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Abstract 

As a widely used watershed model for assessing impacts of anthropogenic and natural 

disturbances on water quantity and quality, the Soil and Water Assessment Tool (SWAT) has not 

been extensively tested in simulating water and carbon fluxes of forest ecosystems. Here, we 

examine SWAT simulations of evapotranspiration (ET), net primary productivity (NPP), net 

ecosystem exchange (NEE), and plant biomass at ten AmeriFlux forest sites across the U.S. We 

identify unrealistic radiation use efficiency (Bio_E), large leaf to biomass fraction (Bio_LEAF), 

and missing phosphorus supply from parent material weathering as the primary causes for the 

inadequate performance of the default SWAT model in simulating forest dynamics. By further 

revising the relevant parameters and processes, SWAT’s performance is substantially improved. 

Based on the comparison between the improved SWAT simulations and flux tower observations, 

we discuss future research directions for further enhancing model parameterization and 

representation of water and carbon cycling for forests.  
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1. Introduction   

Carbon cycling is closely coupled with water and nutrient cycling in ecosystems, thus should be 

considered in explaining hydrological and biogeochemical dynamics (Bosch and Hewlett, 1982; 

Canton et al., 2010). For example, negative relationships between percentage of forest cover and 

stream flows were reported (Brown et al., 2005) and attributed to the high water consumption 

through evapotranspiration (ET) by trees. Removal of vegetation biomass could increase water 

yield as a result of ET reduction (Bosch and Hewlett, 1982). Previous studies also underscored 

the impacts of plant growth and management on riverine nutrient fluxes since carbon and 

nutrients are closely connected via processes such as nutrient uptake, carbon allocation, litter and 

soil organic matter decomposition (Briggs et al., 2000; Niinemets and Tamm, 2005). Therefore, 

accurate representation of the complex interplays between carbon, nutrient, and water cycles is 

essential for reliable understanding of ecosystem dynamics and responses to changes in 

environmental controls. 

Forests have significant influences on global carbon, water, and nutrient cycling. Due to 

high biomass density, forests play a disproportionately important role in the global carbon cycle. 

It was estimated that nearly 80% of the terrestrial above ground carbon is stored in forests 

(Dixon et al., 1994). Carbon exchange between the atmosphere and forests has been a hot spot in 

global carbon cycling investigations since this carbon flux affects the atmospheric CO2 

concentrations. High water consumption by trees makes forests an important component of  the 

global hydrological cycle (Aragão, 2012). In addition, forests affect nutrient cycling through the 

close coupling between carbon and nutrient fluxes in ecosystems (Aust and Blinn, 2004). Forest 

biomass could hold up to 28% and 38% of total ecosystem nitrogen (N) and phosphorus (P), 

respectively (Hart et al., 2003). Nutrient uptake from soils to plant biomass and subsequent 
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return to forest floors through litter fall contribute to the seasonal variability in riverine nutrient 

export (Mulholland and Hill, 1997).  

Numerous numerical models have been developed and applied to investigate the 

interplays of carbon, water, and nutrients in terrestrial ecosystems (Delire and Foley, 1999; 

Entekhabi and Eagleson, 1989). Model simulation experiments are useful tools in disentangling 

the complex interactions among plant physiology, water cycling, and nutrient cycling (Yang et 

al., 2015). Among these models, the Soil and Water Assessment Tool (SWAT, Arnold et al., 

1998) model has been widely applied to assess impacts of anthropogenic activities and climate 

change on biogeochemical cycling (El-Khoury et al., 2015), hydrological dynamics (Leta et al., 

2015; Faramarzi et al., 2015) and environmental pollutions ( Baffaut  et al., 2015; Holvoet  et al., 

2008) at watershed or regional scales. As of December 31, 2015, over 2,300 peer reviewed 

journal articles have reviewed or examined SWAT (or its components) in watersheds around the 

globe (https://www.card.iastate.edu/swat_articles/). Currently, SWAT is a key component of the 

USDA-Conservation Effect Assessment Project (CEAP) (Arnold et al., 2010) and the USEPA-

Hydrologic And Water Quality System (HAWQS) (epahawqs.tamu.edu).  

Most of the previous studies using SWAT mainly focused on agricultural ecosystems 

(Zhang et al., 2013), and few studies have examined the performance of SWAT in forest 

ecosystems. To the best of the authors’ knowledge, the current literature database of the SWAT 

model does not include a publication testing and evaluating SWAT simulations of carbon and 

water fluxes of forest ecosystems using long-term in-situ measurements at the site scale. As 

forests often cover a significant portion of land in most watersheds (Jin et al., 2013), the 

insufficient test and examination of SWAT in forest ecosystems represent an inadequately 

addressed uncertainty in the application of SWAT as a watershed model. Given the important 
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role of forests in carbon, nutrient, and water cycling, there is an urgent need to evaluate SWAT’s 

capability in modeling forest ecosystems for future model application and improvement.  

In this study, we examine and evaluate SWAT simulations of carbon and water fluxes 

against flux tower observations at ten AmeriFlux forest sites across the United States (U.S.). In 

doing so, we diagnose strengths and deficiencies of SWAT and revise relevant parameters and 

processes for modeling forest ecosystem, based on which we analyze and discuss future 

directions of improving model parameterization and carbon cycling representation. This work is 

expected to help design effective procedures to ensure the robust application of SWAT for 

simulating the complex interplays among forest physiology, water cycling, and biogeochemical 

cycling in watersheds containing both cropland and forest, thus help enhance the model’s 

capability in assessing impacts of multiple environment changes on water resources, 

environment quality, and ecosystem integrity.  

2. Materials and Methods 

2.1. Data collection 

[Fig.1] 

[Table 1] 

We collected field data from ten U.S. AmeriFlux sites, including Harvard Forest (US-Ha1), 

Howland Forest Main (US-Ho1), Morgan Monroe State Forest (US-MMS), Missouri Ozark (US-

MOz), Sylvania Wilderness (US-Syv), UMBS (US-UMB), Walker Branch (US-WBW), Willow 

Creek forest (US-WCr), Niwot Ridge (US-NR1), and Park Falls (US-PFa). These sites cover 

deciduous, evergreen, and mixed forests across different regions of the U.S. (Fig. 1, Table 1). 
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Variables used to evaluate the model performance include ET, Net Primary Productivity (NPP), 

Net Ecosystem Exchange (NEE), and plant biomass. Observed latent heat fluxes were converted 

to ET using the algorithm suggested by the AmeriFlux data support system (Henderson-Sellers, 

1984). Here, NEE is defined as the net carbon exchange between land and the atmosphere. 

Negative NEE indicates net carbon uptake by forests, while positive values indicate net carbon 

emissions from forests to the atmosphere. We calculated SWAT simulated NEE as respiration 

minus NPP. For ET and NEE, observational data were collected from the flux data category of 

the AmeriFlux dataset, and daily observations of these variables were aggregated to monthly and 

annual levels for model performance evaluation. Plant biomass data were collected from the 

AmeriFlux biological dataset (biomass data were not available for the US-MOz and US-WBW 

sites). We obtained NPP data from the MODIS NPP product (Zhao et al., 2005) for each site. 

Observational data between1995 and 1999 were used for parameter calibration, whereas data 

between 2000 and 2006 were used for model performance evaluation. 

2.2. Carbon cycling representation in SWAT 

Key carbon cycling processes in SWAT include plant growth, carbon allocation, litter fall, litter 

decomposition, and below-ground carbon cycling (soil organic matter dynamics). In SWAT, 

NPP is simulated as a function of solar radiation and plant’s capability of converting solar energy 

to plant biomass (Neitsch et al., 2009): 

∆𝑁𝑃𝑃 = 𝐵𝑖𝑜_𝐸 ∙ 𝐻 ∙ 𝐶𝑓𝑟𝑡 ∙ 𝑟𝑒𝑔                                  (Equation 1) 

𝑟𝑒𝑔 = 1 −max( 𝑓𝑤 ∙ 𝑓𝑡 ∙ 𝑓𝑛 ∙ 𝑓𝑝)                              (Equation 2) 

𝑓𝑤 = 1 −
𝐸𝑡,𝑎𝑐𝑡

𝐸𝑡
                                                 (Equation 3) 
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𝑓𝑡 =

{
  
 

  
 
1                                                                                             𝑤ℎ𝑒𝑛  𝑇𝑎𝑣 ≤ 𝑇𝑏𝑎𝑠𝑒 

 

1 − exp (
−0.1054∙(𝑇𝑜𝑝𝑡−𝑇𝑎𝑣)

2

(𝑇𝑎𝑣−𝑇𝑏𝑎𝑠𝑒)
2 )

 
                               𝑤ℎ𝑒𝑛  𝑇𝑏𝑎𝑠𝑒 < 𝑇𝑎𝑣 ≤ 𝑇𝑜𝑝𝑡

 

1 − exp (
−0.1054∙(𝑇𝑜𝑝𝑡−𝑇𝑎𝑣)

2

(2∙ 𝑇𝑜𝑝𝑡−𝑇𝑎𝑣−𝑇𝑏𝑎𝑠𝑒)
2)

 
            𝑤ℎ𝑒𝑛  𝑇𝑜𝑝𝑡 < 𝑇𝑎𝑣 ≤ 2 ∙ 𝑇𝑜𝑝𝑡 − 𝑇𝑏𝑎𝑠𝑒

     (Equation 4) 

𝑓𝑛 = 1 −
𝑆𝑛

𝑆𝑛+exp (3.535−0.02597∙𝑆𝑛)
                            (Equation 5) 

𝑆𝑛 = 200 ∙  
𝑏𝑖𝑜𝑛

𝑏𝑖𝑜𝑛,𝑜𝑝𝑡
− 0.5                                (Equation 6) 

𝑓𝑝 = 1 −
𝑆𝑝

𝑆𝑝+exp (3.535−0.02597∙𝑆𝑝)
                              (Equation 7) 

𝑆𝑝 = 200 ∙  
𝑏𝑖𝑜𝑝

𝑏𝑖𝑜𝑝,𝑜𝑝𝑡
− 0.5                                    (Equation 8) 

 

where ∆𝑁𝑃𝑃 is the net carbon assimilation rate on a given day (kg C/ ha); Bio_E is the radiation-

use efficiency of the plant (kg biomass /ha/(MJ/m2)); H is the photosynthetically active radiation 

on a given day (MJ/m2); reg is the environmental stress regulator on photosynthesis (unitless); 

Cfrt is the specific carbon in biomass (0.45 kg C/kg biomass); fw, fn, fp, and ft are stress factors 

(unitless) from water, nitrogen, phosphorus, and temperature, respectively; 𝐸𝑡,𝑎𝑐𝑡 is the actual 

rate of transpiration (mm H2O/day); 𝐸𝑡 is the potential transpiration (mm H2O/day); 𝑇𝑏𝑎𝑠𝑒 is the 

minimum temperature for plant to grow (ºC); 𝑇𝑜𝑝𝑡 is the optimum temperature for plant to grow 

(ºC); 𝑇𝑎𝑣 is the mean air temperature of a given day (ºC); 𝑆𝑛 is the nitrogen stress scaling factor 

(unitless); 𝑏𝑖𝑜𝑛 is the actual nitrogen mass in plant biomass (kg N/ha); 𝑏𝑖𝑜𝑛,𝑜𝑝𝑡 is the optimal 

nitrogen mass in plant (kg N/ha); 𝑆𝑝 is the phosphorus stress scaling factor (unitless); 𝑏𝑖𝑜𝑝 is the 

actual phosphorus mass in plant biomass (kg P/ha); 𝑏𝑖𝑜𝑝,𝑜𝑝𝑡 is the optimal phosphorus mass in 

plant (kg P/ha). 

[Table 2] 
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Newly assimilated carbon is allocated to aboveground and belowground biomass (root) 

according to the heat units accumulated for the plant until a given day of the growing season 

(Neitsch et al., 2009). A fraction of plant biomass is turned over and added to litter pools (Table 

2). Values of key parameters regulating carbon cycling in SWAT are listed in Table 2. 

The SWAT model’s belowground carbon cycling algorithms follow the basic structure of 

the CENTURY model (Parton et al., 1994), with modifications to accommodate additional 

processes and functions from the Environmental Policy Integrated Climate (EPIC, Izaurralde et 

al., 2006) and the Decision Support System for Agrotechnlogy Transfer (DSSAT) models 

(Gijsman et al., 2002). Details of the soil organic carbon cycling algorithm are provided by 

Zhang et al. (2013). Here, we further revised the SWAT model’s carbon cycling algorithm by 

allowing surface litter to be transformed to humus and get mixed with the slow carbon pool in 

the first soil layer. This change was conducted according to Kelly et al. (1997), Parton et al. 

(2010), and Savage et al. (2013). 

2.3. Model parameterization and improvement 

Since NPP is the primary source of carbon input into forest ecosystems, reasonable 

simulation of NPP is the prerequisite of satisfying model performance in NEE and plant biomass 

simulations. In SWAT, carbon uptake through photosynthesis is limited by multiple factors 

including radiation use efficiency, N, P, water, and temperature (Equations 1-8). Parameters 

related to these processes need to be determined to improve SWAT simulations of forest water 

and carbon fluxes. Based on literature review and field observations, we obtained parameter 

ranges for different forest types. Next we further calibrated these parameters manually at each 

site to minimize the difference between simulations and observations. In this study, we focused 
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on biophysical parameters of forest ecosystems, and did not adjust other hydrological or 

biogeochemical parameters.  

[Fig. 2] 

In SWAT, forest photosynthesis is directly controlled by the radiation use efficiency 

parameter (BIO_E, Table 2). The default value of this parameter in SWAT for the three forest 

types is unanimously 15 kg dry biomass/ha/ (MJ/m2). However, field observations and other 

modeling studies indicated that radiation use efficiency could be higher than this default value 

for deciduous and mixed forests (Hilker et al., 2012), and pine trees have much lower radiation 

use efficiency than broad leaf species as a result of low photosynthetic capacity (Pangle et al., 

2009). Using the US-Ha1 site as an example, we conducted model experiments to test influence 

of BIO_E on NPP simulation. Fig. 2A shows sensitive response of NPP to changes of this 

parameter. 

Therefore, we calibrated BIO_E based on observational data for the three forest types in 

SWAT (Table 2). Calibrated parameter values are in the range reported by previous studies. 

Specifically, calibrated BIO_E (24-27 kg biomass/ha/(MJ/m2)) for mixed forests is close to the 

upper end of the observed values (10.2-28.8 kg biomass/ha/(MJ/m2)) derived from across 

multiple tree species (Schwalm et al., 2006; Zhu et al., 2006). BIO_E for deciduous forests in the 

new SWAT parameterization varies from 26 to 30 kg biomass/ha/(MJ/m2), which corresponds 

well with field observations (17.1-35.8 kg biomass/ha/(MJ/m2), Gower et al., 1999) and the 

suggested parameter range of 20-35 kg biomass/ha/(MJ/m2) by Guo et al. (2015). Calibrated 

BIO_E (16-18 kg biomass/ha/(MJ/m2)) for evergreen forests falls well within the range of field 
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observations (5-24.2 kg biomass/ha/(MJ/m2)) of major U.S. temperate evergreen tree species 

(Gower et al., 1999).   

Temperature is another important factor controlling forest carbon assimilation. The 

default value of the optimum temperature (T_OPT) for all three forest types is set to 30º C. 

However, in other ecosystem models, such as the Century model (Parton et al., 1994), this 

parameter is set to 20-25º C for most plant species. Furthermore, field observations suggested 

that temperate forests reach optimal photosynthesis at around 25º C (Hikosaka et al., 2007). As a 

result, we decreased the optimum temperature to better stimulate plant growth (Table 2). Flux 

towers observe ecosystem respiration in winter. However, the default SWAT parameterization 

assumes that soil respiration drops to zero when air temperature is below the freezing point. 

Here, we allow soil litter and soil organic carbon decomposition to occur when air temperature is 

above -5ºC to improve simulations of litter and organic matter decomposition in cold seasons 

according to Mikan et al. (2002). Base temperature (T_Base) for plant growth varies over 

different plant species and site conditions, and thus needs to be calibrated to better simulate plant 

phenology and associated carbon and water fluxes (Farr and Harris, 1979).  

In addition, maximum leaf area index (BLAI) is set to 5 for all forest types in the default 

parameterization, which oversimplifies the structural difference among different forest types. We 

tuned this parameter according to the AmeriFlux biological data to better simulate forest foliage 

development and associated water and carbon fluxes. In SWAT, accumulation of plant biomass 

is regulated by both carbon input through photosynthesis and carbon output through litter fall. 

Therefore, parameters regulating litter fall may affect biomass estimates. The default value (0.3) 

of leaf to biomass fraction (BIO_LEAF) is significantly higher than AmeriFlux observations 
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(0.005-0.064). We further calibrated this parameter based on AmeriFlux biological data to better 

estimate litter falls in SWAT (Table 2). 

Nutrient supply is another important factor influencing forest carbon uptake. Soil P 

supply has significant controls regulating photosynthesis (Menge et al., 2012). In natural 

ecosystems, weathering of parent minerals is the primary pathway of new P inputs to 

ecosystems. However, this process in not accounted for in SWAT. Therefore, we added P input 

through weathering into SWAT to account for this missing nutrient flux in the model. At the 

Harvard Forest site, we simulated a leaching rate of 1.26 kg P/ha/year, which reduced soil 

inorganic P content by 47.5% over a long period (Fig. S1). Sensitivity tests show that P limits 

forest growth through the entire simulation period, and insufficient P supply may reduce NPP by 

more than 50% (Fig. 2B). The parent material weathering simulation algorithm is adopted from 

the Century4.5 model (Parton et al., 1994): 

𝑅𝑤 = 𝑃𝑝𝑎𝑟 × 𝑤𝑡𝑒𝑓𝑓 × 𝑡𝑒𝑓𝑓                                          (Equation 9) 

𝑤𝑡𝑒𝑓𝑓 = 𝑓𝑤𝑎𝑡𝑒𝑟 × 𝑓𝑡𝑒𝑚                                           (Equation 10) 

                        𝑓𝑤𝑎𝑡𝑒𝑟 =1                                  if rwater > 13                                  (Equation 11) 

𝑓𝑤𝑎𝑡𝑒𝑟 =
1

1+10×𝑒−6×𝑟𝑤𝑎𝑡𝑒𝑟
            if rwater > 13                                   (Equation 12) 

𝑟𝑤𝑎𝑡𝑒𝑟 =
𝛩−𝛩𝑤𝑖𝑙𝑡

𝛩𝑓𝑐−𝛩𝑤𝑖𝑙𝑡
                                                       (Equation 13) 

𝑓𝑡𝑒𝑚 = max (
11.75+(29.7/3.14)×𝑎tan (3.14×0.031×(𝑇−15.4)

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑟
, 0.01)                       (Equation 14) 

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑟 = 11.75 + (29.7/3.14) × 𝑎𝑡𝑎𝑛 (3.14 × 0.031 × (30 − 15.4)      (Equation 15) 

   𝑡𝑒𝑓𝑓 = 12 ×
𝑡𝑒𝑓1+(𝑡𝑒𝑓2/3.14)×𝑎𝑡𝑎𝑛 (3.14×𝑡𝑒𝑓3×(𝑝𝑓𝑖𝑛𝑒−0.7))

365
                       (Equation 16) 

𝑝𝑓𝑖𝑛𝑒 = 𝑐𝑙𝑎𝑦 + 𝑠𝑖𝑙𝑡                                                   (Equation 17) 
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where Rw is the weathering rate of parent phosphorus (g P/m2/day); Ppar is the parent P in soil 

column (21.5-84.3g P/m2), which is obtained from soil phosphorus synthesis data (Yang and Post, 

2011); wteff represent impacts of temperature and soil water content on weathering, and teff is the 

soil texture factor on weathering; T is soil temperature (ºC); 𝚹 is soil water content of the top 15cm 

soil layer (%); 𝚹wilt is soil water content at the wilting point (%); 𝚹fc is the soil field capacity (%); 

tef1, tef2, and tef3 are dimensionless parameters that denote soil texture impacts on weathering; 

pfine is the faction of fine particles in soil; clay is  the fraction of clay in soil; silt is the fraction of 

silt in soil. 

2.4. Model setup and performance evaluation 

For the site scale SWAT simulation, each site was treated as a hydrologic response unit (HRU). 

The latitude/longitude and elevation of selected sites was collected directly from the AmeriFlux 

website (ameriflux.lbl.gov). Climate data (precipitation, temperature, solar radiation, wind, and 

humidity) were obtained from the North American Land Data Assimilation System (NLDAS) 

dataset (Cosgrove et al., 2003). We used the Soil Survey Geographic Database (SSURGO) 

downloaded from the Geospatial Data Gateway (https://gdg.sc.egov.usda.gov/) to obtain soil 

properties including soil layer depth, soil texture, soil bulk density, soil organic carbon content, 

and soil erosion coefficient at each site. Model simulations were conducted from 1980 to 2009. 

Model performance evaluation was mainly focused on the 2000s, depending on availability and 

quality of water and carbon flux observations from the sites.  

We evaluated model performance at multiple temporal and spatial scales. We first 

examined model simulations of multiple-year average annual ET, NPP, NEE, and biomass at 

each site to identify the systematic discrepancies between model estimates and observations. 
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With improved parameterization and representation of phosphorus input, we further checked 

model simulations of monthly ET and NEE to examine the model’s capability in capturing 

seasonal variability of these two variables at each site. Finally, model performance in simulating 

NEE across all sites was tested by comparing annual NEE estimates at the ten sites against 

observations. Coefficient of determination (r2) and root mean squared error (RMSE) (Legates 

and McCabe, 1999) were employed to quantify the differences between model predictions and 

field observations. 

3. Results 

3.1. SWAT simulations with the default parameterization 

[Fig. 3] 

In the simulations with the default parameterization, SWAT generally simulated well annual ET 

at the ten AmeriFlux sites (Fig. 3A). SWAT also captured well the interannual and seasonal 

variability of ET at each site, with significant correlations found for all sites at the monthly scale 

(P <0.01, Fig.S2 in the supplement). SWAT simulated annual ET was higher than the 

observations by 10-30% at most sites. The best modeled ET occurred at the US-UMB site, where 

ET was overestimated by 13%, while the largest discrepancy occurred at the US-Ho1 site, where 

ET was overestimated by approximately 90%.  

The default SWAT substantially underestimated forest NPP across all sites (Fig. 3B). 

NPP estimates derived from the MODIS products range from 101 to 887 g C/m2/year, with the 

highest NPP of 887 g C/m2/year found at the US-Ha1site, and the lowest NPP of 101 g 

C/m2/year at US-MOz. SWAT simulated NPP demonstrated less spatial variability than the 

satellite data, with a much narrower range of 87-295 g C/m2/year. 
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Flux tower observations suggest that most of the selected sites are net carbon sinks, 

except for the US-PFa site (Fig. 3C). The ability of carbon sequestration varied substantially 

across the ten sites. The US-WBW site exhibited higher carbon uptake rates (-916 g C/m2/year) 

than other sites (> -460 g C/m2/year). Land-atmosphere carbon exchanges at US-Syv and US-

NR1 were close to an equilibrium state, with low NEE of -22.8 g C/m2/year and -24.9 g 

C/m2/year, respectively. The US-PFa site acted as net a carbon source and emitted 47.9g 

C/m2/year on average. The signs of the default SWAT simulated NEE agreed with the 

observations at five of the ten sites. For US-Syv, US-UMB, US-MOz, US-WBW, and US-NR1, 

SWAT estimated NEE was opposite to observed NEE in direction. Furthermore, the default 

simulation reasonably reconstructed seasonal variability of NEE at the monthly scale, although 

there were significant discrepancies in the NEE magnitude (see Fig. S3 in the supplementary 

material).  

Overall, the SWAT simulations with the default parameterization and processes failed to 

provide reasonable estimates of carbon storage in plant biomass at the selected sites (Fig. 3D). 

Forests store a huge amount of carbon in the living biomass, with average carbon densities 

ranging from 7490 to 13280 g C/m2 over the ten sites. Lowest biomass occurred at the US-WCr 

site, while highest biomass was found at the deciduous US-MMS site. The default SWAT model 

simulations of plant biomass ranged from 278 to 1028 g C/m2, which are much lower than 

observations. 

3.2. Model performance with the new parameterization and improved 

representation of phosphorus input 

[Fig. 4] 



 
 

15 
 

[Fig. 5] 

With the new parameterization and P cycling representation, the performance of SWAT in 

estimating ET was further refined (Fig. 4A). The overestimation of ET was pronouncedly 

reduced over all selected sites. As well, we obtained better simulation results explaining the 

temporal patterns of ET (Fig. 5). For example, r2 for monthly ET simulations is larger than 0.77 

for all sites, with the best ET simulation achieved at the US-PFa site (r2 = 0.923, RMSE=9.95).  

Annual NPP simulated with the improved SWAT matched much closer to the 

observations (Fig. 4B) than the default SWAT simulations. Newly estimated NPP increased by 

more than 208% on average compared with the default simulations, or by 240-740 g C/m2/year 

over the ten sites. New NPP simulations matched well observations at most sites, except for US-

WCr and US-MOz, where SWAT overestimated NPP by approximately 137% and 650%, 

respectively. For the other sites, differences between simulated and observed NPP were less than 

250 g C/m2/year.  

[Fig. 6] 

The SWAT NEE estimates have also been greatly improved in the new simulations (Fig. 

4C). Comparison of simulated monthly NEE with observations indicated that both seasonality 

and magnitude of NEE were well simulated (Fig. 6). In the new simulations, the number of sites 

with correctly simulated signs of NEE increased from 5 to 9, with the only exception at US-Syv. 

Note that US-Syv had a low NEE of -22.8 g C/m2/year, and SWAT simulated NEE at this site 

was also close to neutral (Fig. 4). For the monthly comparison, r2 ranged from 0.53 to 0.91 across 

the ten sites, with the best model performance achieved at the US-Ha1 site. 

Not surprisingly, the newly simulated plant biomass matched much better against 

observations (Fig. 4D) than the default simulations. Plant biomass increased to 7807 -12354 g 
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C/m2 from the average of 624g C/m2 in the default simulations. Differences between improved 

model simulations and observations were less than 30% across the selected sites. 

[Fig. 7] 

The significant correlation between simulated annual NEE and field observations across 

all the ten sites further demonstrates the improved model skills in modeling forest carbon cycling 

(Fig. 7). The new SWAT model explained up to 78.4% of the spatial variability in multi-year 

average NEE at the ten sites that represent a broad range of environment conditions (climate, 

soil, altitude, etc.) and multiple forest types. This indicates the robustness of SWAT in 

simulating forest carbon cycling, as well as the feasibility of employing the model to investigate 

how changing climatic and anthropogenic drivers may affect ecosystem structure and 

functioning. 

4. Discussion 

4.1. SWAT ET estimates in forest ecosystems 

 

As an important process of terrestrial water cycling, ET has been widely investigated. Water loss 

through ET not only influences soil water contents but also affects heat fluxes between land 

surface and the atmosphere. It was estimated that ca. 60% of the precipitation falling on the land 

surface is returned to the atmosphere through ET at the global scale (Oki and Kanae, 2006). In 

addition, ET returns up to 30% of the radiation energy received by land to the air (Trenberth et 

al., 2009). Reasonable estimation of ET is critical for robust understanding of a series of 

interconnected ecological and hydrological processes. The default SWAT simulations 

reconstructed well the seasonal patterns of ET over most sites, indicating the reliable capability 

of SWAT in modeling forest hydrology. Our improvements in LAI and plant growth parameters 

further improved ET simulations by SWAT and reduced the overestimation of ET. These results 
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consistently demonstrate the strength of SWAT in addressing coupled water cycling and plant 

growth processes in forest ecosystems. 

4.2. Improvement of SWAT simulations of forest carbon cycling  

SWAT has been widely tested for agricultural ecosystems (Zhang et al. 2013, 2015), with few 

studies examining its performance in modeling forest ecosystems. Default values of key 

parameters regulating carbon cycling and model representation of P supply in SWAT need to be 

improved to reliably depict biophysical and biogeochemical processes in unmanaged 

ecosystems, such as forests. 

Insufficient representation of the growth of perennial plants is one reason for the 

unsatisfactory model performance in simulating forest ecosystems with the default 

parameterization. Many of the SWAT parameters were developed and calibrated based on 

observations from annual crops. However, the differences in size, lifespan, and carbon cycling 

processes between trees and crops (Zan et al., 2001) have challenged the default 

parameterization of plant physiological process for applications of SWAT to forests. For 

example, sensitive parameters (BIO_E and BIO_LEAF) in the default SWAT are not well 

configured for forests. BIO_E in the original SWAT does not differentiate between deciduous 

and evergreen forests, and is lower than literature reported values (Hilker et al., 2012). For 

BIO_LEAF, the default value (0.3) was much higher than field observations at the AmeriFlux 

sites (0.015-0.06) and reported values (0.03) from a synthesis study of 70 temperate forest 

observations by Poorter et al., (2012). 

Insufficient representation of nutrient cycling is another reason responsible for the 

underestimated carbon assimilation and biomass accumulation in the default simulations. Unlike 
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croplands that receive large amounts of chemical fertilizer to balance the nutrient effluxes 

through harvesting and leaching (Howarth et al., 2002), forests have much tighter nutrient 

budgets. Phosphorus needed to support tree growth is mainly provided by natural recycling and 

internal redistribution (Attiwill and Adams, 1993). Although new nutrient inputs through parent 

material weathering only account for a small proportion of the total P storage in forests, this 

input is critical for forest ecosystems to balance the outputs through leaching to rivers and to 

maintain nutrient sustainability (Cole, 1995). Missing this input in default SWAT limits nutrient 

supply for plant growth and leads to the low NPP and biomass. This finding highlights the 

importance of constraining uncertainties in nutrient cycling in order to better simulate forest 

carbon fluxes. 

This is the first work that has diagnosed the parameterization and process representation 

of forested ecosystems in the SWAT model. The tests of the new schemes of modeling forests in 

SWAT span a wide range of climate and physiographic conditions, as well as include three major 

forest types in the U.S. The overall satisfying agreement between model simulations and 

observations with the improved parameterization demonstrates SWAT’s capability in 

reconstructing land-atmosphere carbon exchanges. For example, the average correlation 

coefficient (r, or the square root of coefficient of determination) of monthly NEE simulations 

over the ten forest sites is 0.85, which is comparable with the performance (0 < r < 0.95) of a 

group of widely-used forest ecosystem models examined in Schwalm et al. (2010). Carbon 

cycling is closely coupled with water and nutrients in ecosystems (Xia et al., 2015). The 

improved performance of SWAT in simulating forests, along with its existing strength in 

representing agricultural ecosystems, makes SWAT a powerful tool to understanding terrestrial 
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carbon dynamics, in addition  to water and nutrient cycling (Shen et al., 2013), at the watershed 

scale.  

4.3. Future directions for model improvement 

 

The above improvements in parametrization and P cycling representation are based on the 

existing forest module within SWAT. We also identify several aspects to further enhance the 

structure of SWAT as well as to better simulate terrestrial carbon cycling. These directions 

include refining the classification of forest types, detailing the definition of biomass carbon 

pools, and revising litter fall processes. 

Currently, the SWAT model characterizes three key forest types (deciduous, mixed, and 

evergreen forests) based on their phenological features. Field investigations suggest that 

aggregating different forest species into one phenology group may oversimplify processes 

relevant to carbon cycling (Sierra et al., 2009). Specifically, structural characteristics (such as 

broad and needle leaves) of different tree species within the same phenological group (e.g. 

evergreen forest) are important in affecting water and carbon exchanges between vegetation’s 

canopy and the atmosphere (Abrams and Kubiske, 1990). Moreover, this current 

parameterization is reasonable for temperate forest, but may not be applicable to tree species 

with distinct features in other climate regions, such as tropical and boreal areas. A more explicit 

categorization of forest types based on the plant functional types, as adopted in many ecosystem 

models (Oleson et al., 2013), needs to be developed to allow SWAT users having more 

flexibility in applying the model to broad-spatial-scale investigations. We also note that further 

adoption of mechanisms describing plant competition for light, water, and nutrient following 

mechanisms such as the ALMANAC model may further improve simulation of carbon 

partitioning among different tree species (Johnson et al., 2009). 
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The current version of SWAT only uses three plant biomass carbon pools (i.e. leaf, root, 

and a pool including all the remaining plant biomass) to represent carbon storage in forests, and 

does not explicitly consider the structural differences of tissues (such as leaf, branches, large 

wood, fine root, and coarse root) in woody plants (Oleson et al., 2013; Parton et al., 1994). This 

simplified representation of vegetation carbon stocks in SWAT misses explicit representation of 

carbon allocation and storage in different plant tissues, therefore introduced uncertainties in the 

simulations of litter production and subsequent decomposition (Potter and Klooster, 1997). 

Differences in bioactivity result in faster turnover of active plant tissues (such as leaf and fine 

root) than recalcitrant tissues (such as large wood and coarse root) (Xia et al., 2012). These 

processes are not represented by the current version of SWAT mainly due to the simplification of 

plant biomass carbon pools. Although the current version of SWAT with the improved 

parameters provides reasonable estimates of the major carbon fluxes and storage in tree biomass, 

incorporation of a more explicit description of different biomass carbon pools and associated 

processes into SWAT is expected to further reduce uncertainties in forest simulations. 

The timing of litter fall in SWAT deserves further improvement. Litter fall occurs when 

day length reaches the dormancy threshold in the model. When dormancy starts, a fraction of 

aboveground biomass falls onto the ground as litter on that day. This process is inconsistent with 

the fact that leaf fall may last for a couple of weeks (Niinemets and Tamm, 2005). The 

inadequacy of SWAT in simulating the litter fall process is likely to be a cause for the mismatch 

between modeled and observed NEE in cold seasons (Fig. 6). In addition, integrating this work 

with previous efforts related to plant growth modifications (e.g. the new leaf area index evolution 

algorithm by Strauch et al. (2013)) holds the promise to further enhance SWAT for watershed 

scale representation of water and carbon cycling processes in forest ecosystems.  
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5. Conclusion 

SWAT is a watershed scale model which has been widely used to investigate effects of natural 

and anthropogenic disturbances on water and nutrient cycling. However, the model performance 

in forest ecosystems has not been extensively tested. Considering the important role of forests in 

regional carbon, water, and nutrient cycling and the complex interactions of these elements at the 

watershed scale, it is critical to evaluate SWAT’s capability in simulating forest water and 

carbon fluxes.  

Here we examined SWAT simulations over ten forest sites in the U.S. The default 

parameterization in SWAT resulted in reasonable ET simulations, but led to large errors in NPP, 

NEE, and plant biomass estimates as compared with observations. By deriving new parameter 

values from literature review, field observations, and site-specific calibration, and adding 

phosphorus supply from parental material weathering, the model performance in simulating 

NPP, NEE, and plant biomass was significantly improved. SWAT’s performance for simulating 

monthly NEE is comparable to a group of forest ecosystem models examined in a model 

intercomparison effort that also used AmeriFlux carbon flux data in the U.S. The Improvement 

of the unrealistic default parameter values helps build the foundation for future application of 

SWAT for simulating forest ecosystems. 

This effort is the first study examining SWAT for simulating carbon fluxes in forest 

ecosystems against flux tower observations. Our analyses provide complimentary information to 

the existing knowledge about SWAT’s strengths and weaknesses in modeling ecosystem 

dynamics. The new parameterization and phosphorus cycling representation developed in this 

study lay the foundation toward integrated investigations of the coupled carbon, nutrient, and 

water cycling using SWAT. We also discussed several future research directions that hold the 
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potential to further improve the structure of SWAT to mechanistically represent carbon cycling 

in forest ecosystems.
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Table1 The ten AmeriFlux sites selected for SWAT model performance evaluation 

 

 

Site Abbreviation State Latitude Longitude Elevation(m) Vegetation type (IGBP 

Classification) 

Reference 

Harvard Forest US-Ha1 MA 42.5377 -72.1714 340 Deciduous Broad-leaf Forest Urbanski et al. (2007) 

Howland Forest 

Main 

US-Ho1 ME 45.2041 -68.7402 60 Evergreen Needle-leaf Forest Richardson et al. 

(2009) 

Missouri Ozark US-MOz MO 38.7441 -92.2000 219 Deciduous Broad-leaf Forest Gu et al. (2006, 2012, 

2015) 

Morgan Monroe 

State Forest 

US-MMS IN 39.3231 -86.4131 275 Deciduous Broad-leaf Forest Schmid et al. (2000) 

Sylvania 

Wilderness 

US-Syv MI 46.2420 -89.3477 540 Mixed Forest Desai et al. (2005) 

UMBS US-UMB MI 45.5598 -84.7138 234 Deciduous Broad-leaf Forest Gough et al. (2013) 

Walker Branch US-WBW TN 35.9588 -84.2874 343 Deciduous Broad-leaf Forest Wilson and 

Baldocchi (2000) 

Willow Creek US-WCr WI 45.8059 -90.0799 515 Deciduous Broad-leaf Forest Cook et al. (2004) 

Park Falls US-PFa WI 45.9459 -90.2723 470 Mixed Forest Davis et al. (2003) 

Niwot Ridge US-NR1 CO 40.0329 -105.5464 3050 Evergreen Needle-leaf Forest Monson and 

Turnipseed, (2002) 
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Table 2 Key parameters of SWAT carbon cycling simulation and corresponding values in the default and improved simulations 

Parameter
  

Name Unit Default 

values 

Calibrated 

values 

FRST FRSD FRSE  FRST FRSD FRSE 

BIO_E Radiation use 

efficiency 
kg biomass 

/ha/(MJ/m2) 

15 15 15 24-27 

(25.5)* 

26-30 

(28.2) * 

16-18 

(17) * 

BLAI Maximum  

Leaf area index 

unitless 5 5 5 4-5 

(4.5)* 

4-5 

(4.6)* 

3-4 

(3.5)* 

T_OPT Optimum 

temperature 
Degree (ºC) 30 30 30 25 

(25)* 

23-25 

(24)* 

20-25 

(22.5) * 

T_BASE Base temperature Degree (ºC) 10 10 0 10 

(10) * 

10 

(10)* 

0 – 5 

(2.5) * 

BIO_LEAF Leaf to biomass 

fraction 

unitless 0.3 0.3 0.3 0.02-0.05 

(0.035)* 

0.02-0.06 

(0.033) * 

0.015-0.025 

(0.02)* 

Note: FRST: mixed forest; FRSD: deciduous forest; FRSE: evergreen forest; * indicates average values. 
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Figures 

 

Fig. 1. Locations of ten AmeriFlux sites selected for model performance evaluation (US-Ha: 

Harvard Forest; US-Ho1: Howland Forest Main; US-MMS: Morgan Monroe State Forest; US-

Syv: Sylvania Wilderness; US-UMB: UMBS; US-WCr: Willow Creek forest; US-MOz: 

Missouri Ozark: US-WBW: Walker Branch; US-NR1: Niwot Ridge; US-PFa: Park Falls) 
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Fig. 2. Model simulation experiments with the default parameterization at the Harvard Forest site 

to show the impacts of radiation use efficiency (Bio_e) and phosphorus (P) supply on NPP 

estimates (simulated NPP at two radiation use efficiency levels (A) without any environmental 

limits; (B) with limit from phosphorus).

A B 
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Fig. 3. Comparison of default SWAT simulation of (A) ET, (B) NPP, (C) NEE, (D) biomass with 

observations over ten AmeriFlux sites (US-Ha: Harvard Forest; US-Ho1: Howland Forest Main; 

US-MMS: Morgan Monroe State Forest; US-Syv: Sylvania Wilderness; US-UMB: UMBS; US-

WCr: Willow Creek forest; US-MOz: Missouri Ozark: US-WBW: Walker Branch; US-NR1: 

Niwot Ridge; US-PFa: Park Falls) 
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Fig. 4. Comparison of SWAT simulation of (A) ET, (B) NPP, (C) NEE, (D) biomass with 

observations over ten AmeriFlux sites using the improved parameterization (US-Ha: Harvard 

Forest; US-Ho1: Howland Forest Main; US-MMS: Morgan Monroe State Forest; US-Syv: 

Sylvania Wilderness; US-UMB: UMBS; US-WCr: Willow Creek forest; US-MOz: Missouri 

Ozark: US-WBW: Walker Branch)
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Fig.  5. Comparison of simulated ET with observation after improving nutrient inputs and parameterization (A: Harvard Forest; B: 

Howland Forest Main; C: Missouri Ozark; D: Morgan Monroe State Forest; E: Sylvania Wilderness Forest; F: UMBS; G: Walker 

Branch; H: Willow Creek Forest; I: Niwot Ridge; J: Park Falls) 
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Fig.  6. Comparison of simulated NEE with observation after improving nutrient inputs and parameterization (A: Harvard Forest; B: 

Howland Forest Main; C: Missouri Ozark; D: Morgan Monroe State Forest; E: Sylvania Wilderness Forest; F: UMBS; G: Walker 

Branch; H: Willow Creek Forest; I: Niwot Ridge; J: Park Falls) 
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Fig. 7. Scatter plot of simulated and observed annual NEE across ten AmeriFlux sites (unit of RMSE is g C/m2/year) 


