wetlands can be found where the local terrain is 

relatively flat, on about 6% of BBC and 20% of NBC.  

EMS-tower is located about 70-meters away from the closest southeast boundary 

of BBC and the majority of the footprint of EMS-tower is not included in the BBC when 

considering the dominant south-west wind direction. Several patches within BBC that are 

close to the EMS-tower were selected based on the aspect and slope of the hill as well as 

soil and vegetation types as a “virtual footprint” of EMS-tower (yellow square in Figure 
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3.1, referred to as “EMS-patch” hereafter). The footprint of the HEM-tower is located 

within the NBC, and therefore several patches of NBC within the footprint were selected 

for the canopy-scale evaluation (black square in Figure 3.1. referred to as “HEM-patch” 

hereafter). Despite of their spatial proximity, there is a noticeable difference in the 

vegetation composition in the footprint of each tower: 74% basal area of EMS tower 

footprint is dominated by deciduous species (red oak and red maple) and 83% basal area 

of HEM tower footprint is mainly hemlock (Belmecheri et al., 2014; Fluxnet web: 

http://fluxnet.ornl.gov/site/887).  

 

Modification using field data: decomposition scaling factor  

 The conventional way of estimating heterotrophic respiration rates with an 

exponential function (Eq. 3.9), known as Q10 respiration, tends to underestimate the 

respiration rates at low temperatures, and overestimate the rates at high temperatures (J. 

Lloyd et al., 1994). RHESSys uses an adaptation of  the potential decomposition rate 

scaling factor (t_scalar) from Lloyd & Taylor (1994), which accounts for the complex 

variation of activation energies of reacting organisms in a simplified exponential function 

(Eq. 3.10). 

𝑄10 ≡ (
𝑅2

𝑅1
)

(
10

𝑇2−𝑇1
)

 , 𝑅2 =  𝑅1 ∙  𝑒(
𝑇2−𝑇1

10
)∙ln (𝑄10)

                (3.9) 

𝑡𝑠𝑐𝑎𝑙𝑎𝑟 =  𝑅10 𝑒
308.56(

1

𝑎
−

1

𝑇𝑠𝑜𝑖𝑙(𝐾)−𝑏
)
                                        (3.10) 

where a and b are data-set dependent variables, in other world, they are site-specific 

parameters. The soil decomposition rate is substantially underestimated with the default 

http://fluxnet.ornl.gov/site/887
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coefficients (a=71.02 and b=227.13. Tague & Band, 2004), also showing systematic bias 

at high temperatures (Figure 3.2). The coefficients, a and b, were estimated based on the 

field-measured soil respiration data using the nonlinear regression function, nlinfit, in 

Matlab (Matlab R2013a, MathWorks Inc., Natick, MA) (R2=0.72).  

 

 

Figure 3.2. Estimation of soil decomposition-rate scaling. (Top panel) Dots indicate the 

field-measured soil efflux (gray squares: all available soil temperature and efflux data, 

red diamonds: data only within the towers’ footprint). The green dash line is the 

RHESSys default function (with coefficients a=71.02, b=227.13) and the orange solid 

line is the modified function using the fitted coefficients (a=48.14, b=234.51). (Bottom 

panel) Residual plots of the default function (green squares) and modified function 

(yellow triangles).  
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Parameterization: initialization and calibration 

 The model parameters that specify the physical characteristics of the soil and the 

physiological characteristics of vegetation components were initialized with field 

measurements and previous studies (Tables 3.2 and 3.3). Since there is no consensus on 

the mathematical expressions to prescribe phenological timings (green-up, maturity, 

senescence, and dormancy), they were estimated as the timings when there were greatest 

changes in the curvature of logistic functions (Fisher et al., 2006; Zhang et al., 2003) 

fitted to the ground-based observations of leaf-sizes during spring and leaf-colorizations 

during autumn (Harvard LTER archive-ID: hf003-03 and hf003-04 : O’Keefe, 2000). 

Detail description is in Appendix. Based on the parameters, soil carbon and nitrogen 

storages were built up from the initial bare ground by spinning-up the system, assuming 

the current system is in the equilibrium state. It took about 500 years for this ecosystem 

to reach its equilibrium state. Vegetation carbon and nitrogen storages were initialized 

using the field-estimated LAI data in 2000 which was made for the purpose of validating 

MODIS land products (Cohen et al., 2006). LAI was converted to carbon and nitrogen 

storages in each component (leaf, root, stem, coarse root, live stem, and dead stem) of the 

vegetation depending on the biome type and its physiological characteristics, such as the 

specific leaf area (SLA), carbon and nitrogen ratios in each component, and carbon 

allocation strategy.  
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Table 3.2. Parameterization of soil components 

 

Soil types 
 

 

Sandy Loam 
 

Wetland 
 

Areal composition  (% of basal area)  

in Bigelow-Brook catchment (BBC) 56.2ha (93%) 3.7ha (7%) 

in Nelson-Brook catchment (NBC) 
 

47.0ha (81%) 11.2ha (19%) 
 

Physical properties  

Texture: fraction of sand-silt-clay (%) 
 

65-25-101 20-65-151 
 

Hydrological parameters  

Porosity at soil surface, 𝜙0 (range. 0 - 1) 0.4352 0.4853 

Pore size index, p (unitless) 0.2042 0.5893 

Air entry pressure, 𝜓𝑎𝑒 (meters of water) 
 

0.2182 0.7863 
1 Soil Survey Geographic data set (SSURGO) from the Natural Resources Conservation 

Service (NRCS) 
2 Dingman, 2009 3 Yun et al. in Neponset catchment, MA (in preparation) 
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Table 3.3. Ecophysiological parameterization in the model 

 

Vegetation types 
 

 

Deciduous 
 

Mixed 
 

Coniferous 
 

Class numbers  in NLCD 20011 
 

41 
 

43 
 

42 
 

Physiological parameters    

Specific leaf area, SLA (m2 kgC-1) 182,3,4 172 102,5 

Fraction of N in Rubisco compared to total 

N in leaf, FNLR (kg kg-1) 

0.0886 0.12 0.12 

Leaf C:N ratio (kgC kgN-1) 218 329 428 

Litter C:N ratio (kgC kgN-1) 538 809 1048 

Carbon allocation parameters (unitless) 2 

fine root : leaf  

coarse root : stem  

stem : leaf 

live wood : total wood 

 

1.2 

0.22 

2.2 

0.16 

 

1.30 

0.26 

2.20 

0.116 

 

1.4 

0.29 

2.2 

0.071 

Phenological timings 

Start days of green-up (DOY) 

Green-up length (days) 

Start days of senescence (DOY) 

Senescence length (days) 

 

113-14010 

20-4110 

256-27010 

21-3810 

 

113-14010 

20-4110 

256-27010 

21-3810 

 

807 

557 

2607 

887 
 

Ecophysiological parameters 
 

  

Q10 for maintenance respiration (unitless) 11 

Stomatal conductance closure 2 

starts at leaf water potential (MPa) 

completes at leaf water potential (MPa) 

starts at VPD (Pa) 

completes at VPD (Pa) 

3.9 

 

-0.34 

-2.2 

1100 

3600 

4 

 

-0.495 

-2.350 

800 

3350 

5.6 

 

-0.65 

-2.5 

0 

3100 
1Detailed information about each class is available at [http://www.mrlc.gov/]  
2 White et al., 2000  3 Waring et al., 1995  4 Bartlett et al., 2011  
5 Wythers et al., 2013   6 estimated using Vc,max from Dillen et al., 2012 
7 Yun et al. in Neponset catchment, MA (in preparation) 

8 Harvard Forest LTER database HF069 (W. J. Munger et al., 1999) 
9 Mean value of deciduous and coniferous. 
10 Estimates using ground-based observation (HF003-03,HF003-04. O’Keefe, 2000).  

    Detail description is in Appendix 
11 Optimized values based on Chen et al. (2000), Davidson et al. (2006), Davidson & 

Savage (1999) 
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 Physical properties of soils play a vital role in controlling hydrologic fluxes (e.g., 

infiltration, surface-runoff, drainage, capillary rise and subsurface-runoff) and storage 

(surface detention, soil moisture, and groundwater), and therefore they modulate the 

ecophysiological responses of the vegetation to the environment. In theory, soil-type-

specific parameters (e.g. Ksat0 and m in Eq. 3.7) are constants, however, those values 

exhibit significant spatial heterogeneity due to highly variable geologic formations such 

as unevenly distributed macro-pores and root-growth. To calibrate those intrinsically 

variable parameters with the observed streamflow data and to assess the uncertainty 

propagated through the process, the generalized likelihood uncertainty estimation 

(GLUE) methodology (Beven & Binley, 1992) was adapted for this study because of the 

following reasons; its relative ease of implementation which does not require major 

modifications to the model structure, lack of prior information about parameter 

distributions, and its parallel properties which significantly reduce computational time. 

Rejecting the idea of having one single optimized scenario, GLUE provides a  behavioral 

range of the plausible scenarios, assuming “equifinality” in which different model 

structures and parameter sets would produce acceptable representation of the observed 

behavior (Beven & Freer, 2001). This range indicates the integrated uncertainties coming 

from the errors in the model structures and the parameters of the model and even in the 

observations for validation. The range is confined by the posterior likelihood of the 

simulation,𝐿(𝑦|𝜃𝑖), with the i-th parameter sets (𝜃𝑖) when  

𝐿(𝑦|𝜃𝑖) = 𝐿(𝜃𝑖|𝑦)𝐿𝑜(𝜃𝑖)/𝐶                                         (3.11) 



 

 

68 

where 𝐿(𝜃𝑖|𝑦) is the likelihood measure of the simulation with the i-th parameter sets and 

prior distribution, 𝐿𝑜(𝜃𝑖) is the prior distribution of the i-th parameter set (𝜃𝑖), and C is a 

scaling constant for normalization ( ∑ 𝐿(𝜃𝑖|𝑦)𝑛
𝑖=1 /C =1 ). As mentioned above, due to the 

lack of prior knowledge of the parameter distributions and uncertainty of the parameters 

in the reality, initial distributions of the parameters were assumed as uniform within the 

given range (Table 3.4).  

 

 

Table 3.4. List of parameters calibrated with GLUE method, their initial values and 

calibrating factor ranges. 

Parameter 

Initial value Calibrating  

factor 

(Multiplier) 
Sandy 

loam 
Wetland 

Vertical-flow Parameters 

Saturated hydraulic conductivity at the surface, Ksat0 

 

3 

 

0.0001 

 

0 – 5 

Decay rate of the hydraulic conductivity with depth, m 0.12 0.12 0 – 500 

Lateral-flow Parameters 

Saturated hydraulic conductivity at the surface, Ksat0,v 

 

3 

 

0.0001 

 

0 – 20 

Decay rate of the hydraulic conductivity with depth, mv 0.4 0.16 0 – 10 

Explicit calibration factors 

The fraction of water from the saturated store to the groundwater, gw1 

The fraction of water from the groundwater to the streamflow, gw2 

0 – 1 

 

 

 A total number of 3000 parameter sets (N=3000) was generated in a random way, 

known as Monte Carlo sampling method. Three years (October 2010-September 2013; 

water year 2011-2013) were chosen for calibration to include both wet and dry years 

(water year 2011: 1550 mm, water year 2012: 1064mm), so that the physical 
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characteristics of the soil can be calibrated to represent the soil moisture status in both 

wet and dry conditions. The Nash-Sutcliffe efficiency (referred to as “NSE” hereafter) of 

streamflow at a log-scale (base 10) was used (Eq. 3.12) as the likelihood measure because 

the baseflow represents the soil moisture status better than do peak-flows (to which 

linear-scale streamflow NSE values have a tendency of being sensitive).  

NSE(θi|log(y)) = 1 - [
 
1

𝑁
∑  (𝑙𝑜𝑔(𝑦𝑡)− 𝑙𝑜𝑔(𝑌𝜃𝑖,𝑡))

2
𝑁
𝑡=1

1

𝑁
∑  (  𝑙𝑜𝑔(𝑦𝑡) − log (𝑦)̅̅ ̅̅ ̅̅ ̅̅ ̅ )

2
  𝑁

𝑡=1

]                     (3.12) 

Where t is the time-point, N is the total number of the points, 𝑌𝜃𝑖,𝑡is the model simulated 

with the i-th parameter set (𝜃𝑖) at the time t, yt is the observation at the time t, and log (𝑦)̅̅ ̅̅ ̅̅ ̅̅   

is the mean value of log values of observation (log (𝑦)̅̅ ̅̅ ̅̅ ̅̅  = 
1

𝑁
∑ log (𝑦𝑡)𝑁

𝑡=1 ). The maximum 

log-NSE values during growing season were 0.59 at BBC and 0.65 at NBC. Criteria for 

accepting simulations as behavioral scenarios were set to log-NSE 0.2 for BBC and 0.1 

for NBC, and 95% uncertainty boundaries were accepted as the final confidence intervals 

to either reject over-conditioning (over-fitting to any single data) and under-conditioning 

models.  
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3.4. Result 

3.4.1. Parameter calibration and validation  

 Most of the observed streamflow at both catchments lay within the 95% 

confidence intervals of the simulated streamflow at the monthly scale hydrograph (Figure 

3.3). Winter snowpack (e.g. February and December in 2008) and early spring snow-melt 

(e.g. March in 2008 and 2009) caused high uncertainties (wide confidence intervals) and 

deviations in the simulated streamflow from the observations. Snow accumulation and 

melting processes are mainly controlled by temperature coefficients which are set to 

constants in the current version of RHESSys (ver. 5.15.333). Focusing on growing season 

(May-October) when the soil moisture modulates vegetation response to climate, mean 

values of the confidence intervals of simulated streamflow at the monthly scale showed a 

high agreement with the observations at both catchments (Figure 3.4). The maximum 

monthly log-NSE values during the growing season were 0.8 for calibration and 0.6 for 

validation at BBC and 0.52 for calibration and 0.53 for validation at NBC. At the annual 

scale, simulated streamflow explains about 80% variance of the observation but the total 

discharge was overestimated due to the overestimated snow-melt streamflow. 
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Figure 3.3. (a) Monthly precipitation. (b) Calibration and validation results with monthly 

streamflow discharge at BBC and NBC. Gray area indicates 95% confidence intervals 

estimated from GLUE method with the likelihood measure log-NSE. Black diamonds are 

the mean value of the confidence interval and circles are monthly-total streamflow 

discharge. Dash lines are the observed streamflow at BBC (green) and NBC (orange).  
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Figure 3.4. Scatter plots between observed and simulated streamflow at monthly, and 

annual scales at BBC (green) and NBC (orange) for (a) calibration and (b) validation 

periods. Monthly scatter plots evaluated streamflow during growing-season (May and 

October) when soil moisture modulates vegetation responses to the climate.  
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3.4.2. Below-ground processes at patch scale  

Soil moisture  

The simulated soil moisture represents averaged soil moisture in the root-zone 

from the ground surface to the simulated root-depth (70-80 cm), therefore it is not exactly 

comparable to the field observation measured at the shallow fixed depths (10-15 cm). In 

general, the simulated root-zone soil moisture at the EMS-patch followed the overall 

profile of the areal mean of the measurements, and the confidence intervals contained 

most of the measurements (Figure 3.5a). It also showed strong seasonality that gradually 

declines to 15-20% during the maturity season and recharges back to 32-35% throughout 

senescence and dormancy phases. Simulated root-zone soil moisture at HEM-patch 

tended to be fairly constant and high throughout the seasons, which accounts for the 

formation of the nearby wetland. Soil moisture is not only dependent on the precipitation 

quantity but also on the timing (Figure 3.5b). For example, annual total precipitation was 

almost identical in 1999 and 2000, but soil moisture dropped to 10% at the end of August 

1999 while it was higher than 20% throughout the seasons in 2000. This was because the 

most of the precipitation in 1999 was concentrated in September, in contrast to more 

evenly distributed precipitation in 2000. 
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Figure 3.5. The time series of observed and simulated soil moisture values in the study 

sites. (a) Gray area indicates 95% confidence intervals of the soil moisture at the EMS-

patch (top) and HEM-patch (bottom), respectively. Dots are the areal mean value of the 

observations within the footprints. Bar indicates standard deviation of the observations 

(b) Soil moisture of EMS-tower from 1996 to 2000 with the monthly and annual 

precipitation  
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Soil surface CO2 efflux   

 Soil surface CO2 efflux (here after “Rsoil”) is one of the major carbon cycle fluxes, 

of up to 75GtC year-1 at the global scale, and acts as a primary route for fixed carbon to 

return to the atmosphere (Schlesinger et al., 2000). Although it is the integrated flux of 

autotrophic (root and associated mycorrhizal) respiration and heterotrophic (microbial) 

respiration that are difficult to examined individually, the seasonal and interannual 

changes in Rsoil can be a good indicator of belowground processes: plant metabolism such 

as carbon allocation to root and respiration from the root, and also response of soil 

microbes to the changing climate (Norby et al., 2000). Furthermore, the process of 

decomposing soil organic matter produces a by-product, nitrogen, most often limiting 

nutrient for plant growth (LeBauer et al., 2008). 

 Observed Rsoil (Figure 3.6) showed strong seasonal and inter-annual changes but 

no long-term trend is noticeable. Mean Rsoil during growing season was 4.96 gC m-2 day-1 

at EMS-tower and 4.03 gC m-2 day-1 at HEM-tower, 18% lower than EMS-tower. Lower 

Rsoil at coniferous forest compared to nearby broad-leaved forest on the same soil type 

under the same local climate was also reported from other studies by an average of 10% 

(Raich et al., n.d.). Dependence of Rsoil on soil moisture and air temperature was 

noticeable. For example, mean air temperature between June and September in 1997 and 

1998 was similar (14.1 ºC in 1997 and 14.5 ºC in 1998), but soil moisture in 1998 

dropped below 10% (18% in 1997), resulting in higher Rsoil at both the EMS and HEM 

towers in 1998 compared to 1997. Furthermore, soil moisture in 1995 and 1998 was 
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below 10%, but the lower mean temperature in 1995 (13.5 ºC) might have induced the 

low Rsoil in 1995. 

 The simulated Rsoil values have a fair agreement with the observed Rsoil (r=0.75 at 

the EMS-patch and r=0.79 at the HEM-patch. Figure 3.6), considering the substantial 

spatial heterogeneity and microscale variability along the 200-meter transects (Stoyan et 

al., 2000). Mean Rsoil during growing season was 4.45 gC m-2 day-1 at EMS-patch and 

4.14 gC m-2 day-1 at HEM-tower, 7% lower than EMS-tower. Strong peaks at the EMS-

patch at the beginning of senescence were from the decomposition of the fallen leaves 

(litter), which might not have been included in the field measurements. 

 

 

Figure 3.6. Soil respiration. Gray areas indicate 95% confidence intervals at the EMS-

patch (left-top) and HEM-patch (left-bottom). Red diamonds are the areal mean values of 

the observations within the footprints. Bar indicates standard deviation of the 

observations. Scatter plot of model versus observation at EMS-patch (right-top) and 

HEM-patch (right-bottom). 
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3.4.3. Above-ground processes at canopy scale 

Leaf area index (LAI) 

 Evaluating LAI results with independent observations is very important not only 

because it is the physical interface between the carbon and water cycles through stomatal 

responses, but also because it is the key vegetation compartment of the allocated carbon 

and nitrogen. Compared to other compartments of vegetation such as root or woody parts 

(stem and branch), it is also relatively easy to measure in the field. Simulated LAI values 

at the EMS-patch ranges about 5.5±0.5 (m-2 m-2) during growing season, while LAI at the 

HEM-patch is about 3.8 ±0.2 (Figure 3.7). The overall seasonal profile was well 

described (r=0.93), but the maximum LAI at the EMS-patch is generally overestimated 

(rmse=0.9) while underestimated at the HEM-patch by 0.5. The prescribed growing 

season dynamics from the ground-observed leaf phenology tends to be later than the 

observed LAI leaf-out, as well as for early dormancy. 
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Figure 3.7. LAI simulation (Left-top) Gray area indicates 95% confidence intervals at the 

EMS-patch and HEM-patch (Left-bottom). Dots are the areal mean value of the 

observations within the footprints. Bar indicates standard deviation of the observations. 

(Right-top) Scatter plot between observed and simulated LAI at EMS-patch. 

 

Gross primary productivity (GPP) 

The observed GPP has gradually increased from 1992 to 2008, and there were 

differences in the magnitude of the increment between the seasons (Figure 3.8). The 

distribution of the number of days with GPP during spring-time (April-June) and autumn- 

(Septermber-November) exhibited a highly positively skewed distribution, and the 

spring-time distribution skewness has gradually increased over the study period while the 

autumn distribution did not reveal any noticeable changes. The peak rate of daily GPP 

during spring-time has increased by 56% (from 12.6 gC m-2 day-1 in 1992 to 19.6 gC m-2 

day-1 in 2008), and seasonal total flux increased by 28% (from 393.5 gC m-2 spring-1 in 

1992 to 503.9 gC m-2 spring-1 in 2008). In the meantime, both the autumn  peak rate and 
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the total flux did not increase significantly (8% increment of peak rate from 8.8 gC m-2 

day-1 in 1992 to 9.5 gC m-2 day-1 in 2008; 18% increment of seasonal total flux from 255 

gC m-2 fall-1 in 1992 to 302 gC m-2 fall-1 in 2008). The summer-time (July-August) GPP 

showed the most significant and noticeable growth trend both in the peak rate (66% 

increment from 10.5 gC m-2 day-1 in 1992 to 17.4 gC m-2 day-1 in 2008) and in the total 

flux (56% increment from 502 gC m-2 summer-1 in 1992 to 781 gC m-2 summer-1 in 2008). 

The number of days distribution had a negative skewness with a high degree of peaks in 

1992, and gradually changed to a plateau distribution (a bimodal distribution) that 

indicates multiple processes are acting at a similar significance. 

 

 

Figure 3.8. Distribution of number of days  of the observed GPP during spring-time, 

summer-time, and fall-time in 1992, 2000, and 2008 

 

The simulated GPP at the EMS-patch was compared to the observed GPP at the 

EMS tower at both daily scales (Figure 3.9a) and monthly scales (Figure 3.9b). Simulated 

GPP at the EMS-patch showed gradually increasing trends during the study period both 

in magnitude and quantity. Spring-time peak rate was simulated as 11.8 gC m-2 day-1 in 

1992 and rose  to 16.5 gC m-2 day-1 in 2008 (40% increment), while total flux increased 
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from 312 gC m-2 spring-1 in 1992 to 504 gC m-2 spring-1 in 2008 (61% increment). 

Summer-time peak rate has increased from 12.7 gC m-2 day-1 in 1992 to 16.4 gC m-2 day-1 

in 2008 (30% increment), and total flux from 572 gC m-2 summer-1 in 1992 to 760 gC m-2 

summer-1 in 2008 (34% increment). Fall-time peak rate has increased from 10.2 gC m-2 

day-1 in 1992 to 14.2 gC m-2 day-1 in 2008 (40% increment), and total flux from 253 gC 

m-2 fall-1 in 1992 to 340 gC m-2 fall-1 in 2008 (34% increment). The narrow width of the 

confidence interval compared to the wide confidence interval of the simulated soil 

moisture indicates soil moisture does not play a significant role on regulating carbon 

uptake in the study area, which is an area primarily not under water-stress (Urbanski et al., 

2007). High frequency (daily scale) reductions in GPP in the middle of the maturity 

seasons were well captured as shown in the daily scale plot. The prescribed phenological 

timings were mostly consistent with the timings of the green-up and dormancy GPP flux 

data, except for the significant difference of green-up timing in 2007. 

The simulated GPP showed a high capability in capturing the intensity and the 

pattern of the GPP at EMS for seventeen years both at the daily and monthly scales 

(Figure 3.10a; r=0.93 at daily scale and r=0.98 at monthly scale). Model performance was 

stable throughout the study period without either an improving or deteriorating tendency 

in the performance over the whole study period (Figure 3.10b; r=0.94 between 1992 and 

1995; r=0.94 between 1996 and 1999; r=0.93 between 2000 and 2003; r=0.93 between 

2004 and 2008).  
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Figure 3.9. GPP simulation at EMS-patch (a) Daily scale temporal plot. Gray area 

indicates 95% confidence intervals. Dots are GPP at EMS-tower. Vertical lines are the 

prescribed phenological timings (growing-up, maturity, senescence, and dormancy) (b) 

Monthly scale temporal plot. Black diamond represents mean of the 95% confidence 

interval, and red circle indicates monthly-total GPP at EMS-tower. 
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Figure 3.10. GPP simulation scatter plots of model versus observation (a) during the 

entire study period at daily and monthly scales (b) during the subdivided periods with the 

least square regression line in solid red  
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The average carbon uptake at the HEM-patch (Figure 3.11) during the growing-

seasons (July-September) between 2004 and 2008 was simulated as 6.0 gC m-2 day-1, 

while observed as 5.9 gC m-2 day-1. In 2006, GPP was observed as 10.9 gC m-2 day-1, 

while simulated GPP is 9.7 gC m-2 day-1. There are limited amount of GPP data available 

at HEM site, but the simulated GPP showed high agreement with the observed GPP at the 

HEM-tower (r=0.89).  

 

 

Figure 3.11. GPP simulation at HEM-patch. (left) Daily scale temporal plot. Gray area 

indicates 95% confidence intervals. Dots are GPP at HEM-tower (right) scatter plot of 

model versus observation daily scale with the least square regression line in solid red. 
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Evapotranspiration (ET) 

 The simulated ET profile at the EMS-patch generally followed the simulated GPP 

profile (Figure 3.12a), which indicates strong coupling between carbon and water 

exchanges under the control of stomata. The peak rate of the simulated ET in July 2004 

was 5.6 mm day-1 and monthly mean rate was 4.25 mm day-1. Hadley et al. (2008) took 

the weekly mean value of the daily LPH-tower measurements, and estimated the peak 

rate from the red oak forest as 4.3 mm day-1 (σ=0.7 mm day-1) in July 2004 that is 

comparable to the monthly mean rate of the simulated ET. Strong evaporative fluxes 

during winter and early string in 1996, 1997 and 2008 were not well represented in the 

simulation. The simulated ET was not able to be evaluated at longer timescales (monthly, 

seasonal, and annual scales) because of the unevenly distributed gaps. Overall 

performance at the daily timescale is generally acceptable (r=0.90 in Figure 3.12b), 

showing neither improving or worsening performances over the whole study period 

(Figure 3.12c; r=0.89 between 1992 to 1995; r=0.93 between 1996 to 1999; r=0.9 

between 2000 to 2003; r=0.87 from 2004 to 2008).  

The increment trend in the seasonal ET from 1992 to 2008 was different from the trend in 

GPP (Figure 3.13). Peak rate values during all seasons did not show any significant 

growth. Mean rate during spring and summer times has increased significantly between 

2000 and 2008. 
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Figure 3.12. ET simulation at EMS-patch (a) Daily scale temporal plot. Gray area 

indicates 95% confidence intervals. Dots are water vapor flux measured at EMS-tower. 

Vertical lines are the prescribed phenological timings (growing-up, maturity, senescence, 

and dormancy) Scatter plots of model versus observation with the least square regression 

line in solid red (b) during the entire study period (c) during the subdivided periods  
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Figure 3.13. Distribution of number of days of the simulated ET during spring-time, 

summer-time, and fall-time in 1992, 2000, and 2008 

 

 Simulated ET at the HEM-patch showed a good correlation with the observed ET 

(r=0.88; Figure 3.14). Simulated ET at HEM-patch has wider confidence boundaries 

compared to EMS-patch, which implies that hemlock forest is more sensitive to the soil 

moisture status than red-oak stands. Simulated evaporative flux during dormancy seasons 

is noticeably higher than simulated ET at the EMS-patch. The peak rate of the simulated 

ET in July 2004 was 4.4 mm day-1 and monthly mean rate was 3.0±0.03 mm day-1, which 

is 30% higher than 2.3±0.5 mm day-1 estimated by Hadley et al. (2008) that took weekly 

mean value of the daily HEM-tower measurements in the period. 

 

 
Figure 3.14. ET simulation at HEM-patch (left) Daily scale temporal plot. Gray area 

indicates 95% confidence intervals. Dots are water vapor flux measured at HEM-tower. 

(right) scatter plot of model versus observation daily scale with the least square 

regression line in solid red. 
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3.4.4. Annual magnitudes and long-term trends of carbon and water fluxes 

At canopy scale 

 Simulated annual GPP and ET fluxes at EMS and HEM patches were presented 

along with the observed annual GPP at EMS-tower and the basal area increments 

depending on the footprint-dominant vegetation type (deciduous trees for EMS-patch and 

coniferous trees for HEM-patch)  (Figure 3.15). Long-term trends were estimated using 

the nonparametric Spearman Rho’s test (H0:null hypothesis-all the data in the time period 

are independent and identically distributed ; H1:alternative hypothesis-increasing or 

decreasing trends exist in the data in the time period) at the 5% significant level.  

Trends, coefficients, and significances are summarized in Table (3.5).  

The simulated annual GPP showed high agreement with the observed GPP in the 

respect to correlation (r=0.78 and rmse=109.7 gC m-2 year-1 in Figure 3.15) as well as 

with respect to increasing trends. The observed annual GPP at the EMS-tower has 

increased significantly over the study period from 1170 gC m-2 year-1 in 1992 to 1600 gC 

m-2 year-1 (about +27 gC m-2 year-1 per year). The simulated annual GPP captured the 

increasing rate, +30.2 gC m-2 year-1 per year, from 1140 gC m-2 year-1 in 1992 to 1620 gC 

m-2 year-1 in 2008 (Figure 3.16). Mean GPP flux during the study period was 1410 gC m-2 

year-1 (σ= 165 gC m-2 year-1). The observed GPP deviated from its own growth trend in 

years 1993, 1998, 2001, 2004, and 2005 (called “anomalies” in this study). It is 

noticeable that the simulated GPP does not account for the negative GPP anomalies in 

1998 and 2005, but it did simulate the full magnitude of the positive anomaly in 2001 and 

half magnitude of the positive anomaly in 2004. The model also overestimated carbon 
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uptake in the normal years (1999 and 2002) by 15%. The observed BAI of deciduous 

trees also showed an increasing trend between 1999 and 2008 at a significant level (+1.63 

cm2 year-1 per year). In 2006, BAI dropped to 4.1 cm2 year-1 due to the significantly 

decreased GPP in 2005, showing the one-year lagged effect of the fixed carbon at the leaf 

level being allocated to the aboveground woody biomass. Simulated ET at the EMS-

patch has also increased at a small but significant rate (+6.77 mm year-1 per year) . Mean 

ET flux during the study period was 516 mm year-1 (σ= 47mm year-1).  

The simulated annual GPP at the HEM-patch has increased over the seventeen 

years from 985 gC m-2 year-1 in 1992 to 1030 gC m-2 year-1 in 2008 at an increasing rate 

(+5.8 gC m-2 year-1 per year) that is smaller compared to EMS-patch, but the increasing 

trend was statistically significant. Mean GPP flux during the study period was 1020 gC 

m-2 year-1 (σ= 50 gC m-2 year-1). The increasing trend of the observed BAI of coniferous 

trees (+0.79 cm2 year-1 per year) was almost half that of the deciduous trees and the trend 

was also significant (p<0.01). Simulated ET showed a significantly increasing trend at a 

small rate (+3.87 mm year-1 per year) with weak linearity (r=0.56). Mean ET flux during 

the study period was 502 mm year-1 (σ= 35mm year-1). 
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Figure 3.15. Scatter plot and 

regression analysis of (a) 

observed annual GPP at EMS-

tower versus simulated annual 

GPP at EMS-patch 

 

 

 

Figure 3.16. Annual flux and long-term trends in annual GPP, ET and basal area 

increment at (top) EMS-patch and (bottom) HEM-patch. Black dots are the means of 

95% confidence intervals (gray area) of simulated GPP, red circles are annual GPP at 

EMS-tower. Brown squares are basal area increments. Light-blue bars are simulated ET. 

Vertical lines are 95% confidence intervals of ET. Solid lines are the regression lines 

estimated using Spearman Rho’s test (slopes, correlation coefficients, and significances 

are summarized in Table 3.5) 
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At catchment scale 

The simulated water fluxes (ET and streamflow) at the catchment scales were 

evaluated using the precipitation measurements. At both catchments, the sum of the 

simulated fluxes showed good agreement with the precipitation amounts (r=0.89 at BBC 

and r=0.87 at NBC in Figure 3.17), indicating that the annual total water mass was well 

balanced at both catchments.  

At BBC (Figure 3.18a), the simulated annual GPP has increased over the 

seventeen years by 27% (from 907 gC m-2 year-1 in 1992 to 1152 gC m-2 year-1 in 2008) 

at a rate (+15.71 gC m-2 year-1 per year) showing significant and linear trend (p<0.0001; 

r=0.88). The simulated ET also exhibited significant and linear increasing trend as well 

(+5.68 mm year-1 per year; p<0.01; r=0.7). At NBC (Figure 3.18b), the simulated annual 

GPP has increased over the seventeen years by 27% (from 843 gC m-2 year-1 in 1992 to 

1193 gC m-2 year-1 in 2008) at a rate (+22.12 gC m-2 year-1 per year) showing significant 

and linear trend (p<0.0001; r=0.91). The simulated ET also exhibited a significant and 

linear increasing trend as well (+8.71 mm year-1 per year; p<0.0001; r=0.84)  
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Figure 3.17. Scatter plots and regression analysis of 

the observed precipitation in the water years versus 

the sum of simulated ET and streamflow in BBC 

(green dots and lines) and in NBC (orange dots and 

lines) 

 

 

 

 

Figure 3.18. Long-term trends of catchment-scale GPP and ET at (a) BBC and (b) NBC. 

Black dots are the means of 95% confidence intervals (gray area) of simulated GPP. 

Light-blue bars are simulated ET, and streamflow is expressed in green bars (BBC) and 

orange bars (NBC). Vertical lines are 95% confidence intervals of simulated streamflow 

and ET. Solid lines are the regression line estimated using Spearman Rho’s test (slopes, 

correlation coefficients, and significances are summarized in Table 3.5) 
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Table 3.5. Long-term trends in annual fluxes from 1992 to 2008 at patch scales and 

catchment scales 

Field data based estimations EMS-tower HEM-tower  

GPP (gC m-2 year-1 per year) 
 +27.24*** 

(0.81) 
NaN 

regression slope 

(correlation coefficient) 

 
Basal area increment  

from 1999 to 2008 

(cm2 year-1 per year) 

    +1.63* 

     (0.62) 

    +0.79** 

     (0.75) 

 

Simulated fluxes EMS-patch HEM-patch BBC NBC 

GPP (gC m-2 year-1 per year) 
 +30.20*** 

    (0.90) 

+5.80* 

(0.58) 

+15.71*** 

(0.88) 

+22.12***

(0.91) 

ET (mm year-1 per year) 
  +6.77** 

(0.73) 

+3.87** 

(0.56) 

+5.68** 

(0.70) 

+8.71*** 

(0.84) 

Significance (p-value): ***p<0.0001   **p<0.01   *p<0.05 

 

 

3.5. Discussion and conclusion  

In this study, we simulated the carbon and water cycles in the Harvard Forest 

using a spatially-distributed process-based ecohydrological model (RHESSys), which 

was applied to a mixed forest e ecosystem in the northeastern United States for the first 

time. The performance of RHESSys at different spatio-temporal scales, from daily to 

annual time scale and from plot-scale to catchment scale, was validated for the two major 

forest types separately (deciduous forest and coniferous forest) and also for  two mixed 

forest catchments during the study period of 17 years (1992-2008).  The validation data 

included quantitative and qualitative data that has been collected in support of Harvard 

Forest’s role as a  Long Term Ecological Research (LTER) site: these include catchment 
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streamflow data, soil moisture and respiration measurements, LAI measurements, and 

GPP and ET flux data. 

 In the study area, the carbon uptake by predominantly deciduous forests 

(represented as the EMS-patch in the result) is much more variable as compared with 

coniferous forests (represented as the HEM-patch in the result). The deciduous forests 

had higher carbon uptake and variability (Figure 3.19), along with a six times higher 

increasing trend (Table 3.5). The GPP increment of the deciduous forests at the study site 

is considerably higher for the mid-successional (70-100 years-old) temperate deciduous 

forests that have already passed their initial rapid growth period (Ryan et al., 1997). 

However, this acceleration of gross productivity might be explained by the metabolic 

scaling theory that mass growth rate would increase continuously as tree grows (Enquist 

et al., 1999). Aboveground woody biomass of red oaks at the Harvard Forest is mostly 

between 0.1Mg and 1Mg (estimated from the DBH measurements and the allometric 

equation: Harvard Forest LTER archive ID: hf069-15. Munger & Wofsy, 1999), which is 

the critical mass range at which the rapid increase in growth rate starts (Stephenson et al., 

2014).  This could imply that the carbon update by the deciduous forests at the Harvard 

Forest may now start to increase significantly as the old trees gain more mass if there is 

no external factor causing mortality.  

The behaviors of the water fluxes from deciduous and coniferous forests are 

different from the carbon fluxes (Figure 3.19). The flux from the deciduous forest was 

slightly higher, 14 mm year-1 in average, compared to the coniferous forest (mean ET 

between 1992 to 2008: 516 mm year-1 at the EMS-patch, 502 mm year-1 at the HEM-
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patch, 535 mm year-1 at BBC, and 524 mm year-1 at NBC) with a very small increment 

over the study period (Table 3.5). The interannual variation (σ= 47 mm year-1 at the 

deciduous forest; σ= 35 mm year-1 at the coniferous forest) was small compared to the 

interannual variations in precipitation (σ= 185 mm). This confirms the concept of the 

“conservative” pattern of the ET flux in that the magnitude of decrease in ET due to 

water-stress during dry years is comparable to the amount of decrease in ET by other-

resource-stresses in non-dry years at a canopy-level (Stoy et al., 2006; Oishi et al., 2010). 

For example, limited-light and lower-temperature due to the increased number of cloudy-

days during growing season would result in an annual ET conservative at an annual scale. 

This conservative behavior was also reported in other temperate broadleaf forests (Stoy et 

al., 2006; Oishi et al., 2010). For example, even though there was a significant reduction 

in GPP in 2005 when the growing-season precipitation was largest during the study 

period, the annual ET remained at the mean level, showing the conservative behavior of 

the forest. These conservative water fluxes from both forests, as a result, resulted in an 

annual streamflow highly correlated with the precipitation (r=0.83 at BBC, r=0.78 at 

NBC; Figure 3.20). 
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Figure 3.19. Annual GPP and ET from 1992 to 2008 at EMS-patch and HEM-patch  

 

 

Figure 3.20. Scatter plot and regression analysis of observed annual precipitation versus 

simulated annual ET at both patches and catchments. Spatial scales (patches and 

catchments) are distinguished by color, and fluxes by symbol.  

 

In this mesic forest, it is hard to assess the impact of drought on the carbon and 

water cycles. The water use efficiency of coniferous forests, 1.01 gC kgH2O
-1, might 



 

 

96 

indicate that the carbon uptake by coniferous forests in the study area would be more 

sensitive to drought events. Mean water use efficiency (slope of the linear regression in 

Figure 3.21) of deciduous forests over the study period was 3.2 gC kgH2O
-1 that falls in 

the range of the inherent water efficiencies between 1992 and 2010 estimated only using 

tower flux and VPD measurements (20-50 gC kgH2O
-1 hPa; Keenan et al., 2013; VPD 

during growing season is about 10 hPa). Mean water use efficiency of coniferous forests 

for the same period was 1.01 gC kgH2O
-1 that is smaller than 30 gC kgH2O

-1 hPa between 

2005 and 2010 (Keenan et al., 2013).  

 

Figure 3.21. Scatter plots and regression analysis of annual GPP compared to annual ET 

at EMS-patch (colored circle) and HEM patch (colored triangle). Each year is colored in 

unique color. 

 

It should be noted that there are a number of uncertainties that this study might 

not be fully accounted for. One of the critical inputs, precipitation, contains significant 

uncertainty in quantity as well as quality (snow or rain). Depending on the type of gauge, 
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up to 40% of the snow fall could be not measured at a wind speed of 2.5 m second-1 

(Yang et al., 1998). Snow amount determines soil moisture as well as soil temperature in 

the early spring, controlling springtime vegetation physiology. More analysis should be 

undertaken about the effect of uncertainties in the snow observations on the modeling 

result.  

The uncertainties in the field-measured data should also be considered for a fair 

evaluation on the model performance. It is inevitable for field-data to have a wide-range 

of uncertainties that can be even as large as the order of the data. Tower- measured NEE 

with the eddy-covariance method can have uncertainties as high as ±50% of the measured 

flux or even larger (Keenan et al., 2011). The tendency of these uncertainties is 

heteroscedastic (increasing magnitudes when the flux magnitude increases) rather than 

constant, and also varies over time (Richardson et al., 2008). Water (energy) fluxes are 

also subject to significant uncertainties as well. Hollinger and Richardson (2005) stated 

that the stochastic nature of turbulence could induce 20% of uncertainty in latent heat 

flux and 20% in sensible flux. 

 This study only calibrated hydrological variables, adapting physiological 

parameters from previous studies and field measurements. Although inherent 

uncertainties in the hydrological variables were represented as the confidence intervals, 

extensive and robust tests about the uncertainties in the other parameters and model 

sensitivity to those parameters should be followed as more field-data becomes available 

for future research. 
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APPENDIX 

Phenological timing estimation 

Ground-based visual observation data was adapted to append phenological indices 

to the developmental stage of the northern hardwood forest : leaf-sizes during spring and 

leaf-colorizations during autumn from 1992 to 2008 (Harvard LTER archive-ID: hf003-

03 and hf003-04 : O’Keefe, 2000.) The percentage size of leaves of three dominant 

species, northern red oak (Quercus rubra L.), red maple (Acer rubrum L.) and yellow 

birch (Betula alleghaniensis L.), relative to their final size (hf003-03.LFIN) was 

converted into spring phenological index from 0 to 1, and the percentage of discolored-

leaves on the same tree (hf003-04.LCOLOR) was converted into autumn phenological 

index from 1 to 0.  

 A piecewise logistic function (Eq. A3.1) was adapted to build a phenology model 

describing the temporal pattern of the spring and phenological indices of the individual 

year (Zhang et al., 2003). 

                                  𝐼(𝑡) = [ 𝐼1(𝑡), 𝐼2(𝑡) ] 

= [ (
𝑐1

1+𝑒𝑎1+𝑡∙𝑏1
 + d1) , (

𝑐2

1+𝑒𝑎2+𝑡∙𝑏2
 + d2) ]                           (A3.1) 

where t is the day of year (DOY) in spring and autumn of each year, a1 and b1 are the 

fitting coefficients for spring phenology model (I1) and a2 and b2 are the fitting 

coefficients for the autumn phenology model (I2) for the year. The constants, c1 and c2, 

decide the amplitudes and the slopes of the model, and d1 and d2 are the minimum 

phenological indices (therefore, c1=1, c2= -1, d1=d2=0 by the definition of the 
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phenological index in this study). The fitting coefficients (a1, a2, b1 and b2) were 

estimated using the nonlinear regression function, nlinfit, in Matlab (Matlab R2013a, 

MathWorks Inc., Natick, MA) by finding the parameter set having the least sum of 

squared residuals (SSR) among 5000 iterations or the parameter set of having the SSR 

below the default threshold, 10-8. The fitted logistic functions are shown in Figure A3.1.   

 Phenological transitional timings (green-up, maturity, senescence and dormancy) 

were defined as the dates when the fitted phenology profile, I1 or I2, starts to show a rapid 

and sustained increase or decrease tendency. Therefore, the timings can be found in a 

robustly objective manner as the dates when the curvature (κ, Eq.A3.2) of the fitted 

phenology model has the greatest changes (Zhang et al., 2003). 

                  κ(t) = 
𝑑2𝐼(𝑡)

𝑑𝑡2  

= [ 
𝑑2

𝑑𝑡2 (
1

1+𝑒𝑎1+𝑡∙𝑏1
) ,  

𝑑2

𝑑𝑡2 (
1

1+𝑒𝑎2+𝑡∙𝑏2
) ]                       (A3.2) 

The rate of the curvature change (dκ(t)/dt) has the local minimum and maximum values 

when the second derivative of the curvature (d2κ(t)/dt2), which is equivalent to the forth 

derivative of the phenology model, becomes zero (Eq. A3.3). The analytical solutions of 

the fourth derivative of the phenology model (Hwang, 2010) are the transitional timings 

(tG, tM, tS,and tD in Eq. A3.4, Figure A3.1): 

𝑑2𝜅(𝑡)

𝑑𝑡2  = 
𝑑4𝐼(𝑡)

𝑑𝑡4  = 0  at  t = [ 𝑡𝐺 , 𝑡𝑀 , 𝑡𝑆, 𝑡𝐷 ]                               (A3.3) 

where  [ 𝑡𝐺 , 𝑡𝑀] = 
𝑙𝑛(5∓2√6)−𝑎1

𝑏1
 ,  [ 𝑡𝑆, 𝑡𝐷] = 

𝑙𝑛(5∓2√6)−𝑎2

𝑏2
                 (A3.4) 
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Figure A3.1. Schematic diagram of estimating phenological transitional timings. Spring 

and autumn phenological indices (green circle and brown diamond) using the ground-

based visual observations in 2008 (hf003-03, hf003-04). The black thick line is the fitted 

logistic phenology model (Eq. A3.1). The solutions of the forth derivative of the fitted 

model (thin black line on the top) are the phenological transitional timings (Eq. A3.4) 

expressed as vertical dash lines (tG, tM, tS, tD).  

 

 Phenological transitional timings from the seventeen years from 1992 to 2008 

were estimated by repeating the above method for each year individually (Figure A3.2), 

and identifying the  interannual variations in the timings (Figure A3.3). These interannual 

phenological timings were incorporated in the parameterization of the deciduous and 

mixed forest (Table 3.3). 
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Figure A3.2. Schematic diagram of estimating phenological transitional timings from 

1992 to 2008. Setup is the same as Fig A2.1. Spring and autumn phenological indices 

(green circle and brown diamond) using the ground-based visual observations (hf003-03, 

hf003-04). The black line is the fitted logistic phenology model (Eq. A3.1), and the 

phenological transitional timings (Eq. A3.4) expressed as vertical dash lines (tG, tM, tS, tD).  
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Figure A3.3. Temporal plot of phenological timings from 1992 to 2008.  
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Chapter 4. Simulating hydrological impact of Hemlock woolly adelgid 

(Adelges tsugae) damage on downstream freshwater yield: early 

assessment using a distributed ecohydrological model 

  

4.1. Introduction  

The hemlock woolly adelgid (HWA), Adelges tsugae Annand, is an invasive 

destructive pest in the eastern United States, first reported in Richmond, Virginia in 1951 

(Evans, 2004). A HWA inserts its long, thin, flexible stylet into the base of a hemlock 

needle and feeds on nutrients in the xylem ray parenchyma cells of the needle (Havill et 

al, 2014). HWA has a two-generations per year life cycle in North America, increasing its 

population at an explosive growth rate, resulting in as many HWA as there are needles in 

just a few years. The infested hemlock starts to be covered by a white woolly coating at 

the base of its needles, accompanied by a number of symptoms (such as discoloration, 

desiccation, and a gradual loss of needles) and eventually the tree dies within 4-15 years 

(Evans, 2004; Stadler et al., 2005). 

HWA is not considered  a destructive pest in its native habitat (Japan) or in the 

western North America where it was first sighted in the early 1920s. Mountain hemlock 

(Tsuga mertensiana) and western hemlock (Tsuga heterophylla) from northern California 

to southeastern Alaska have not exhibited significant mortality. However, eastern 

hemlock (Tsuga Canadensis) in the northeastern United States and Carolina hemlock 

(Tsuga caroliniana) in the southern Appalachian Mountains have shown little or no 

resistance to the insect, and these hemlock populations have substantially declined over 
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the past few decades as HWA has gradually spread out of its initial infestation area 

(Ellison et al., 2010; Evans & Gregoire, 2007; Stadler et al., 2005). Starting from Virginia 

in 1951, HWA has spread at an average rate of 12.5-20.8 km/year (Evans & Gregoire, 

2007), marching up to southern New England by 1985, covering 40% of Massachusetts 

by 2000 (Orwig et al., 2008), and currently affecting about half of the entire eastern 

hemlock forests in the northeast (Havill et al., 2014). 

Eastern hemlock is the most dominant conifer along the riparian area in the 

northeast mountainous region, a so called “foundation species” (Orwig et al., 2008; 

Webster et al., 2012). This long-lived and shade-tolerant tree plays a unique and crucial 

role in northeastern ecosystems. Its dense canopy casts deep shade that creates cool and 

moist microclimates underneath the canopy, controlling biogeochemical cycles on the 

ground as well as in the soil (Eschtruth et al., 2013). Various kinds of studies have been 

conducted to investigate what changes the HWA-induced hemlock loss result in: changes 

in the microclimate and transitions such as understory light level, throughfall amount and 

chemical properties, soil and streamflow temperature, and soil and litter decomposition 

(Finzi et al., 2014; Orwig & Foster, 1998; Stadler et al., 2005; Webster et al., 2012). 

There are also studies assessing the impact of species composition change in the future on 

the carbon, water, and nitrogen cycles if hemlock stands are replaced by black birch 

(Betula lenta) in the northeast region and by great laurel (Rhododendron maximum) in the 

southern Appalachian (Brantley et al., 2013; Finzi et al., 2014; Jenkins et al., 1999; 

Stadler et al., 2005; Webster et al., 2012).  
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The loss of foundation species would alter hydrological cycle of northeastern 

ecosystems in several different ways (Adams et al., 2012; Brantley et al., 2014). The 

foremost and significant change would be reductions in transpiration due to the loss of 

canopy that would also alter the precipitation partitioning (i.e. decrease of interception 

and increase of throughfall). With increased solar radiation and wind through a more 

open canopy, evaporation on the ground surface would also be increased (Adams et al., 

2012; Royer et al., 2011; Royer et al., 2010). Snow intercepted by needles usually has a 

higher sublimation rate compared to snowpack on the ground, therefore the amount of 

snowpack as well as the subsequent snowmelts in the early spring will be highly 

disturbed in snow-dominated regions (Adams et al., 2012; Boon, 2012). Besides the 

transitions listed above, a number of subsurface changes may occur simultaneously and 

also in subsequent periods (e.g. changes in soil moisture, dynamics of groundwater 

recharge and downstream freshwater yield). For example, Bearup et al. (2014) reported 

groundwater contribution to streamflow was increased after insect infestations (mountain 

pine beetle in the Rocky Mountain area), indicating that the loss of transpiration affected 

the entire hydrological processes. 

The impact of HWA infestation on the downstream freshwater yield in the 

northeastern United States is particularly important for those regions that rely heavily on 

fresh surface water from the forested catchments for their human water use (Brantley et 

al., 2014; Vose et al., 2011), but poorly understood. Most of previous insect-infestation 

studies has focused on assessing the changes in the water yield resulting from the 

mountain pine beetle outbreaks in the Midwest United States and in Canada (reviewed in 
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Mikkelson et al., 2013), yet the impact of HWA on the water yield in the northeastern 

United States has been rarely investigated. One very recent study has reported that annual 

streamflow decreased after a HWA infestation, while storm-peak flow increased in the 

catchment in the southern Appalachian where eastern hemlocks cover 6% of catchment 

basal area (Brantley et al., 2014), which is opposite to the previous studies suggesting 

that streamflow of the insect-infested catchment would be increased because of the 

reductions in evapotranspiration (Adams et al., 2012; Ford et al., 2007; Mikkelson, 

Bearup, et al., 2013). Other previous HWA studies have mostly focused on measuring 

sap flux, leaf water potential, and leaf gas exchange rate to assess the hydraulic impact of 

HWA on a single tree (Brantley et al., 2013; Domec et al., 2013; Ford & Vose, 2007). 

These plot-scale measurements might have had difficulties in  estimating the changes in 

the downstream freshwater yield from a catchment especially from those catchements 

having heterogeneous landscapes with mixed forests (Bearup et al., 2014). 

The change in downstream freshwater yield from an insect-infested catchment 

with a landscape composed of multiple different species is the consequence of combined 

changes in the hydrological processes of  each individual species and the water exchange 

among species and  are connected through lateral surface runoff and subsurface runoff 

(Bearup et al., 2014; Mikkelson, Bearup, et al., 2013). Spatially-distributed process-based 

ecohydrological models, therefore, are particularly  appropriate to disintegrate these 

combined effects into individual process (e.g., transpiration, evaporation, intercept, 

snowpack and snowmelt, etc) at different spatial scales (i.e., stand-scale as well as 

catchment-scale), which may  not be fully assessed with previous empirical approaches 
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such as the temporal analysis of a single catchment and paired-watershed studies 

(Bethlahmy, 1974; Brantley et al., 2014; Guardiola-Claramonte et al., 2011; Livneh et al., 

2015). Recently there have been increased  efforts to estimate the impact of insect 

infestation on downstream freshwater yield with hydrologic models (Livneh et al., 2015; 

Mikkelson et al., 2013), but the impact of HWA infestation in the northeastern region has 

not yet been investigated. 

In this study, we scale up the stand-scale hydraulic failure caused by an HWA 

infestation into catchment-scale hydrological changes, focusing on the changes in the 

freshwater yield from a headwater catchment with mixed-species land cover. We first 

report HWA infestation conditions and the vigor conditions of eastern hemlocks in 2009 

(early stage of the HWA infestation) and in 2014 in the study site, the Harvard Forest. A 

simplified representation of the hydraulic failure by the HWA infestation was calibrated 

using field data and incorporated into a spatially-distributed process-based 

ecohydrological model. We assess the changes in the freshwater yield caused by the 

HWA infestation using model estimates as well as field data. 

 

4.2. Methodology 

4.2.1. Study site 

The main study site is the Bigelow-Brook (BB) headwater catchment (outlet: 

Bigelow lower pipe at 42.53901°N, 72.17201°W. Figure 2.1a) on the Prospect Hill Tract 

in the Harvard Forest. The forest experiences a cool and moist temperate climate with an 

annual mean temperature of 8.5 °C, ranging from -7 °C in January to 20 °C in July. Mean 
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precipitation is approximately 1100 mm distributed evenly throughout the year, 25% of 

which is snow (Xu et al., 2012). Topography in the catchment is moderate, varying from 

365 m to 415 m above sea level. Soils are mostly well-drained sandy-loam types 

(Berkshire-Marlow association and Peru-Marlow association in USDA-NRCS soil 

survey database) with about 3 m-depth from the gneiss and schist bedrock (Currie et al., 

1996; Xu & Saiers, 2010). There are very poorly drained woody wetlands (Bucksport and 

Wonsqueak mucks in the USDA-NRCS soil survey database) at the lower edge of the 

catchment representing about 7% of the total area. 

The forest is a hardwood - white pine - hemlock transitional region mainly 

dominated by red oak (Quercus rubra), red maple (Acer rubrum) and eastern hemlock 

(Tsuga canadensi), and also some black birch (Betula lenta) and white pine (Pinus 

strobes). In the catchment, eastern hemlock dominates the coniferous forest on the west-

facing hill, encompassing about 44% of the catchment area (Figure 2.1b; Harvard Forest 

Data Map: 1986-1993 Stand Boundaries; http://cga-5.hmdc.harvard.edu/forest/). An 

adjacent Nelson-Brook (NB) headwater catchment (outlet: Nelson big-weir at 

42.53492°N, 72.18661°W. Figure 2.1a) includes another hemlock-dominated forest on its 

north-facing hill, making up about 25% of that catchment area. This study focused on the 

streamflow change in the BB catchment assuming that the hydrological processes in the 

catchment have been more affected by the HWA-induced hemlock loss relative to the NB 

catchment with less of a hemlock-dominated conifer forest. However, the NB catchment 

was used to serve as the reference catchment in a comparative analysis. The Hemlock 

tower (Fluxnet site code: US-Ha2, hereafter "HEM-tower") was built at the northern edge 

http://cga-5.hmdc.harvard.edu/forest/
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of the hemlock-dominated forest in the NB catchment. The HEM-tower measures carbon 

dioxide and water vapor flux exchanges between the forest and the atmosphere and data 

from June 2004 to July 2014 was used in this study.  

 

4.2.2. Data overview 

Tree inventory 

 A 0.72 ha (120 m × 60 m) sampling plot (northwest corner: 42.538306°N, 

72.179028°W) was set up in 1990 in the hemlock-dominated forest in the NB catchment 

(Harvard forest dataset ID: HF031-01; Foster & Plotkin, 1999). Standardized sampling 

procedures that inspect for the presence or absence of HWA on two branches per stand 

for all the sample stands (Costa et al., 2006) were  performed on 49 eastern hemlock 

stands in 2009 and for 41 eastern hemlock stands in 2014, and only stands that were 

inspected in both 2009 and 2014 were used to compare the infestation rates in 2009 and 

2014, 29 stands in total. 

Visual inspection of stand condition (dead or living) as well as vigor status in 

1993, 1999, 2009, and 2014 were used in this study (Harvard forest dataset ID: HF031-01; 

Foster & Plotkin, 1999). Vigor index 1 refers to a healthy stand with the foliar loss less 

than 25%, vigor index 2 to 25%-50% of foliar loss, vigor index 3 to 50-75% of foliar loss, 

vigor index 4 to 75-99% of foliar loss, and vigor index 5 indicates a dead stand at the 

inspection time (D. Foster et al., 1999). For vigor status, only the stands observed in both 

2009 and 2014 were considered as a measure of the changes in the vigor status. In 

calculating average annual mortality rate, stands that were observed at both the beginning 
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and the end of each sub-period (i.e. from 1993 to 1999, from 1999 to 2009, and from 

2009 to 2014) were counted.  

Ground-measured LAI (Harvard forest dataset ID: HF150-01; Hadley, 2009) was 

used for model performance evaluation and also as a measure of the impact of HWA. The 

mean and the standard deviation of LAI are calculated from the measurements along two 

transects with compass bearings of 195° and 225° that cut through the hemlock-

dominated forest (Hadley et al., 2002). LAI in May 2012 was excluded which was 

measured around at noon under the direct sunlight, while others were measured at dawn 

or dusk. 

 

Water flux estimates 

This study used half-hourly water vapor flux (FH2O, equivalent to ecosystem 

evapotranspiration, ET) measurements using the eddy-covariance technique (Baldocchi et 

al., 1988) from 2004 to 2014 at the HEM-tower (Harvard forest dataset ID: HF103-03; 

Hadley, 2003). This dataset is open for public research and available at the website 

(http://harvardforest.fas.harvard.edu/data-archive). Since the landscape around the HEM-

tower is quite heterogeneous due to a nearby red oak-dominated forest and woody 

wetland, flux data only from the hemlock-dominated forests (wind direction between 190 

and 225 degree) were accepted (11% of total available data). ET flux data on the rainy 

days and the day after rain were removed to prevent any unpredictable bias resulting from 

rainfall (Loescher et al., 2005). Such unpredictable results include a rapid change in 

pressure inside the gas tubes due to the sudden cooling of the skin by the rain drops, 

http://harvardforest.fas.harvard.edu/data-archive
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interference by water droplets on the anemometer affecting pulse times, and moisture 

inside the electronic instruments producing electrical noise (Hadley et al., 2002). Instead 

of filling the unevenly distributed gaps using an empirical model, the mean value of the 

daytime measurements (11am and 3pm) was taken as the representative daily flux (mm 

hour-1, hereafter “ETday”). 

Daily streamflow estimates have been provided since December 2007 (Harvard 

forest LTER archive ID: hf070-03. Boose, 2007), and the record of estimates for 7 years 

between January 2008 and March 2015 were used in this study. Daily streamflow 

estimates were converted to area-normalized streamflow by dividing the drainage areas 

(BB catchment: 0.6 km2, NB catchment: 0.58 km2). Drainage areas were delineated using 

r.water.outlet module in GRASS GIS 6.4.3 (GRASS Development Team, 2012). Daily 

streamflow was aggregated to monthly streamflow (mm month-1) and annual streamflow 

(mm year-1). 

 

Meteorological data 

 Daily meteorological data (maximum, minimum and average temperature and 

precipitation) from Fisher station (42.53311°N, 72.18968°W. Figure 2.1a; Harvard forest 

LTER archive ID: hf001. Boose, 2001) was utilized for both catchments. Gaps in the 

temperature data were filled by the mean temperature of the 20-years combined with the 

mean temperature of the 10-days surrounding the day without data. Gaps in precipitation 

data were filled by taking average of nearby National Climate Data Center (NCDC) 

records from four stations (GHCND Name-ID: Orange Municipal Airport-
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USW00054756, Birch Hill Dam-USC00190666, Barre Falls Dam- USC00190408). Daily 

atmospheric CO2 mixing ratio was incorporated into the model by taking daily mean 

value of the atmospheric CO2 concentration (parts per million:ppm) recorded at the HEM 

tower every 30 minutes (Harvard forest dataset ID: HF103-03; Hadley, 2003). Abnormal 

peaks and drops (>420 ppm and <340 ppm) were removed from the data. Gaps were 

filled by scaling the reference annual cycle, the average of annual cycles from 2005 to 

2013, to the long-term trend measured from the ice cores at East Antarctica (Etheridge et 

al., 1996). Additional meteorological data used in this study is as follows: daily mean 

vapor pressure deficit (VPD) estimates, daily mean wind speed above canopy measured 

by sonic anemometer on the HEM-tower (27 m, 5 m-above average canopy top), daily 

total photosynthetically active radiation (PAR) above canopy (24m) (Harvard forest 

dataset ID: HF103-03; Hadley, 2003). More information about the instruments can be 

found in Hadley et al. (2008). 

 

4.2.3. Tree inventory analysis 

We first examined how much the HWA infestation had increased from 2009 to 

2014. We grouped the total sample stands which were observed in both 2009 and 2014 

(29 stands) into three infestation status categories: HWA presented on both branches 

(‘+/+’), HWA on only one branch (‘o/+’), and HWA on neither branch (‘o/o’). In each 

infestation-status category, we counted the number of stands depending on the DBH 

classes (5 classes: <15, 15-30, 30-45, 45-60, and >60 cm). To determine whether or not 

the infestation status in 2014 is significantly differed from the status in 2009, we 
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performed the chi-square analysis for the overall stands as well as for each DBH class 

using crosstab in Matlab (R2013a, The MathWorks Inc., Natick, MA).  

Stand vigor indices in 1999, 2009 and 2014 were also categorized depending on 

the DBH class. We calculated the mean vigor index for each DBH class as well as for the 

entire hemlocks. Stand vigor index in 1999 represented the initial reference stand vigor 

condition before the HWA infestation had started in the study site.  

Average annual mortality rates (% year-1) of each DBH class and of the entire 

sample of hemlocks were calculated (Eq. 4.1; Sheil et al., 1995). From the 4 years of 

stand condition data (1993, 1999, 2009, and 2014), mortality rates of 3 sub-periods were 

calculated (from 1993 to 1999, from 1999 to 2009, and from 2009 to 2014), with the 

assumption that the mortality is constant within the period. 

𝑀 = 100 [ 1 − (
𝑁𝑡2

𝑁𝑡1
⁄ )

1
(𝑡2−𝑡1)⁄

 ]                             Eq (4.1) 

where Nt1 and Nt2 are the stand counts alive at the beginning and end year, t1 and t2, 

respectively.  

 

4.3.4. Water flux change analysis 

We employed a one-way analysis of variance (ANOVA) to test for significant 

differences in the summertime ETday from 2005 to 2013 at the significance level of 0.05 

(In this study, “summertime” was defined as the fixed-period between June 1 and August 

31). Fisher’s least significant difference (LSD) post-hoc test, a set of individual t-tests 

comparing only two groups at a time and reiterating for all the possible pairs, was 
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followed to determine the years that were significantly different from the reference year, 

2009. 

The impact of HWA-induced Loss of Conductivity (LC) on the BB-catchment 

streamflow was assessed with the paired-catchment approach, one of the widely-used 

methods to examine the streamflow responses to the vegetation changes such as 

deforestation and forest type conversion within a disturbed catchment compared to a 

reference catchment that has similar characteristics of vegetation, soil, slope, aspect, and 

climate (Bates et al., 1928; Bearup et al., 2014; Brown et al., 2005). We first objectively 

sorted out the calibration period and the LC period based on the results from the LSD test 

on the summertime ETday; the calibration period when there was no significant LC-

induced reduction in the ETday and the LC period after significant ETday reduction noticed 

from the test. The calibration relationship between the monthly streamflow of the study 

catchment (BB catchment) and the monthly streamflow of the reference catchment (NB 

catchment) was estimated with a linear regression. The deviations from the 95% 

confidence intervals during the LC period were considered as statistically significant 

changes in the streamflow (Hornbeck et al., 1993). The HWA-induced annual streamflow 

change (∆𝑄𝐵𝐵) was calculated by adding up the monthly deviation in vegetation-years, 

assuming there was no significant change in the annual groundwater storage. In this study, 

a vegetation-year was defined as the period from April 1 of a year to March 31 of the 

following year. Plant starts to transpire at the beginning of the vegetation year using soil 

water that was charged during the preceding winter and consumes as much of this stored 

water as it transpires during the growing season. The soil water consumed during the 
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growing season is recharged during the following dormancy, and thus less streamflow 

generated. The vegetation year is marked with the prefix “v” (e.g., v2012: April 1, 2012 

and March 31, 2013). 

 

4.2.5. Ecohydrological Modeling 

The Regional Hydro-Ecologic Simulation System (RHESSys) is a spatially-

distributed process-based ecohydrological model to simulate carbon, water and nitrogen 

cycles (storages and fluxes) within a catchment boundary (Band et al., 1993; Tague & 

Band, 2004) using a number of algorithms evolved from several existing independent and 

specialized models: Biome-BGC (Running & Hunt Jr., 1993) for carbon and water 

processes, DHSVM (Distributed Hydrology Soil Vegetation Model; Wigmosta et al., 

1994) to explicitly represent spatially-distributed hydrologic pattern over a landscape, 

CENTURYNGAS (Parton et al., 1993; Parton et al., 1996) for enhanced nitrogen processes, 

and MT-CLIM (Running et al., 1987) to extrapolate microclimate conditions through the 

landscape depending on elevation, aspect and slope. RHESSys has been evaluated at a 

number of ecohydrological study sites across different types of ecosystems; a high-

elevation mountain watershed, a snow-dominated mountain ecosystem, a Mediterranean 

ecosystem, and deciduous-conifer ecosystems in a humid continental climate (Baron et 

al., 2000; Christensen et al., 2008; Nemani et al., 1993; Tague et al., 2009; Vicente-

Serrano et al., 2015). RHESSys also has been applied in spatially heterogeneous 

landscapes (Hwang et al., 2015; Mackay et al., 1997; Mittman et al., 2012). 
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Loss of xylem conductivity  

The exact mechanism of how an infested hemlock dies is still unknown. A 

significant depletion of nutrients (e.g. photosynthate) has been pointed out as a leading 

cause of mortality, which results from the inability of a tree to support its current 

metabolism and to generate new needles (Domec et al., 2013; Havill et al., 2014). Recent 

studies have shown that an infested hemlock develops ”false growth rings”, abnormal 

thick-walled xylem within an annual ring accompanied with traumatic resin canals, as a 

reaction to toxic HWA saliva that is injected to the tree through “the inserted stylets” 

(Domec et al., 2013; Gonda-King et al., 2012, 2014; Havill et al., 2014; Pontius et al., 

2005a, 2005b). The distinctive features of the false growth rings, traumatic resin canals 

and thick parenchyma cells, can be also found in “ring shakes”, abnormal but naturally-

occured ring structures. It has been suggested that the ring shakes result from the 

dehydration of the parenchyma cells due to sudden changes (increase or decrease) in the 

radial growth process (Koehler, 1933). Climate (temperature and wind), aging of the tree, 

as well as wounds by birds pecking for insects have been pointed out as additional 

significant causes of the sudden growth changes (Jorgensen et al., 1964; McManus et al., 

1999; Shigo, 1963). However, the false growth rings in infested hemlocks may be an 

indicator that the water transport capacity within xylem parenchyma cells is disturbed, 

causing dehydration and water stress, which likely will contribute to mortality (Domec et 

al., 2013; Havill et al., 2014; Pontius et al., 2005b). 

There are various approaches in describing individual tree mortality (Monserud et 

al., 1999; Temesgen et al., 2005). Instead of exerting direct control on the mortality, we 
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implemented the HWA-induced reductions in water transport into the model by 

embedding a simple probability function where the coefficients were calibrated with the 

response variable (i.e. the summertime-mean ETday in this study). We adapted the 

survival (reliability) function (Eq. 4.2) of the Weibull probability density distribution 

(Somers, Oderwald, Harms, & Langdon, 1980) that has been shown to be a good 

approximation for the loss of xylem conductivity (referred to as “LC” hereafter) due to 

drought (Mcdowell et al., 2013; Sperry et al., 1998):  

𝑓𝐿𝐶(𝑡) =  𝑒
−(

𝑡−𝑡0
𝜆

)
𝑘

                                 Eq (4.2) 

where t is time in years, t0 is the beginning year when the observable reduction in the 

water transport started, and λ and k are the function coefficients, scale parameter and 

shape parameter respectively. The LC function, 𝑓𝐿𝐶(𝑡), is the probability density function 

ranging from zero (no reduction in xylem conductivity) to one (complete loss of xylem 

conductivity. no water transport in the xylem cells in the tree). It is unknown exactly 

when HWA started to show up in Harvard Forest. It had not been reported until 2004 (D. 

A. Orwig et al., 2004), and then was observed in 2009 (D. R. Foster et al., 1999). We 

tried to determine t0 between 2005 and 2008 in a robust manner, by fitting the 𝑓𝐿𝐶(𝑡) in 

Eq. 4.2 from 2005 to 2008 individually using a nonlinear regression function, nlinfit, in 

Matlab (R2013a, The MathWorks Inc., Natick, MA) (Figure 4.1). It was assumed that 

there was no LC until the beginning year t0, therefore the 𝑓𝐿𝐶(𝑡) was set to one at t0. 

Example scales of the 𝑓𝐿𝐶(𝑡) in 2005 and 2008 are presented on the right-side Y-axes in 

Figure 4.1. Mean square error (MSE, colored circles in Figure 4.1) display the lowest 
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values when the LC started in 2008, so we selected those fitting coefficients as the best 

behavioral LC function parameters: λ = 8.2301 and k = 2.3541. In 2013, the 𝑓𝐿𝐶(𝑡) was 

0.62, meaning a 38% reduction in the water transport, which is close to the 40% 

reduction in the field-measured stomata conductance (𝑔𝑠) reported for HWA-infested 

eastern hemlock  (Domec et al., 2013). 

 

Figure 4.1. Summertime-mean ETday (square symbol), mean square error (MSE, colored 

circles) and the survival functions with the Weibull probability distribution, 𝒇𝑳𝑪(𝒕) in Eq. 

4.2. Y-axes for MSE and ETday are on left side, and Y-axes of the 𝒇𝑳𝑪(𝒕) in 2005 and 

2008 are on the right side, having same color with the MSE circle and the 𝒇𝑳𝑪(𝒕) 

accordingly. 

 

Stand-level water loss by transpiration (i.e. total water transportation throughout 

the xylem cells within the stand) in RHESSys is calculated using the Jarvis multiplicative 

model (Jarvis, 1976). The Jarvis model is an empirical estimates of the observed 

responses of 𝑔𝑠 to each environmental factor, assuming the impact of each factor on 𝑔𝑠 is 

independent to the other.  Since there is no data yet to quantify the dynamics of LC 

depending on the environmental factors, we assumed the HWA-induced LC is 

independent of any other environmental factor over the study period. We multiplied the 
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𝑓𝐿𝐶(𝑡) to the exiting multiplicative model (Eq. 4.3), and executed it only for the hemlock-

dominated coniferous forests.  

𝑔𝑠 = 𝑓𝑑(𝐴𝑃𝐴𝑅) ∙ 𝑓𝑑(𝐿𝑊𝑃) ∙ 𝑓𝑑(𝑉𝑃𝐷) ∙ 𝑓𝑑(𝑇𝑎𝑣𝑔) ∙ 𝑓𝑑(𝑇𝑚𝑖𝑛) ∙ 𝑓𝐿𝐶(𝑡)      Eq (4.3) 

where APAR, LWP, and VPD stand for the absorbed photosynthetically active radiation, 

leaf water potential, and vapor pressure deficit, respectively. Tavg and Tmin are daily 

average and minimum temperatures respectively. It should be noted that 𝑔𝑠 is calculated 

every day with the daily environmental factors accordingly (we run the model at a daily 

scale), while the 𝑓𝐿𝐶(𝑡) is assumed to be static over the given year. Each environmental 

factor function, 𝑓𝑑, has a different definition and mathematical formula from one and 

another, and more detailed description is available in references (Körner, 1995; Tague & 

Band, 2004; White, Thornton, Running, & Nemani, 2000; 

http://www.ntsg.umt.edu/project/biome-bgc). 

 

Model implementation  

The physical characteristics of the soil and the physiological characteristics of 

vegetation components in RHESSys were initially parameterized as in Table 3.2 and 3.3. 

The Generalized Likelihood Uncertainty Estimation (GLUE) method (Beven et al., 1992, 

2001) was applied to calibrate soil parameters using the prior parameters summarized in 

Table 3.4. Three years (from 2008 to 2010) of streamflow estimates at the Bigelow 

lower-pipe is not long enough to be split into two sub-periods for calibration and 

validation, having wet and dry year in each sub-period. Assuming physical conditions of 

soils in the adjacent NB catchment can be transposable to the BB catchment 
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(geographical parameter transposability; Klemes, 1986; Mittman, Band, Hwang, & Smith, 

2012), posterior parameter sets accepted as behavioral scenarios at the NB catchment 

were applied to the model runs at the BB catchment (likelihood measure: log-scale Nash-

Sutcliffe Efficiency in Eq. 3.12; accepting threshold of 0.2; 95% confidence interval) and 

validated with the streamflow estimates at the Bigelow lower-pipe from 2008 to 2010. 

We also examined the model performance using the LAI measurements measured in the 

hemlock-dominated forest.  

We then performed a scenario simulation without incorporating the HWA-

induced LC under (referred as to “no LC” hereafter) the identical environmental 

conditions to explore the impact solely induced by LC reduction. Finally we compared 

the differences in LAI, ET, and annual streamflow quantities. 

 

4.3. Result 

4.3.1. HWA infestation condition and stand vigor condition 

 In 2009, the HWA infestation was not severe: 5 eastern hemlock stands were 

infested by HWA (17.2% of overall sampled stands), whereas 24 stands did not have 

HWA on any branch (Figure 4.2). The small stand class (DBH<15cm) was the most 

infested DBH class, 33.3%, while the infestation rate of the small-medium stands 

(15cm<DBH<30cm) were only 11.1%. Only one big stand (DBH>60cm) was sampled in 

both 2009 and 2014, and it did not have HWA on both branches in 2009 yet. In 2014, the 

overall HWA infestation rate had increased to 96.5%, counting hemlock stands at least 
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having one infested branch. The small stands was mostly infested, 93.7%, and medium 

stands as well as the big stands were all infested in 2014 (100%).  

 The distribution of the number of uninfested and infested stands in 2014 was 

significantly different from 2009 (χ2=39.72, df=2, p<0.0001). The change in the overall 

infestation status of small stands was the most significant among the DBH classes 

(χ2=21.82, df=2, p<0.001) as well as small-medium stands (χ2=14.40, df=2, p<0.001) 

whereas the medium stands (30cm<DBH<45cm) have experienced relatively less change 

(χ2=4.00, df=2, p=0.135). 

 

 
Figure 4.2. Absence/presence of HWA in 2009 and 2014. o/o indicates both branches 

were not infested; o/+ indicates one branch was infested and the other branch was not 

infested; +/+ indicates two branches were infested. 

 

 As HWA infestation progressed, stand vigor had gradually diminished. Mean and 

standard deviation of vigor index for each DBH class as well as the overall annual vigor 

index are summarized in Table 4.1 and plotted in Figure 4.3. Before the HWA infestation, 

in 1999, eastern hemlocks in any DBH class were mostly healthy, average vigor index of 

1.09. In 2009, at the initial stage of the HWA infestation, small stands lost about half of 

the foliar area (mean vigor index of 2.08), and small-medium stands started to loose foliar 
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area as well. The sampled big stands were not infested in 2009, and as expected, there 

was no loss of foliar area recorded. Overall, stands were mostly healthy in 2009 with the 

mean vigor index of overall samples 1.45. In 2014, reductions in the vigor index were 

prevalent in all DBH classes. Small stands lost more than half of their foliar area (mean 

vigor index of 2.48), and medium and big stands also showed noticeable reductions in 

their vigor (mean vigor index between 1.65 and 2.05). In average, sampled eastern 

hemlocks lost 25-50% of its foliar area in 2014.  

 

Table 4.1. Stand vigor index mean and standard deviation (within parenthesis) of each 

DBH class as well as overall class in 1999, 2009, and 2014. 

Species DBH (cm) 
Vigor Index 

1999 2009 2014 

Eastern 

Hemlock 

< 15 

15 - 30 

30 - 45 

45 - 60 

> 60 

1.28 (0.67) 

1.06 (0.33) 

1.00 (0.00) 

1.00 (0.00) 

1.00 (0.00) 

2.08 (0.72) 

1.48 (0.61) 

1.14 (0.42) 

1.00 (0.00) 

1.00 (0.00) 

2.48 (0.81) 

2.05 (0.67) 

1.68 (0.58) 

1.65 (0.65) 

2.00 (0.81) 

Annual 1.09 (0.42) 1.45 (0.66) 1.95 (0.72) 

 

 

Figure 4.3. Stand vigor index mean (square) and standard deviation (vertical bar) of each 

DBH class (indicated by the colors) and overall class (black-filled square) 
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 The overall average annual mortality rate for all species from 1993 to 2014 was 

steady, ranging from 1.49% to 1.99% (Table 4.2). Small stands had the highest mortality 

compared to other size stands, and the mortality was increased between 2009 and 2014 

by 2.2%. The overall average annual mortality rate of eastern hemlock from 1993 to 2014 

was similar to the all species, 1.85-1.99%. Mortality of small stands of eastern hemlock 

was higher than the all species usually by 1%, and it was also increased between 2009 

and 2014 by 1.6%. 

 

Table 4.2. Population (N) and average annual mortality rates of eastern hemlock and all 

species  

Species 
DBH 

(cm) 

N Annual Mortality (% year-1) 

1993 1999 2009 2014 93-99 99-09 09-14 

Eastern 

Hemlock 

< 15 

15 - 30 

30 - 45 

45 - 60 

> 60 

126 

184 

94 

12 

4 

97 

161 

96 

15 

4 

63 

119 

102 

21 

4 

46 

105 

106 

23 

4 

3.94 

1.80 

0.36 

0.00 

0.00 

4.07 

2.04 

0.10 

0.00 

0.00 

5.69 

1.74 

0.39 

0.00 

0.00 

Overall 423 376 312 284 1.99 1.85 1.86 

All 

Species 

< 15 

15 - 30 

30 - 45 

45 - 60 

> 60 

209 

248 

134 

36 

10 

169 

222 

135 

38 

13 

119 

177 

140 

44 

16 

87 

162 

136 

49 

18 

3.19 

1.46 

0.50 

0.00 

0.00 

2.97 

1.70 

0.15 

0.00 

0.00 

5.22 

1.63 

0.87 

0.00 

0.00 

Overall 641 581 500 452 1.68 1.49 1.99 
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Figure 4.4. Population histogram (left) and average annual mortality rates plot (right) of 

eastern hemlock (bottom) and all species (top). Numbers are summarized in Table 4.2 

4.3.2. Stand-level LAI and canopy-level ET 

 As LC increased over the study period, the responses at the stand level (LAI), 

canopy level (ET), and catchment level (streamflow) became noticeable. Model estimates 

with the simplified representation of the LC created by embedding the 𝑓𝐿𝐶(𝑡) in the 𝑔𝑠 

showed changes after the HWA infestation that had good agreements with the field 

measurements. 

Observed LAI in August was 4.3 (σ=0.4) in 2008, 4.8 (σ=0.5) in 2009, 4.4 (σ=0.5) 

in 2012, then 4.1 (σ=0.4) in 2013 (Figure 4.5a). LAI in April was 4.1 (σ=0.3) in 2013, 

and 3.4 (σ=0.3) in 2014. The relatively large increment of August LAI from 2008 to 2009 

of course might be not a real signal of rapid growth considering the age of the hemlock 

stands, 100-230 years old (Hadley et al., 2008), but a measurement error. However, 
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Hadley & Schedlbauer (2002) had reported mean LAI of 3.5 during the non-growing 

season and 4.4 during the growing season in 1997. Therefore, a decrease of LAI after 

2012 seems to have occurred. The LAI in April 2014, 3.4, was in fact lower than the LAI 

in January 2002, 3.6 (Hadley et al., 2008). 

Simulated LAI in the LC-scenario (LAILC: 95% confidence boundary colored in 

red in Figure 4.5a) depicted the decrement with high agreement (residual<0.2). There was 

no noticeable change until 2011 (mean LAI from 2008 to 2011 was 4.2 in April, and 4.6 

in  August), and LAILC started to decline rapidly in 2012, down to 3.7 in August 2014, 20% 

reduction compared to the mean between 2008 and 2011. In the scenario without having 

LC (LAINO-LC: 95% confidence boundary colored in blue in Figure 4.5a), LAINO-LC 

continued to increase, reaching 4.72 in 2014, 1.6% of increment compared to the mean 

from 2008 to 2011. Therefore, the net impact of LC by the HWA infestation equals to 

22.6% reduction in LAI. 

The observed summertime ETday also showed significant reduction after the HWA 

infestation (Figure 4.5b). A one-way ANOVA indicated that at least one year differs from 

the other year (F=3.62, df=8, p<0.001). From Fisher’s LSD test, we confirmed that the 

summertime ETday values in 2012 and 2013 were significantly different (independent) 

from 2009 (p=0.015 in 2012; p=0.011 in 2013; in Figure 4.6). The summertime-mean 

ETday was reduced by 21% in 2012 and by 28% in 2013 compared to the mean from 2005 

to 2011. Wintertime ETday was barely observed in the deep winter at Harvard Forest, 

unlike eastern hemlocks in the southern Appalachian Mountains that transpire about half 

of their annual flux in the winter and spring (Ford et al., 2007). 
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Simulated annual total ET in LC-scenario (ETLC) between 2005 and 2011 was 

about 605 mm in average (σ = 30 mm), 77% by transpiration. From the summertime-

mean ETLC between 2005 and 2011, ETLC increased in 2012 by 1.4%, and then started to 

decrease by 13% in 2013, and 29% in 2014. Compared to the scenario without having a 

LC effect (ETNO-LC , 95% confidence boundary colored in blue in Figure 4.5b), the 

reduction of ETLC started in 2012 by 10% (66 mm), and continued to decrease by 18% in 

2013 (119 mm), and by 32.5% in 2014 (211 mm). The Transpiration was decreased by 38% 

(194 mm) and evaporation by 13% (17 mm) compared to ETNO-LC. in 2014 (Figure 4.5c). 
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Figure 4.5. Field estimates (black squares with vertical bar of standard deviation) and 

model simulates (red boundary is 95% confidence interval of loss of conductivity (LC)-

scenario and blue boundary is 95% confidence interval of the scenario without having LC) 

of (a) LAI, (b) ET (model simulates is monthly flux, field estimates is daytime hourly, 

and (c) simulated annual total transpiration (T, positive-direction bar), evaporation (E. 

negative-direction bar), and evapotranspiration (ET, square dots) with LC (red color) and 

without having LC (blue color) 

 

 



 

 

128 

 

Figure 4.6. Fisher’s LSD test on the observed summertime ETday from 2005 to 2013. 

Vertical dotted lines are 95% confidence interval of ETday in 2009 (blue bar). ETday in 

2012 and 2013 (red bars) was significantly different from 2009. 

 

4.3.3. Catchment-level streamflow response 

 The hydrograph of the study site (Figure 4.7a,b) shows that the vegetation plays 

an important role in the hydrological processes in this catchment. Streamflow is  very 

dependent and responsive to precipitation during the non-growing seasons, whereas large 

streamflow is only generated by very heavy rainfall events during growing-season (>180 

mm month-1). Mean annual precipitation from 2008 to 2014 was 1272 mm (σ = 258 mm). 

The year 2012 was very dry with annual precipitation of 883 mm, and 2010 and 2013 

were also drier than the mean by 170 mm and 130 mm, respectively. There were three 

wet years, 2008, 2011, and 2014, and the reference year 2009 had an annual precipitation 

of 1277 mm, very close to the mean from 2008 to 2014.  

Simulated streamflow with the LC function 𝑓𝐿𝐶 (𝑄𝐵𝐵(𝐿𝐶), the red boundary in 

Figure 4.7b) generally agreed with the observed streamflow (r2 = 0.77 for the entire 

period; r2 = 0.89 between May and October). Uncertainties in the snowpack and 
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snowmelt timings resulted in overestimated peak flows with broad confidence boundaries 

in March 2008 and 2009 and underestimated streamflow in January 2008, December 

2008, April 2013, and April 2015. Snowmelt peak flows in 2010, 2011, and 2014 were 

adequately captured although with less uncertainty. 

Although stand-level LC of the hemlock-dominated coniferous forests was 

empirically estimated as the model runs started in 2008 (Figure 4.1, lowest MSE when 

t0=2008), the impact of the LC on the 𝑄𝐵𝐵(𝐿𝐶) was not noticeable until 2010 (< 1 mm 

month-1) (Figure 4.8b). As the simulated ETLC decreased because of the LC (Figure 

4.5b,c), the 𝑄𝐵𝐵(𝐿𝐶) started to show  an increase signal compared to the simulated 

streamflow without LC (𝑄𝐵𝐵(𝑛𝑜 𝐿𝐶); blue boundary in Figure 4.8b) in 2011. The 

𝑄𝐵𝐵(𝐿𝐶) had a higher streamflow by 2.5-3 mm month-1 in August and September when 

there were heavy rainfalls (>180 mm month-1). In 2012, the dry year, there was hardly 

any change in the 𝑄𝐵𝐵(𝐿𝐶) compared to the 𝑄𝐵𝐵(𝑛𝑜 𝐿𝐶) (< 1 mm month-1) until 

September, the end of the growing season in these deciduous forests. From October to 

December in 2012, the deviations became evident with the 𝑄𝐵𝐵(𝐿𝐶) was higher than the 

𝑄𝐵𝐵(𝑛𝑜 𝐿𝐶) by 4.5-6 mm month-1 for the three months. The 𝑄𝐵𝐵(𝐿𝐶) in 2013 was 

consistently higher than the 𝑄𝐵𝐵(𝑛𝑜 𝐿𝐶) by 2.5-7 mm month-1 throughout the year. The 

increase was noticeably higher in June, by 10 mm month-1, when heavy rainfalls occurred. 

This pattern repeated in 2014 with the 𝑄𝐵𝐵(𝐿𝐶) was steadily higher (2.5-8 mm month-1) 

than the 𝑄𝐵𝐵(𝑛𝑜 𝐿𝐶) throughout the year with significant increases occurring in time 

with  heavy rainfalls events. The magnitude of the streamflow increase in 2014, however, 

was substantially higher than in 2013 with 22-23 mm month-1 in July and October.  
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The residual plots of the annual simulated streamflow (observed 𝑄𝐵𝐵-simulated 

𝑄𝐵𝐵) and the changes in the simulated annual streamflow caused by the LC 

(ΔLC=𝑄𝐵𝐵(𝐿𝐶)- 𝑄𝐵𝐵(𝑛𝑜 𝐿𝐶)) in the vegetation year scale (prefix “v”) showed the 

impact of HWA-induced LC on the streamflow more clearly (Figure 4.7c). The 𝑄𝐵𝐵(𝐿𝐶) 

had higher agreement with the observed flow (lower residual) compared to the 

𝑄𝐵𝐵(𝑛𝑜 𝐿𝐶). The residual of  𝑄𝐵𝐵(𝑛𝑜 𝐿𝐶) in v2014 when the snowmelt in April 2014 

and the snowpack in November and December 2014 were relatively well simulated, was 

as high as the residuals in v2008 and in v2009 when most of the residuals were from the 

uncertainties in the snowpack and snowmelt timing and amount. The ΔLC from v2008 to 

v2010 was less than 5 mm. The ΔLC was gradually increased from 10 mm in v2011 to 81 

mm in v2014, indicating that annual streamflow increased by 16% because of the HWA-

induced LC.  
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Figure 4.7. Hydrograph (a) monthly total precipitation from 2008 to 2014 (b) monthly 

total observed streamflow (black solid-line) and model simulates (red boundary is 95% 

confidence interval of loss of conductivity (LC)-scenario and blue boundary is 95% 

confidence interval of the scenario without having LC) (c) residual plots of the simulated 

streamflow (observed streamflow minus simulated streamflow). Squares are the mean 

residual of the 95% confidence interval and the vertical bars are the ranges of residuals of 

the 95% confidence interval. Gray bars (ΔLC) are the changes in the simulated annual 

streamflow by HWA-induced LC (𝒇𝑳𝑪(𝒕: 𝒕𝟎 = 𝟐𝟎𝟎𝟖) in Eq.4.2). 
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In the paired-catchment approach, the calibration period was designated as from 

v2008 to v2011 as the observed summertime ETday had not yet started to significantly 

decline (Figure 4.6). The calibration relationship between the monthly streamflow of the 

study catchment (𝑄𝐵𝐵) and the monthly streamflow of the reference catchment (𝑄𝑁𝐵) was 

highly significant (n=48; r2=0.98; p<0.01, Figure 4.8a). The fitted linear relationship 

(calibration equation: y = 1.22x + 2.35) was capable of characterizing low flows during 

the growing season as well as snowmelt peak flows in early springs (𝑄𝐵𝐵>120 mm 

month-1). The study catchment consistently yielded higher monthly streamflows than the 

reference catchment because of the differences in the hydrological conditions between 

the two catchments such as soil type, topographical variation and groundwater movement 

as well as vegetation in the catchments. Points that are above the higher limit of the 95% 

confidence boundary indicate that the observed streamflow was over the estimation 

(positively deviated), and points that are below the lower limit of the 95% confidence 

boundary mean that the observed streamflow was short of the expected streamflow 

(negatively deviated). It is noticeable that snow-melt peak flow in March 2014 (in 

vegetation year 2013, ‘v2013’ in Figure 4.8a) deviated highly from the expected 

streamflow.  

The magnitude of the HWA-induced annual streamflow change (∆𝑄𝐵𝐵) gradually 

increased over the LC period (Figure 4.8b). The year v2012 had an observed annual 𝑄𝐵𝐵 

(424 mm) that was 30 mm lower than the expected streamflow. For the following two 

years, v2013 and v2014 the observed streamflow was higher than the expected 

streamflow by 17 mm and 61 mm, respectively. The study catchment and the reference 



 

 

133 

catchment experienced identical climate conditions, such as temperature, precipitation, 

and wind, and the relative characteristics between the two catchments were removed in 

the calibration procedure, therefore ∆𝑄𝐵𝐵 must result from the changes in the study 

catchment, i.e. changing forest activity.  

 

 

 
Figure 4.8. Scatter plots for the paired-catchment approach. (a) Gray-filled circles are the 

monthly streamflow during calibration period (2008-2011) and LC period (2012-2014). 

Each year in LC period was plotted in different colored symbol: 2012 in green rectangle, 

2013 in blue triangle, and 2014 in red circle (b) HWA-induced annual streamflow change 

in 𝑸𝑩𝑩 (∆𝑸𝑩𝑩) in vegetation years in colored bars with the confidence interval vertical 

bars. Black bars are annual precipitation in the vegetation year.  
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4.4. Discussion and conclusion 

From the infestation growth rate, 15.86% year-1 in average from 2009 to 2014, the 

initial instant of the HWA infestation at the study site can be estimated as between 2007 

and 2008, which is also estimated as the start of the loss of xylem conductivity in a 

hemlock stand based on the summertime-mean ETday flux (t0=2008 in Figure 4.1). The 

average annual mortality rate after the infestation (2009-2014), 1.86% year-1, was close to 

the mortality, 2% year-1, reported from another long-term (1993-2012) HWA monitoring 

site along the Delaware River in between Pennsylvania and New Jersey, where HWA 

was first reported in 1989 (Eschtruth et al., 2013). There was no noticeable overall 

hemlock mortality attributed to the HWA infestation, although  small stands 

(DBH<15cm) started to show a small mortality increase from pre-HWA rate at 4% year-1 

to post-HWA rate at 5.69% year-1. Still, mortality after the HWA infestation in Harvard 

Forest was much lower than other eastern hemlock mortality studies (stand die-off  

within 4 years in Connecticut (Mcclure, 1991) or 20% year-1 across southern New 

England (D. A. Orwig, Foster, & Mausel, 2002)). Since mortality varied significantly by 

year because of the interannual variations in the environmental conditions such as winter 

temperature and summer drought, more frequent periodic mortality monitoring needs to 

be to be followed. Eschtruth et al. (2013), for example, reported the greatest mortality 

(5% year-1) in 2003-04 and the least mortality (0% year-1) in 2006-07. 

 LAI was not measured in August 2014, but it can be retrieved by combining LAI 

measurement in August 2008 and 2009 with vigor index data in 2009 and 2014. Overall 

stand annual-mean vigor index was 1.45 in 2009 and 1.95 in 2014 (Table 4.1), meaning 
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that foliar loss was about 12.5-25% in 2009 and 25-50% in 2014. This indicates that 

foliar loss from 2009 to 2014 was between 0-43%. Therefore, LAI in August 2014 can be 

estimated as 2.4-4.3 (mean as 3.4) based on 2008 LAI data, and 2.7-4.8 (mean as 3.75) 

based on 2009 LAI. These were very rough estimates, but very close to the simulated 

LAILC in 2014, 3.73.  

The annual streamflow changes by the HWA infestation in v2014 (model 

estimates of 81 mm as well as the paired-catchment approach of 62 mm) were  

comparable with the previous studies that every 10% change (decrease) of coniferous 

cover in a catchment would cause 40 mm change (increase) of annual streamflow (Bosch 

et al., 1982; Brown et al., 2005). Assuming that the vigor condition of the sampled 

hemlocks represent the overall condition of the hemlock-dominated coniferous forests in 

the BB catchment, the hemlock-dominated coniferous forests which takes 44% of the BB 

catchment area having the vigor index of 1.95 in 2014 which indicates that the foliar area 

loss was between 25-50% give us a rough estimation that 11-22% of the coniferous 

forests in the BB catchment were lost. This cover loss is equivalent to 44-88 mm of 

streamflow increase, which encompass both estimates from the model and the paired-

catchment approach. 

The amount of precipitation in early 2011 and 2014 was very close, but the high 

snowmelt peak flow only in March 2014 might result from the loss of canopy cover 

(Bearup et al., 2014). The loss of canopy cover might result in snow intercepted on the 

canopy decreased while snowpack on the ground increased. Since snowpack on the 

ground has lower sublimation rates than the snowpack intercepted by the canopy, more 
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snowmelt flow might be generated from the increased snowpack on the ground (Adams 

et al., 2012). However, it is also possible that the solar radiation increased on the ground 

through the canopy gap might promote the snowpack to sublimate rather than gradually 

melt, yet there was no noticeable change in the observed ETday in early 2014 (Figure 

4.5b). The simulated LAI in March decreased from 3.8 in 2011 to 3.3 in 2014, which 

would result in the transmitted solar radiation increased by 5%, estimated using Beer’s 

law with the light extinction coefficient as 0.5.  

Future research should continue to integrate additional representations of the key 

processes into the process-based RHESSys model including additional climate-dependent 

HWA dynamics, the loss of carbohydrate transport in phloem and decrease of non-

structural carbon by HWA, and the resultant mortality (Dietze et al., 2014; Tague et al., 

2013). The simulated estimates have to be extensively evaluated against field 

measurements to further improve the representations of the processes. This study 

represents the first step in modeling and estimating streamflow variability in response to 

future climate change and insect infestation, and provides initial quantitative references 

for water resource management in hemlock-dominating catchments. 

 



 

 

137 

Chapter 5. Conclusion 

 

“All vegetated land surfaces are heterogeneous at some scale.” - Lloyd (1995) 

 

Mixed forests are composed of multiple plant types (e.g. deciduous forests, 

coniferous forests, and woody wetlands) that have profoundly different physiological 

behaviors. Each individual plant continuously competes with  others for the energy (solar 

radiation) and nutrients (water, carbon, and nitrogen) available in the given climate (e.g. 

temperature and atmospheric vapor pressure deficit) to order to minimize any growth-

stress at short time-scales (Kerkhoff et al., 2004; Mackay, 2001), and to optimize plant 

structure at the plot scale (Hwang et al., 2009; Nemani et al., 1989). At the catchment 

scale or larger spatial scales, plant composition and distribution are adjusted to maximize 

biomass productivity (Arris et al., 1994; Caylor et al., 2004; Mackay, 2001). Therefore, 

the current plant types and their spatial distribution in a mixed forest are the optimized 

equilibrium state of the ecosystem which as undergone climatic changes and additional 

disturbances (e.g. fire, harvest, invasive insect infestations) in the past.  

After the overwhelming climate changes of the past few decades (e.g. increase of 

atmospheric CO2 level by 30 ppm and increase of temperature by 1.3°F; NOAA, 2013; 

Walsh et al., 2014), mixed forests are predicted to face even more significant climate 

changes in the upcoming years (a further  increase of temperature by 3-10°F,  and two 

times more frequent heavy rainfall events; Walsh et al., 2014) as well as  more frequent 

regional invasive insect outbreaks (Dale et al., 2001). In the process of achieving 



 

 

138 

“another optimized state” under these changing conditions, the exchange of carbon and 

water between the mixed forests and the atmosphere is expected to change dynamically, 

which would influence our daily lives both directly (e.g. fresh water yield from mixed 

forested catchments) and indirectly (e.g. positive and/or negative feedbacks to the 

atmospheric CO2 level and the atmospheric water vapor that strongly drive climate 

changes).  

In order to predict future behavior of a mixed forest, we first have to fully 

understand the current characteristics of the mixed forest at different spatio-temporal 

scales. Three related studies have been undertaken during this dissertation research to 

address the dynamics in carbon and water cycling in a mixed forest, using the Harvard 

Forest in the northeastern United States, which is experiencing both long-term gradual 

climate change and an invasive insect outbreak, as a study area. 

 

5.1. Dissertation results  

In chapter two, we first analyzed whether eddy-flux data (focusing on gross 

primary productivity (GPP) estimates) from the EMS-tower (US-Ha1) in the Harvard 

Forest fully represents the plant density and distribution at the spatial scales of ecosystem 

models and of remote sensing estimates with the moderate resolutions of 1 km and 1.5 

km. Seasonal footprints of the EMS tower for 17 years (1992-2008) were estimated using 

a footprint climatology.  There were found to be  profound interannual as well as seasonal 

variations in the extents and shapes of the tower footprints from SW and NW directions 

where most of ground samples have traditionally been collected, especially during the 
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spring green-up period (April-May) which can experience  strong winds from the north 

and the east. Based on a semivariogram analysis and window analysis using the EVI 

(enhanced vegetation index) retrieved from all the available fine resolution (30 m) 

Landsat TM/ETM+ data from 1992 to 2008, it was found that the plant density within the 

tower footprints can appropriately represent the mean magnitude and variation of plant 

density at the scale of 1 km throughout all periods (green-up, mature, and senescence), 

but does  not represent plant density distribution at the 1.5 km scale during the  mature 

period. However, we found that the GPP estimates at the EMS-tower during the mature 

period cannot be explained by the EVI values at either the 1 km scale or at the footprint 

scale (r2=0.00-0.02). By calculating plant type compositions within the footprints from 

1999 to 2008 using National Land Cover Dataset (NLCD) 2001 and 2006, we found that 

about 50% of the interannual anomalies in the mature period GPP estimates from 1999 to 

2008 can be explained by the proportion of the surrounding evergreen coniferous forest 

(ENF) stands contributed to the flux measured at the tower (r2=0.48, p<0.05). Every 1% 

decrease of ENF in the footprint resulted in the increase of the GPP estimates by 20 gC 

m-2. 

 

In chapter three, a spatially-distributed process-based ecohydrological model 

(RHESSys) was implemented to simulate carbon and water cycles in the two headwater 

catchments of this mixed forest from 1992 to 2008. The simulated estimates of carbon 

and water cycles of the two dominant forest types in the study site, deciduous forest and 

coniferous forest, were evaluated at two different spatial scales: plot scale and catchment 
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scale. The model simulated estimates had a good correlation with the observations: soil 

respiration (r=0.75-0.79), LAI (r=0.93), daily GPP (r=0.89-0.93), monthly GPP (r=0.98), 

annual GPP (r=0.76), daily ET (0.88-0.9), monthly streamflow (r=0.84-0.9), and annual 

streamflow (r=0.89-0.93). The GPP increase of the deciduous forest for the seventeen 

years was well captured in the simulated GPP, but interannual variations, especially 

significant reductions in 1998 and 2005, were not well simulated. The annual GPP of the 

deciduous forest has increased significantly (~30 gC m-2 per year), six times more than 

that of the coniferous forest even though both forests had experienced identical climate 

change for the past two decades. On the other hand, the annual ET of both forests was 

very conservative for the same period, not varying as much as the annual GPP, and only 

increasing at a significant but small rates (4-7 mm per year).  

 

In chapter four, we assessed the impact of the Hemlock Woolly Adelgid (HWA) 

infestation on the streamflow of the catchment where the hemlock-dominated coniferous 

forests cover half the area. Based on tree inventory data in 2009 and 2014, we confirmed 

that the HWA infestation increased by 80% in the study catchment within the five years 

and the foliar area was lost up to 43%. There was still no sign of significant mortality of 

the overall hemlock stands, although the small stands (DBH<15 cm) had started to show 

mortality attributed to the HWA infestation. We represented the loss of water 

conductivity (LC) in the xylem of infested hemlocks using a probability function 

(Weibull function) that was calibrated using the evapotranspiration (ET) flux measured at 

the hemlock-tower (US-Ha2), and implemented the LC function as a stress factor of 
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controlling stomata conductance. The simulated LAI and ET from RHESSys model with 

the LC function adequately captured the observed reductions in the field-measured leaf 

area index (LAI) and the ET flux. We found that annual streamflow from the catchment 

that is covered by the hemlock-dominated forests by 44% of its area has increased by 81 

mm in 2014 compared to the simulated streamflow in the scenario of not having the 

HWA infestation, and also by 61 mm compared to the annual streamflow from the 

catchment that contains less hemlock-dominated forests (25%). Thus, we concluded that 

the HWA infestation has resulted in a gradual increase of annual streamflow (especially 

significant increase during heavy precipitation events), which is consistent with the 

previous studies about the impact of land cover change on the streamflow reporting that 

increase of annual streamflow by 40 mm for the loss of coniferous forest cover by 10 %. 

 

These three related studies have greatly expanded our understanding of the role of 

conifer trees in mixed forest ecosystems and the dynamic changes that can occur when 

the proportion of evergreen needle-leaf forest is diminished due to climate change and 

invasive insect attacks. By successfully parameterizing the spatial-temporal 

ecohydrologic model RHESSYS for Harvard Forest (the LTER with the longest tower 

and field records and currently experiencing the initial stages of an insect infestation), we 

have been able to establish a framework to investigate the impact of these changes on 

mixed forest composition into the future.    
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5.2. Future Research  

Thus the implementation of RHESSYS at Harvard Forest and the results of this 

dissertation research have raised additional questions and identified fruitful areas of 

investigation for the future. The correlation between plant type proportions within the 

tower footprints and the interannual flux anomalies observed at other flux towers located 

in mixed forests needs to be addressed, especially for those flux towers located in very 

heterogeneous landscapes and providing long-term flux records. Only after fully 

understanding how the mix of plant types actually contributes to the measured flux, 

should we use such flux measurements to calibrate and validate plant type functions in 

both ecosystem models and climate models.  

The HWA infestation in the Harvard Forest has just began and will bring 

profound changes in the forest composition. Continuous and consistent monitoring of 

hemlock mortality and tree vigor condition will improve our understanding of temporal 

dynamics caused by the HWA infestation. Additional observations of the hydrological 

processes and of micro-environmental conditions such as soil moisture, snowpack 

amount, and understory light level in the HWA study plots will continue to be necessary 

to refine the underlying processes in ecosystem  models. If possible, installation of a 

second streamflow gauge at a catchment near to  Harvard Forest, one which does not 

have eastern hemlocks within its area, would provide further opportunities to explicitly 

explore the impact of the HWA on the streamflow by comparing the data from the 

hemlock-free gauge with the one in the Harvard Forest.  
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Our research results for Harvard Forest (and the northeastern mixed forests it 

typifies) are of particular interest as one of the core towers of domain 1 of the National 

Ecological Observatory Network (NEON) has recently been installed in the Harvard 

Forest, very close to the EMS tower (42.5369ºN, 72.17266ºW).  The NEON program will 

strive to collect data at all of their core locations for a climatologically significant 30 year 

period. The data from this Harvard Forest NEON domain are just becoming available and 

it is highly likely that the flux measurements collected by the NEON tower will be 

similarly dependent on the landscape around the tower and impacted by the changes to 

the landscape as the HWA infestation increases hemlock mortality over the entire forest.  
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